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Abstract

The coronavirus appeared in late 2019, which is represented by a large family of viruses

that affect the respiratory system, where its symptoms vary from one infection to another:

difficulty breathing,fever and exhaustion, the majority of patients suffer from dry cough.

These viruses are easily transmitted from one person to another unlike other viruses, which

led to paralysis of the world inits various sectors.

With the advancement of the world and the development of technology in recent years, the

field ofautomated media and artificial intelligence has witnessed great progress, as it has

contributed to solving many problems in various fields, the most important of which are

health and generalmedicine. Etc., with the advent of this deadly epidemic, we have been

using deep and machinelearning to reduce and prevent the spread of coronavirus.

That is why we did this research, which classifies cough using deep learning into a

positive cough or a negative cough for coronavirus through a cough recorded on a

smartphone. This study helps us reduce the spread of this deadly epidemic. After several

tests and attempts to use models ANN, we reached a result of 97 %
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résumé

Le coronavirus est apparu fin 2019, qui est représenté par une grande famille de virus qui

infectent le système respiratoire, où ses symptômes varient d’une infection à l’autre : difficulté

à respirer, fièvre et épuisement, la majorité des patients souffrent de toux sèche, et ces virus

se transmettent facilement d’une personne à une autre contrairement à d’autres virus, ce qui

a conduit à la paralysie du monde dans ses différents secteurs.

Avec l’avancement du monde et le développement de la technologie ces dernières années,

le domaine des médias automatisés et de l’intelligence artificielle a connu de grands progrès,

car il a contribué à résoudre de nombreux problèmes dans divers domaines, dont les plus

importants sont la santé et la médecine générale ... Etc., avec l’avènement de cette épidémie

mortelle, nous avons utilisé l’apprentissage profond et automatique pour réduire et prévenir

la propagation du coronavirus.

C’est pourquoi nous avons fait cette recherche qui classe la toux à l’aide de

l’apprentissage profond en toux positive ou en toux négative du coronavirus par le biais

d’une toux enregistrée sur un smartphone, car cette étude nous aide à réduire la
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propagation de cette épidémie

Après plusieurs tests et tentatives d’utilisation de modèles ANN, nous avons atteint un

résultat de 97 %.

Mots clés: Caractéristiques d’extraction Covid-19 l’apprentissage en profondeur
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General Introduction

The SARS-CoV-2 virus causes Coronavirus Illness (COVID-19), an infectious disease. Most

people infected with the virus experience mild to moderate respiratory symptoms, which go

away without the need for any specific treatment. Some people who become infected, on

the other hand, experience severe symptoms and require medical intervention. Those who

have underlying disorders such cardiovascular disease, diabetes, chronic respiratory disease,

cancer, and other illnesses are more prone to develop severe symptoms of the disease.

COVID-19, on the other hand, can cause serious sickness and death in people of any age.

The majority of countries have prepared their healthcare systems to deal with the

pandemic following the swift global trigger. International and national planning initiatives

have encountered social, institutional, and educational, political, environmental, industrial,

and technical obstacles while receiving a lot of attention . A huge disparity in research

articles and drugs has prompted a recent initiative to find an adequate diagnosis and

develop a new strategy to slow the virus’s spread.
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In our current era, technology and artificial intelligence have invaded all areas of life, from

health, education, commerce, etc., so we suggested, through this research, the employment of

machine learning in detecting infection from the Corona virus using the sound of coughing,

in order to limit the spread of this virus. It also reduces the material costs, especially with

the weak material income and the global financial crisis.
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Chapter 1

Cought detction and classifiction:an

overview

1.1 Introduction:

This Chapter will commence with an overview on initiatives collected data needed for this

study and the related work of previous research papers working in this topic, then we will

introduce the various models proposed by scholars for cough analysis using different datasets,

this study will provide several motivations from exposing background . We will carry out this

chapter by revealing main machine learning classification pipeline used for cough detection.

Finally, we will determine score metrics for assessing these models.
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1.2 Overview of Cough Detection:

coronavirus Disease of 2019 (COVID-19), a novel pathogen of the severe acuter espiratory

syndrome coronavirus 2 (SARS-Cov-2), first appeared in late November 2019 and has since

spread around the world, causing a global epidemic problem. [1]

coronavirus Disease, a novel pathogen of the severe acute respiratory syndrome coronavirus

from the SARS-Cov-2 pathogen that was discovered in 2019. Since its inception in the late

1990s, it has become a global epidemic problem Since November 2019, it has spread

worldwide. [1]

Since the pandemic began in 2019, there have been nearly 150 million confirmed cases and

over 3 million deaths, according to the World Health Organization39;s (WHO) April 2021

report [2]. Furthermore, the United States of America (US) has the highest number of

With over 32.5 million and 500,000 cases and deaths, respectively.

According to a report published by the World Health Organization (WHO) [2] in April

2021, the pandemic has claimed the lives of approximately 150 million people and caused

over 3 million deaths. In the United States (US), there have been over 32.5 million and

500,000 deaths, respectively the highest total number.

These huge numbers have put a strain on many healthcare services, especially given the

virus’s ability to develop more genomic variants and spread more quickly among people.

Because of the virus’s ability to develop more genetic variations and spread faster among

people, a large number of patients has put a strain on many healthcare services.
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After an explosion of cases due to a new variant of COVID-19, India, which is one of the

world’s largest vaccine suppliers, is now severely affected by the pandemic. It now has over

17.5 million confirmed cases, placing it second only to the United States worst-affected

countries [2] [3]

India, one of the world’s largest vaccine suppliers, is now seriously affected by the

pandemic, following an explosion of cases caused by a new variant of COVID-19. It now

has over 17.5 million confirmed cases, making it the second most affected country After the

United States, the ”worst-affected country” in the world [2] [3].

COVID-19 patients can be asymptomatic or develop pneumonia, which can lead to death

in severe cases. In most cases, the virus is incubating for 1 to 14 days before symptoms of

infection appear [4]. Patients who have COVID-19 Cough, shortness of breath, fever, and

other common signs and symptoms have been observed ARDS [5] [6], fatigue, and other

acute respiratory distress syndromes.

Most infected people experience mild to moderate viral symptoms, but they eventually

recover. Patients with severe symptoms such as severe pneumonia, on the other hand, are

typically persons over 60 years old who have diabetes, cardiovascular disease (CVD),

hypertension, or cancer [4] [5]. COVID-19 is most often diagnosed early, which helps to

prevent it from spreading and progressing to severe infection stages. This is normally

accomplished by following early patient isolation and contact tracing procedures.

Furthermore, prompt medicine and effective treatment lessens symptoms and lowers the
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pandemic’s fatality rate [7]

The reverse-transcription polymerase chain reaction (RT-PCR) test is the current gold

standard for diagnosing COVID-19 [8] [9]. It is the most widely used method for

successfully confirming the presence of this viral infection around the world. Furthermore,

ribonucleic acid (RNA) analysis in virus-infected patients provides additional information

about the infection, but it takes longer to diagnose and is not as accurate as other

diagnostic techniques [10]. Another excellent diagnostic method (sensitivity 90%) that

often offers extra information regarding the severity and evolution of COVID-19 in the

lungs is the integration of computed tomography (CT) screening (X-ray

radiations) [11] [12]. CT imaging is not advised for individuals who are asymptomatic or

have minimal symptoms in the early stages of an illness. Due to abnormalities in

pulmonary tissues and their accompanying activities, it gives important information about

the lungs in patients with mild to severe stages [13]

Several research have recently used newly developed artificial intelligence (AI) methods to

identify and categorize COVID-19 in CT and X-ray images [14]. In various research (using

CT scans as inputs), machine and deep learning algorithms were used to achieve a

discriminating accuracy of over 95% between healthy and diseased

subjects [15] [16] [17] [18] [19] [20]. The ability of trained models such as support vector

machines (SVM) and convolutional neural networks (CNN) to detect COVID-19 in CT

images with minimal pre-processing steps is the primary contribution of these
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investigations. Furthermore, some research have used deep learning with additional feature

fusion approaches and entropy-controlled optimization [21], rank-based average

pooling [22], and entropy-controlled optimization . To identify COVID-19 in CT scans,

researchers used the pseudo-Zernike moment (PZM) [23] and the internet-of-things

(IoT) [24]. Furthermore, substantial research employing X-ray imaging and machine

learning for COVID-19 evaluation has been conducted [25] [26] [27]. The majority of

current state-of-the-art techniques use two-dimensional (2D) X-ray pictures of the lungs to

train neural networks on extracting characteristics and thereby detecting virally infected

patients.

Despite the high levels of accuracy reached in the majority of investigations, CT and X-ray

imaging involve ionizing radiations, making them unsuitable for routine testing.

Furthermore, due to their high prices and increased maintenance needs, these imaging

modalities may not be available in all public healthcare systems, particularly in countries

hit hard by the epidemic. Recently, researchers have used an ultrasound-based imaging

technique to screen lungs for COVID-19 [28] and have reached excellent levels of

performance (accuracy ¿89 percent ). When it comes to merging these methodologies with

machine learning, researchers’ ultimate objective is to identify potential alternatives that

are simple, fast, and cost-effective combining these methods with machine learning.

Coughing and breathing noises, which are biological respiratory cues with a direct

relationship to the lungs, might be another potential approach to detect the presence of a
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viral infection [29]. Respiratory auscultation is a non-invasive and safe method of

diagnosing the respiratory system and its related organs. Clinicians often use an electronic

stethoscope to hear and record the sound of air flowing within and outside the lungs when

breathing or coughing. This allowed for the detection and identification of any pulmonary

abnormalities [30] [31] [32]. Lung sounds might provide important information about the

viral infection due to the ease with which they can be recorded, and hence could provide an

early warning to the patient before proceeding with more comprehensive pharmaceutical

procedures. Furthermore, due to its capacity to generalize across a large collection of data

with reduced computing cost, integrating basic respiratory signals with AI algorithms

might be a key to improving the sensitivity of detection for positive instances [33]

1.3 Background and Motivation:

Many research have looked at the information conveyed by respiratory sounds in

COVID-19-positive individuals [34] [35] [36]. Furthermore, vocal patterns recovered from

COVID-19 patients’ speech recordings have been discovered to have indicators for the

presence of viral infection [37]. Furthermore, a telemedicine technique was investigated to

examine indications of COVID-19 infection-related alterations in respiratory sounds [38].

Recently, AI was used in two studies: one to distinguish COVID-19 in cough signals [39]

and another to use voice recordings to assess the severity of patients’ sickness, sleep quality,

weariness, and worry [40]. Despite the excellent levels of performance attained in the
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aforementioned AI-based studies, more research into the capacity of respiratory sounds to

carry important COVID-19 information is still needed, especially when incorporated inside

the framework of advanced AI-based algorithms. Furthermore, given the surge in confirmed

positive COVID-19 cases around the world, it is critical to ensure that a system capable of

recognizing the disease in signals recorded using portable devices such as computers or

smartphones, rather than traditional clinic-based electronic stethoscopes, is available.

Lungs, larynx, and articulators make up the majority of the human voice generating

system. The lungs are thought to be the power source for the voice generating mechanism.

Respiratory disorders impair the lungs’ ability to function correctly, affecting the human

voice generation mechanism. Obstructive and restrictive respiratory disorders are the two

basic types of respiratory diseases [41]. Obstructive lung disorders restrict the pulmonary

airways, limiting a patient’s capacity to completely remove air from the lungs. As a result,

a substantial volume of air stays in the lungs at all times. People with restrictive lung

disorders, on the other hand, are unable to fully expand their lungs in order to fill them

with air. As a result, the lungs are unable to fully expand with air. As a result, the lungs

do not fully inflate. Some people have both obstructive and restrictive respiratory illnesses.

Cough is a frequent sign of lung illnesses such as obstructive, restrictive, and mixed. As a

result, cough sounds are thought to be helpful in diagnosing lung disorders caused by

respiratory problems [42]. COVID-19 is also classified as a respiratory infection. COVID-19

may cause the lungs to fill with fluid and become irritated, similar to other respiratory
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disorders. As a result, individuals may experience respiratory difficulties and require

immediate medical treatment. COVID-19, if left untreated, can escalate to acute

respiratory distress syndrome (ARDS), a kind of lung failure [43]. Coughing is a frequent

sign of any respiratory disease, including COVID-19, however current research suggests

that the COVID-19 cough is dry, persistent, and hoarse in the early stages of coronavirus

infection. As a result, COVID-19 patients’ cough sound samples differ from those of

patients with other respiratory illnesses. As demonstrated in Fig. 1, human cough samples

have three phases: explosive phase, intermediate phase, and vocal phase. The glottal

airflow variation in the vocal cord is represented by these phases, which vary depending on

the pathological circumstances of the patients. To study the differences between the cough

sound samples of a COVID-negative (i.e., healthy/control) individual and a

COVID-positive patient, two segmented cough sound samples are randomly picked from

the Virufy database [44]. Figure 2 shows cough sound samples from a healthy person and a

COVID-positive patient. This illustration shows how the healthy sample resembles the

usual human cough sound signal seen in Figure 1. However, the COVID-19 patient’s cough

sound sample differs greatly from a typical human cough sound sample. The intermediate

and vocal phases, for example, are longer in the COVID-positive patient than in the

healthy person. Furthermore, the COVID-positive patient’s signal amplitude during the

voiced phase is greater than the healthy subject’s. As seen in Fig. 2, the amplitudes of the

explosive phase change between these two cough sound samples. Because of the variations
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indicated above, the cough sound can be utilized to distinguish the COVID-positive patient

from the healthy person. Figure 3 shows the power spectral densities (PSDs) of these two

samples. The healthy cough sound has major frequencies of progressively decreasing

magnitudes, as seen in the diagram. The COVID-positive cough sound samples, on the

other hand, do not have highly identifiable frequencies.

Figure 1.1: A typical cough sound signal
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Figure 1.2: Comparison of the cough sounds for a healthy subject and a COVID-19patient
collected from the Virufy database

Motivated by the foregoing, this work proposes a full deep learning technique for

detecting COVID-19 utilizing just breathing noises captured through a smartphone

device’s microphone (Fig 1). The recommended method is a quick, no-hassle

solution.COVID-19 pre-screening technology that is low-cost and readily deployed,

especially for developing nations Due to the pandemic’s widespread spread, the city is in

total lockdown. Despite the present gold price,The standard, RT-PCR, has a high success

rate in identifying viral infection and has a variety of applications.The high costs of

equipment and chemical agents are among the restrictions.Expert nurses and physicians

are required for diagnosis, social separation is violated, and the length of time it takes to
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get findings from testing (2-3 days). As a result, the construction of a deep learning model

overcomes the majority of these restrictions, allowing for improved resurrection in the

healthcare and economic sectors in a number of nations.

1.4 Related work:

Cough classification systems try to match cough sounds to illnesses, whereas cough detection

systems try to match audio signals to cough or non-cough occurrences. Cough detection

systems, like cough classification systems, rely on the analysis of cough audio signals, which

is also the backbone of cough detection systems. As a result, a review of cough detection

systems was on the horizon. Cough detection systems that have been studied in the literature

may be divided into two kinds.

1.4.1 Type of detection :

Cough detection is a hot topic of research, with various academics proposing methods for

detecting cough noises in audio recordings. These techniques may be classified into three

groups:

1)identification and segmentation of coughs automatically (without

classification):

Martinek et al. [45] collected numerous temporal, frequency, and entropy variables and
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utilized a decision tree to distinguish between voluntary cough noises and speech for

automated cough segmentation. They used data from 20 people, each of whom coughed 46

times, and reported median sensitivity and specificity values of 100% and 95%,

respectively. However, because the participants must cough at the start of each recording

to get distinct cough signal patterns, their approach is subject–dependent. Barry et al. [46]

created the Hull Automatic Cough Counter by combining linear predictive coding (LPC)

coefficients with a probabilistic neural network (PNN) classifier (HACC) However, because

the participants must cough at the start of each recording to get distinct cough signal

patterns, their approach is subject–dependent. Barry et al. [46] created the Hull Automatic

Cough Counter by combining linear predictive coding (LPC) coefficients with a

probabilistic neural network (PNN) classifier (HACC). With a sensitivity of 80% and

specificity of 96%, this reliably differentiated between cough and non–cough episodes in 33

patients. Tracey et al. [47] created a cough detection system to track patient recovery from

TB. They retrieved MFCCs from 10 test individuals’ audio signals. With a mix of artificial

neural network (ANN) and support vector machine (SVM) classifiers, they were able to

detect coughs with an overall sensitivity of 81 percent. The total number of coughs in the

dataset was not given in any of these techniques. For cough identification, Swarnkar et

al. [48] combined MFCC data with additional spectral parameters such as formant

frequencies, kurtosis, and Bscore. For a test dataset of 342 coughs from three people only,

they were put into a neural network, which had a sensitivity of 93 percent and a specificity



1. Cought detction and classifiction:an overview 15

of 94 percent. Utilizing approximately 1400 cough sounds from 14 participants, Amrulloh

et al. [49] developed a cough detector for pediatric wards using ANN classification and a

non–contact recording technique, reaching sensitivity and specificity values of 93 percent

and 98 percent, respectively. Matos et al. [50] identified thirteen MFCCs and used a

Hidden Markov Model to classify them (HMM). Their test dataset included 2155 coughs

from 9 participants, and their approach had a sensitivity of 82 percent for cough detection.

The overall number of false detections was not given, however the average number of false

positives per hour was 7, with a wide range of patients. Liu et al. [51] employed

Gammatone Cepstral Coefficient (GMCC) characteristics in conjunction with SVM

classification to classify 903 coughs from four participants, with sensitivity and specificity

of 91% and 95%, respectively. Lucio et al. [52] employed k-Nearest Neighbor (kNN)

classification to obtain 79 MFCC and Fast Fourier Transform (FFT) coefficients. Their

program classified 411 cough sounds with 87 percent sensitivity and 84 percent specificity

using a sample collected from 50 people. Larson et al. [53] reported a cough detection

approach that collected data utilizing the built-in microphone of a mobile phone. Random

forest classification with a maximum of 500 decision trees was utilized in their method,

which achieved 92 percent sensitivity on over 2500 cough sounds from 17 individuals. All of

these approaches try to extract cough segments from audio recordings without being able

to categorize them into distinct cough kinds.
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2) Coughs that have already been identified are automatically classified:

Cough sound classification aids in determining the underlying cause of coughs so that patients

can receive the appropriate therapy. Several methods for automatic cough classification have

been described to detect distinct cough kinds, however they all need manual segmentation

of cough sounds prior to automatic classification. Chatrzarrin et al. [54] investigated the

different stages of dry and wet coughs and discovered that the second phase of dry coughs

contains less energy than the first phase. They also discovered that most of the signal

strength is concentrated between 0-750 Hz for wet coughs and 1500-2250 Hz for dry coughs

during this period. They recognized 14 wet and dry coughs with 100 percent accuracy using a

simple thresholding procedure. Swarnkar et al. [55] employed a classifier based on the Logistic

Regression Model (LRM) to distinguish between dry and wet coughs in pediatric patients

with various respiratory diseases. B–score, nongaussianity, formant frequencies, kurtosis,

zero crossing rate, and MFCCs were among the characteristics they utilized. They obtained

sensitivities of 84 percent and 76 percent for detecting wet and dry coughs, respectively, for

a test database of 117 coughs from 18 participants. By analyzing cough sounds and crackles,

Kosasih et al. [56] established an algorithm for automated detection of juvenile pneumonia.

To distinguish between pneumonia and nonpneumonia cough sounds, they employed MFCCs,

nongaussianity index, and wavelet characteristics with an LRM classifier. For a total of 375

cough samples from 25 individuals, their approach had sensitivity and specificity of 81% and

50%, respectively. Parker et al. [57] investigated the performance of three different classifiers
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for the categorization of pertuss coughs. They created a dataset of 16 non-pertussis cough

signals and 31 pertussis cough signals using audio recordings of pertussis cough noises found

on the internet. The cough noises were manually separated and split into three portions

from this data, with 13 MFCC characteristics and the energy level extracted. Following

that, an ANN, a random forest classifier, and a kNN classifier were used to classify the

characteristics. The false positive error for each of these classifiers was 7%, 12%, and 25%,

respectively, whereas the false negative error was 8%, 0%, and 0%.

3) a disease diagnosis based on the sound and kind of cough:

While there exist algorithms for cough recognition and particular cough classification, none

of them do entirely automated cough detection and classification, according to the review

above. Furthermore, just one algorithm for pertussis cough classification has been

disclosed, and it depends on manual segmentation of cough sounds before categorization.

Furthermore, most high-performing cough detectors employ complicated classifiers,

rendering them inappropriate for usage on devices with limited resources. Recently,

researchers have proposed that cough sounds be used to detect COVID-19 early. Cough is

a sign of 30 different diseases [58] [59], thus there are still some obstacles to overcome. As a

result, distinguishing the cough sound of COVID-19 patients from that of other patients is

quite difficult. The authors looked at three illnesses in [58]: bronchitis, pertussis, and

COVID-19. A total of 247 normal cough samples and 296 pathological cough samples were
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examined. The authors implemented a binary classifier and a multiclass classifier using a

variety of models. The binary classifier distinguishes between pathological and normal

cough sounds, whereas the multiclass classifier classifies the diseases into one of three

kinds. The authors of a similar study [60] looked at bronchitis, bronchiolitis, and pertussis.

To distinguish against these disorders, they employed a CNN.

1.4.2 Used Methods for detection:

is important to understand the characteristics of the cough sound before making any attempt

to detect it. The cough sequence begins with mechanical or chemical stimuli and ends

when unwanted substances are removed from the airways [61]. The acoustic features of the

cough sound depend on the airflow velocity as well as the dimensions of the vocal tract

and airways [61]. This makes it possible to detect or classify the cough sound based on the

acoustic features because these features depend on the cause of the cough.

In order to detect cough from sound signals, special methods have been used by experts and

researchers in this field, which are divided into:
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1.4.3 Models based Deep Learning:

Authors
Cough data

collection

Feature

extraction
Models used Total samples

J Liu et al. 1

Collar fitted

mic

MFCC

Neural network

pretrained using

Deep belief networks

3873

J Amoh et al. 21 Wearable acoustic sensor

Spectrogram obtained

from Short

Time Fourier

Transform (STFT)

Two layered CNN

model

627

M Soliński et al. 19
NHANES database

of spirometry curves

Feature extraction

from signal processing

Two layered ANN

model

10874

R Xaviero et al. 34 Multiple repositories 5

Feature extraction

from STFT

Logistic regression

model

1980

A Windmon et al. 22 Smart phone mic

13 features extracted

using STFT, MFCC

Random Forest

model

165
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J Amoh et al. 6 Wearable acoustic sensor

Cough audio (RNN),

Spectr-temporal

image of cough

audio using STFT

RNN and 2dCNN

model

627

L Perna et al. 41 Microphone 12 MFCC

SVM, KNN, XGBOOST

model

31754

H Hee et al. 23 Microphone CQCC and MFCC

GMM-UBM

model

2332

P Kadambi et al. 25 Microphone 13 MFCC

ANN

model

5670

E Larson et al. 31 Smart phone mic FFT, PCA

RF

model

*

J Alvarez et al. 42 Smart phone mic Spectral features

SVM

model

*

K Nguyen et al. 15
Smart phone mic,

accelerometer

MFCC, Chroma

feature analysis,

zero crossing rate

SVM, ANN, RF 800
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R Sharan et al. 7 Smart phone mic MFCC SVM 3262

S Matos et al. 43,44 Microphone

MFCC, linear

predictive coding,

filter banks output

HMM 4268

Table 1.1: Summary of State of the Art techniques in literature

1.4.4 Datasets:

1)Coswara:

In the Coswara dataset, there were 1171 subjects with ”deep cough” records available, of

which 92 were positive for COVID-19 and 1079 were healthy. This corresponds to a total of

1.05 hours of cough recordings (after preprocessing) used for the experiment.

2)Sarcos:

The Sarcos dataset contains data from a total of 44 subjects, 18 of whom are COVID-19

positive and 26 who are not. This amounts to a total of 2.45 min of cough audio recordings

(after pre-processing) that has been used for experimentation. COVID-19 positive coughs

are 15%–20% shorter than non-COVID coughs. [62]
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Dataset Label Subjects Total audio
Average per

subject

Standard

deviation

Coswara

COVID-19

Positive

Healthy

Total

92

1079

1171

4.24 min

0.98 h

1.05 h

2.77 s

3.26 s

3.22 s

1.62 s

1.66 s

1.67 s

Sarcos

COVID-19

Positive

COVID-19

Negative

Total

18

26

44

0.87 min

1.57 min

2.45 min

2.91 s

3.63 s

3.34 s

2.23s

2.75s

2.53s

ComParE

COVID-19

Positive

Healthy

Total

119

398

517

13.43 mins

40.89 mins

54.32 mins

6.77s

6.16 s

6.31s

2.11sec

2.26sec

2.24sec

Table 1.2: Taypes of Dataset

1.5 Metric for Assessment :

As shown in the table, this matrix is called the confusion matrix and is used to evaluate the
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performance of a classification model where true or false values have been applied to a set of

test data (Sokolova and Lapalme 2009). The four basic parameters are true positive (TP),

true negative (TN), false positive (FP) and false negative (FN). TP consists of multiple

anomalies and has been identified as the correct scenario. TN is the regular number of

instances of error measurements. FP is a collection of regular instances classified as Anomaly

Scenario FP. FN is a list of anomalies observed as common scenarios. begintable[H]

Predicated negative Predicate positive

Actual negative TP FN

Actual positive FP TN

Table 1.3: confusion matrix.

After calculating the parameters in the confusion matrix, the evaluation metrics can be

calculated such as accuracy, precision, recall, and F1-Score as follows:

1) Accuracy:

It is the most important metric for efciency. As shown in Eq. (1), it is simply the

submission of true positives and true negatives divided by the total values of confusion

matrix components. The most reliable model is the best, but it is important to ensure that

there are symmetrical datasets with almost equal false positive values and false adverse

values Therefore, certain parameters must be determined to determine the quality of our
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system.

Accuracy = TP + TN

TP + FP + FN + TN
(1.1)

2) Precision:

It as shown in Eq. (2), it is the relationship between true positive predicted values and full

positive predicted values.

Precision = TP

TP + FP
(1.2)

3) Recall:

As shown in Eq. (3), recall is the ratio between predicted true positive values and the

submission of predicted true positive values and predicted false negative values.

Recall = TP

TP + FN
(1.3)

4) F1-score:

It is an overall measure of a model’s accuracy that combines precision and recall in that

weird way that addition and multiplication just mix two ingredients to make a separate dish

altogether. As shown in Eq. (4), the F1-score is twice the ratio between the multiplication
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and precision and recall submission.

F1 − score = 2 × PrecisionÖRecall

Precision + Recall
(1.4)

5) sensitivity:

is the rate of correctly predicted positive samples in the positive class samples.

sensitivity = TP

TP + FN
(1.5)

6) specificity:

is the ratio of accurately predicted negative class samples to all negative class samples

specificity = TN

TN + FN
(1.6)

1.6 Conclusion:

This chapter highlights the main headings extracting from deep review of previous research

papers, which have exposed many details as type of cough detection, the proposed methods

using different AI tools focalizing on deep learning techniques, the different type of datasets

used for training and classifying, finally, the performance metrics that assess the efficiency

of designed techniques.



26

Chapter 2

Background and Feature Engineering

2.1 Introduction:

This chapter will start with an overview of feature engineering for relevant work from previous

papers working on this topic, then will look at extracted features that have been applied to

different voices using different datasets, and will also focus on deep features. Finally, we will

look at some of the previous work that relied on extracted features in classifying coughs.

Figure 2.1: Caption
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2.2 Features Engineering:

Feature engineering is a machine learning approach for creating new variables that aren’t

in the training set using data. It can generate new features for both supervised and

unsupervised learning, with the objective of making data transformations simpler and

faster while simultaneously improving model accuracy. When dealing with machine

learning models, feature engineering is essential. A bad feature, regardless of the data or

design, will have a direct influence on your model. [63]

2.2.1 Features Extraction:

The technique of extracting features from a data collection in order to uncover meaningful

information is known as feature extraction. This reduces the amount of data into

manageable numbers for algorithms to handle without altering the original relationships or

key information. [63]
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Figure 2.2: Taxonomy Audio Features

[]

2-2-1-1 Time domain features:

1. Zero crosing rate :

The rate of change of sign of the signal during an audio frame is known as the zero-

crossing rate (ZCR). It is defined as the number of times a signal changes its sign from

positive to negative and vice versa, divided by the frame duration. ZCR stands for the

number of times a signal crosses the zero level in a one-second span. Figure 1 depicts the

ZCR
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Figure 2.3: Zero-Crossing in signal.

ZCR is a fast approach to assess whether a speech frame is voiced, unvoiced, or quiet by

detecting voice activity. In comparison to the vocal component of the speech, the ZCR is

greater for the unvoiced bits. The voice signal and associated ZCR are shown in Figure

2(a). The ZCR for unvoiced portions is clearly much higher than for voiced segments. Of

course, in ideal conditions, the ZCR for the silent section of a clean utterance must be zero.

ZCR is also a technique for estimating the fundamental frequency (FF) of speech [64].

ZCR is equal to the signal frequency multiplied by 2. Therefore, we can claim that ZCR

provides indirect information about the frequency of the signal. Therefore, this property can

be used to create discriminators and classifiers [65]. The ZCR of the music clip is shown in

Fig. 2(b). Notably, it is larger than the ZCR of the speech signal [66]
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Figure 2.4: Comparison of ZCR for Speech and Music.

The MATLAB pseudo code for calculating ZCR is given below: [] 2. ADSR envelope

detection:

Because the decay and sustain parts of speech and ambient sounds are not clearly apparent,

the ADSR envelope function is not attainable for most real-time sounds (only present in

music sounds). The AR envelope is a modified envelope based on attack and rest that is

used to cope with such an issue. The decay element is absent, and the sustain and release

parts have been combined. The ADSR and AR envelopes are utilized in musical instrument

timbre analysis [67]. The ADSR and AR envelops for a signal are shown in Figure 3.

Algorithm 2 provides the MATLAB pseudo code for the ADSR envelope.
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Figure 2.5: Amplitude based envelope feature.

3. Log attack time: It is the logarithmic (base 10) time interval between the start of the

time interval and the end of the time interval. It’s been utilized to identify musical

onsets [68] and recognize ambient sounds [69] [70] 4. Short time energy calculation: The

sound signals are inherently non-stationary. As previously stated, utilizing the

framing/windowing approach, non-stationary signals may be turned into tiny sections of

quasi-stationary signals. Because the signal’s energy is varied throughout, it’s impossible to

forecast a value. The short time energy, which is the energy from a frame, is estimated for

this purpose. Average energy per frame is defined as STE [66]. Unvoiced portions have a

low STE, whereas voiced segments have a high STE. Voiced-unvoiced segment

detection [71], music onset detection [68], ambient sound detection [72], vowel recognition

and analysis [73], and audio-based surveillance systems [74] are all applications of STE

.Algorithm 4 contains the pseudo code for computing STE. 5. Volume or loudness of audio

signal: One of the most promising characteristics of the human auditory system is the
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loudness or loudness of a sound. Loudness is mathematically defined as the root mean

square (RMS) of the signal amplitude within a frame. Speech/music discrimination [75],

speech segmentation, and acoustic scene classification [76] are among its applications. The

pseudocode for estimating the loudness of the audio stream is explained in Algorithm 5. 6.

Temporal centroid: The time averaged over the energy envelope is the time center of

gravity. Both recognition of ambient noise [72] and classification of acoustic scenes [76] use

temporal emphasis. The following is the algorithm of TC:

2-2-1-2 Frequency domain features:

1. Extraction of LPC coefficients LPC removes signal redundancy and attempts to predict

future values by linearly combining previously known coefficients. LPC is an all-pole filter

that uses a linear prediction model to describe the spectral envelope of digital speech in

compressed form. LPC coefficients are used for audio segmentation and restoration. The

built-in function ”lpc” in MATLAB has the parameters audio signal x and the order of the

linear predictor. 2. Peak Frequency: The frequency of maximum power is known as peak

frequency. It provides an approximation of the signal’s most prominent frequency and aids in

the calculation of the signal’s fundamental frequency. Peak frequency is an important metric

to consider for categorizing music and speech, as well as gender classification. A single-sided

FFT spectrum’s peak frequency is seen in Fig. 04.
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Figure 2.6: Peak Frequency of a Signal from single sided spectrum.

3. MSAF-MULTIEXPANDED acoustic features: The Method for Choosing Frequency

Amplitudes Hand-crafted multi-expanded (MSAF MULTIEXPANDED) filter-based

features are used to identify defects in electric motors used for drilling or grinding [77] or to

detect defective commutator motors [78]. The discrepancies between FFT spectra are

extracted using this auditory characteristic. The following is the generalized approach for

extracting MSAF-MULTIEXPANDED acoustic features: 4. SMOFS-MULTICRAFTED

acoustic feature: Shortened method of frequencies selection MULTIEXPANDED

(SMOFS-MULTIEXPANDED), which is related to MSAF-MULTIEXPANDED, is another

handcrafted feature that is used in industry applications to diagnosis faults in motors [79].

SMOFS-MULTIEXPANDED features are extracted in a different way from

MSAF-MULTIEXPANDED features, as seen in the technique below.

5. Envelope modulation energy in desired frequency band:
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A signal’s time-frequency transform is a method of examining it with time on one axis and

frequency on the other. Using a time-frequency distribution, a time-frequency analysis

might be obtained (TFD). TFD produces a time-frequency representation (TFR) that is

commonly referred to as the time-frequency domain. The time-domain displays changes in

signal amplitude over time, whereas the magnitude of the frequency content in the

frequency domain only provides frequency information and not time. A time and frequency

resolution (TFR) overcomes this gap. The most frequent method of obtaining a TFR is

through the STFT. TFR characteristics are also useful for analyzing nonstationary

components of a signal, such as trends, discontinuities, and patterns, which are typically

overlooked by time or frequency analysis. TFR features are also useful for analyzing

nonstationary elements of a signal, such as trends, discontinuities, and patterns, which are

often overlooked by time or frequency domain features [80] 6. Fundamental frequency FO :

The fundamental frequency of the universe The local normalized spectro-temporal

auto-correlation function’s initial peak is F0. Fundamental frequency is the lowest

frequency of a periodic waveform in basic words. The basic frequency in music is the

musical pitch that is heard as the lowest subpart present. Music onset detection [68],

ambient sound identification [69] [70], and audio retrieval [81] all employ fundamental

frequency.
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2-2-1-3 Spectrum shape based features:

1. Spectral centroid of an audio signal: The Spectral Centroid identifies the location of the

spectrum’s center of mass. It is also known as the bright-ness aspect of a sound since it

defines the brightness of a sound signal. It is calculated by treating the spectrum as a

distribution, with the frequencies as the values and the normalized amplitude as the odds

of seeing them. The spectral centroid is a useful tool for determining the brightness of a

sound signal and is used to assess music timbre [82], music categorization [83] [84], and

music mood classification [85] [86]. The music’s spectral centroid is higher than the speech

spectral centroid [66] 2. Spectral Roll-off point of an audio signal: – Spectral Center:

This characteristic is linked to the spectral centroid. It is the measurement of the signal

spectrum’s median frequency. Because this is a medium frequency, the greater and lower

energies are balanced. This capability is used to track musical signals’ rhythm [87]

– Spectral roll-off: The frequency below which 95 percent of the signal energy is confined

is known as the spectral roll-off point. Speech/music categorization [66], music genre

classification [83] [84] [86] [88], musical instrument classification, and audio-based

surveillance systems [74] all employ the spectral roll of. 3. Spectral Spread of an audio

signal: Spectral Dispersion is another name for it. This characteristic is linked to the

signal’s bandwidth [87]. It may be defined as the ratemap’s average deviation around its

centroid. Pure tonal sounds have a narrow spectral spread, but noise-like signals have a

high spectral spread. Music and ambient sounds have a large range, but spoken sounds
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have a small range [66] 4. Spectral skewness of an audio signal: The symmetry of a

spectrum about its arithmetic mean is measured by spectral skewness, a third-order

statistical parameter. This feature is zero for soft segments and high for vocal segments.

Skewness is a third-order statistical feature. A skewness of zero indicates a symmetrical

distribution, a skewness less than zero indicates more energy on the right side of the

spectrum, and a skewness greater than zero indicates more energy components on the left

side of the spectrum. This property is used for emotion detection [86] [89], music genre

classification [84] [90] [91] [92], motor bearing fault diagnosis [93] and Parkinson’s disease

detection [94] 5. Spectral kurtosis of an audio signal: Kurtosis, on the other hand, is a

fourth-order statistical metric that indicates how flat the spectrum is around its mean

value. The spectral kurtosis of a gaussian distribution is 0; if the kurtosis is less than 0, we

see a flat distribution; if the spectral kurtosis is more than 0, we see a sharp peaked

spectrum. Spectral Kurtosis, like spectral skewness, is employed in music genre

categorization [84] [90] [92] and mood classification [86] [89], as well as failure identification

in electric motor bearings [93] and Parkinson’s disease diagnosis from speech [94] 6.

Spectral slope of an audio signal: Spectral Slope: It is the slope of the signal’s amplitude

and is calculated using linear regression. Speech analysis [95] and speaker identification

from a speech signal [96] both employ this characteristic. Spectral Decrease: It explains

the rate-map representation’s average spectral-slope, with a particular emphasis on low

frequencies [97] 7. Spectral Flatness: The frequency distribution of the power spectrum’s



2. Background and Feature Engineering 37

frequency distribution is measured by spectral flatness. It’s determined as the geometric

mean divided by the arithmetic mean. It may be used to tell the difference between

harmonic and noisy sounds. The spectrum flatness of harmonic sounds is near to zero,

whereas the value of spectral flatness for noise-like sounds is close to one. It’s used for

music onset detection [68], music classification [96], and audio fingerprinting. 8. Spectral

Crest Factor: The spectral crest factor, in contrast to spectral flatness, indicates how

peaked the power spectrum of the sound stream is. It’s also utilized to tell the difference

between harmonic/tonal and noise-like sounds. Harmonic/tonal sounds have a greater

value, whereas noise-like sounds have a lower value. Audio fingerprinting [96] and music

categorization [84] both exploit this characteristic. 9. OBSC extarction algorithm: It’s the

difference between peaks and troughs measured using octave scale filters in sub-bands. It

has been used to classify music [84] and to classify music moods [86] [89]

10. Mel Frequency Cepstral Coefficients (MFCCs):

The cepstral representation of an audio sample is used to generate MFCCs. The discrete

cosine transform of log power spectrum on a nonlinear mel scale is used to depict the

short-time power spectrum of an audio clip. The frequency bands of MFCCs are evenly

spaced on the mel-scale, which closely resembles the human auditory system, making

MFCCs a crucial characteristic in a variety of audio signal processing applications. Speech

recognition [98], speech augmentation [99], speaker recognition [100], music genre

classification [101], music information retrieval [?] [102], audio similarity
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measurement [101], vowel detection [73], and other applications have all employed MFCCs.

11. Linear Prediction Cepstral Coefficients (LPCCs): The cepstrum provides a variety of

benefits, including soucre-filter separation, orthogonality, compactness, and so on.

Cepstrum coefficients are resilient and useful for machine learning because of their

qualities. However, because linear prediction coefficients (LPC) are very sensitive to

numerical precision, it is preferable to convert them to the cepstral domain. The altered

coefficients are referred to as LPCCs. LPCs are said to be the source of LPCCs. Speech

recognition [103], speech analysis [104], noise reduction [105], music genre

categorization [106], and other applications have all employed LPCCs. The processes to

calculate LPCCs from an audio signal are described in the algorithm below. 12. PLP

cepstral extraction:

PLP coefficients are based on the following concepts: crucial band spectral resolution,

equal-loudness curve, and intensity loudness power law [107]. Perceptual processing is used

to produce the PLP coefficients from the linear prediction coefficients (LPC) before

auto-regressive modeling. The linear coefficients are then transformed to cepstral

coefficients after this procedure. Emotion recognition [108], speech recognition [109], infant

crying sound analysis [110], animal sound vocalization analysis [111], and other

applications have all used it. 13. Relative-spectral PLP (RASTA-PLP) feature:

RASTA is a method that smooths out short-term noise changes and removes any

consistent offset caused by static spectral colouring in the speech signal by applying a
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band-pass filter to the energy in each frequency sub-band. The RASTA-PLP features are a

noise-resistant variant of the PLP characteristics. The RASTA-PLP function has the

benefit of attempting to include the human auditory system’s noise cancelling feature.

Speech recognition [112], gender categorization [113], speaker verification [114], and other

applications use this hybrid feature. The algorithm below explains how to extract

RASTA-PLP characteristics

14. GFCCs extraction:

As a generalized form of MFCCs, GFCCs [115] were introduced. GFCCs employ mel-scale

characteristics that are theoretically well-founded for almost all terrestrial animals and

provide good voice representation for nearly all species. GFCCs are derived from the

greenwood equation and may be applied with only a rudimentary understanding of a

species’ lowest and maximum frequency range. For all species, the Greenwood equation

approximately maps the cochlear-frequency position. This property is widely used in

environmental sound identification, particularly in the classification of animals and

birds [116]

15. GTCCs extraction:

Noise reduction is the fundamental issue with automated speech recognition (ASR)

systems. In several ASR systems in recent years, the GTCCs have demonstrated noise

resilience. GTCCs are built on gammatone filter banks, which provide a cochleagram as an

output, which is a frequency-time representation of a sound source. The extraction of
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GTCCs is identical to that of MFCCs, with the exception that the melfilter bank is

substituted with the gammatone filter bank. GTCCs, like MFCCs, can have extra

properties such as delta GTCCs and delta-delta GTCCs, which are the first and second

order derivatives of GTCCs, respectively. These cepstral characteristics are employed in

sound detection in the environment [117] and speech recognition [118] 16. Local Binary

pattern from spectrogram:

Face detection, face identification, object detection, and other computer vision applications

employ the local binary pattern. Local spatial information and gray scale contrast are

measured by LBPs. The LBPs are extracted from the spectrograms of the signals in audio

signal processing and used in audio scene classification [119] [120], depression analysis from

speech [121], snore sound discrimination [122], emotion detection [123], and pathological

voice detection (Cordectomy and frontolateral resection diseases) detection [124] 17. Local

Ternary Pattern Extraction:

LTPs are the LBPs’ extensions. LTPs, like LBPs, are derived from a signal’s visual

description, such as a spectrogram. However, unlike LBPs, it does not filter pixels into a

binary pattern of 0s and 1s, instead using a threshold constant to divide pixels into three

values: 1, 0 and 1. In this way, each threshold pixel may have any of these three values,

and after thresholding, neighboring pixels could be merged to form ternary patterns. The

LTPs are employed in audio scene categorization [125], fall detection in older individuals by

sound analysis [126], and health care monitoring through speech analysis [127]. The
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following is the algorithm for extracting LTPs:

18. HOG descriptor from spectrogram:

HOG features, like LBPs, are used to extract time-frequency information from

spectrograms. This property has also been utilized to classify acoustic scenes [120] [128],

discriminate snoring sounds [122], and identify emotions [123]

19. SIFT descriptor:

SIFT is a computer vision feature extraction approach that was originally used to detect

local information in pictures. This characteristic is also used to detect local information in

spectrograms of audio streams. It has been extensively employed in the detection of

emotions [123] and the categorization of audio-video concepts [129]

2.2.2 Spectogramme:

A spectrogram is a visual representation of the frequency spectrum of a signal as it varies

over time. When applied to an audio signal, spectrograms are sometimes called sonographs,

voiceprints, or vocograms. When data is represented in a 3D plot, it can be called waterfalls.

Deep Features:

Deep learning has been shown to be an effective method for extracting high-level

characteristics from low-level data. Deep features are features collected from the hidden

layers of various deep learning algorithms. Convolutional neural networks (CNNs), deep
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neural networks (DNNs), recurrent neural networks (RNNs), Deep stacked auto-encoder

(SAE), unidirectional long short term memory network (LSTM), bi-directional long short

term memory (BLSTM), and other similar models might be used to extract deep features.

Deep neural networks are used to extract deep features (DNNs). The DNNs are fed the

MFCCs or any other relevant audio characteristic as input. The depth of the deep features

is determined by the depth of the neural network. The deep characteristics provided by

lower layers in a shallow neural network may be regarded of as speakeradapted features.

Class-based discriminating traits might be retrieved from the higher levels. A DNN’s

bottleneck layer might potentially be used to extract deep features. Figure 05 depicts the

extraction of deep features from a DNN’s bottleneck layer. DAF stands for deep audio

features in this diagram.
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Figure 2.7: Deep feature from bottleneck layer.

Convolution layers, pooling layers, and fully linked layers are the three fundamental

components of any CNN design, as depicted in Fig. 06. On the spectrogram of an audio

stream, convolution layers apply a fixed number of convolutional filters. A feature map is

the result of this layer. The dimension of the feature maps created by convolutional layers

is reduced by the pooling layer, resulting in a reduction in processing time. The global

features of the local feature maps are extracted using fully linked layers. Deep features can

be retrieved from any of these levels; for example, the early layers of the CNN provide deep

features, which are nothing more than spectrogram pixels and edges. Deep features with
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Figure 2.8: Basic structure of CNN.

good discrimination are produced by the upper levels. while the extracted deep features

From the local feature maps, fully linked layers derive global features. Deep features can be

derived from any of these levels; for example, the earliest layers of the CNN provide deep

features, which are nothing more than spectrogram pixels and edges. Deep features with

great discriminative power are produced by the upper layers. The deep features retrieved

from the completely connected layer provide global information, whereas the deep features

collected from the fully connected layer provide local information.

The auto-encoder is a form of artificial neural network that is mostly used for

dimension reduction and operates unsupervised. The stacked auto-encoder (SAE) is a

neural network with many layers of sparse auto-encoders, with the output of each layer

being supplied as the input to the next layer. After the SAE has been trained, the deep
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features may be recovered from the unsupervised trained SAE’s hidden deep layers and

used for a variety of applications. RNNs are used to encode the sequential knowledge in

the model. RNNs have an advantage over DNNs in that they can process sequential

knowledge and can internally memorize information. LSTM is the name of the memory

unit. The types of memory element are unidirectional or bidirectional LSTM. In

unidirectional LSTM, information flows only in one way, but in BLSTM, one LSTM layer

processes data in one direction and another LSTM layer processes data in the opposite

direction. Deep features might be recovered from any LSTM-RNN deep layer.

Acoustic scene categorization [130] [131], speaker recognition [132], audio-video

analysis [133], gender recognition [134], emotion recognition [135], and spoofing

detection [136] have all exploited deep features in audio signal processing.

2.3 Related work:

Corona virus disease Covid-19, which was declared a pandemic by the World Health

Organization, first appeared in the Chinese city of Wuhan, and spread throughout China

and other countries in the world in a short time [135], and this virus causes acute

respiratory infection with a high death rate. It poses a serious threat to humans. The most

common symptoms of the outbreak of Covid-19 are high fever, dry cough and difficulty

breathing, acute respiratory distress syndrome (ARDS) may develop after a while in

seriously ill people, and for the detection of Covid-19 disease series of examinations that
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must be carried out at the level of hospitals or private laboratories. This leads to

overcrowding and spread of infection, as RT-PCR is a time-consuming and costly test with

delayed results. To reduce crowding of people within treatment areas and reduce infection

between them, some studies have been conducted using the analysis of cough audio data

taken from a mobile phone, and an approach called feature extraction from cough audio

data with deep learning techniques has been used, facilitating the detection and

classification of Covid-19 disease. The table 1 shows some of the studies and results that

have been done to classify cough:

Dataset Features extraction Proposed Approach
Metric

(Accuracy)

[20] MFCC LSTM 62%

[12] MFCC LSTM 71%

[20] MFCC LSTM 73%

[21] Spectrogram ResNet-50 88%

[21] MFCC+Spectrogram ResNet-50+DNN 89%

[21]
Proposed feature set

+Spectrogram
ResNet-50+DNN 94%

Table 2.1: some of the studies and results that have been done to classify cough
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2.4 Conclusion:

In this chapter, the general features of the sound were studied, including the extracted

features: the features from time domain, frequency domain, time-frequency domain, cepstral

domain, phase domain,sparse domain, eigen domain, wavelet domain and image/-texture

based features,and deep features
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Chapter 3

Proposed Approche and Discussion

3.1 Introduction:

Throughout this chapter we will propose a pipeline for classifying cough sounds and move

on to pre-processing for cough sound data analysis. At this point, we will also focus on one

of the features extracted in Chapter 2, MFCC, as well as define the model that will be used

to classify and define the input dataset for training and testing. We will also discuss the

results obtained by creating and training the classification model.
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3.2 Proposed Pipeline:

Figure 3.1: An overview of a proposed method for classifying COVID-19 using the cough
sound.

3.2.1 Pre-processing:

• Input audio file :

Wav format, single channel, 22050sample rate.

•Noise reduction :

Reduces noise in the sound file of a cough using reduce noise function from the noise library

in Python.
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•Signal Processing :

In this part we convert already preprocessed coughs recordings into a feature for each cough.

3.2.2 Feature Engineering:

• Extract Features:

Here we will be using Mel-Frequency Cepstral Coefficients(MFCC)-40 frequencies that

characterizes the overall shape of a spectral envelope from the cough audio samples. the

feature were obtained by means of the Python librosa library. is a time series of length

compatible with the length of the original cough wave, so the final feature is an average of

the corresponding time series, which helps us not only significantly reduce dimensions, but

also avoid the problems with the different feature length.

3.2.3 Classification Model:

An Artificial Neural Network (ANN) is an information processing model inspired by the

brain. ANNs, like people, learn through examples. An ANN is configured for a specific

application, such as pattern recognition or data classification (eg, sound classification),

through a learning process. Learning largely involves modifications to the synaptic

connections between neurons. It has obtained superior results in a variety of applications of

voice classification [ ] As reported in the literature, ANN is among the best classifiers.



3. Proposed Approche and Discussion 51

Based on its great success and why not use it in this study To differentiate between a

COVID-19 positive cough and a COVID-19 negative cough. We chose this model for:

-Ability to work with incomplete knowledge

-Having fault to lerance

-Having a distributed memory

Figure 3.2: Artificial neural network architecture

3.3 Trained and Tested Dataset:

The dataset contains the sounds signals of people with Covid-19 and people who are not

infected, containing 733 coughs from people tested as non-covid with the virus and 17 coughs

from people with covid. Cough recordings have the following features: sample rate (22050),
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audio format(.wav)

3.4 Codes each step:

Before everything, The library and packages necessary to start work must be called, as shown

in the following figure:

Figure 3.3: Importing library

We load the database and put it in a variable as shown in the following figure:

Figure 3.4: Load data

We used the mfcc() function Librosa that generates an MFCC from time-series audio

data as shown in the following figure:
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Figure 3.5: MFCC Extract

Figure 3.6: MFCC Show

Extract the MFCC for each file in the dataset and store it in a Panda Dataframe along

with its label as shown in the following figure:
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Figure 3.7: Extract the MFCC for each file

Figure 3.8: : Convert extracted features into frames data

This figure shows the code for creating a model by going through several layers to the

end.
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Figure 3.9: ANN model for Classification

Print the network structure

Figure 3.10: Print network structure

The result of print network structure shown in figure:



3. Proposed Approche and Discussion 56

Figure 3.11: The result of print network structure

After that we compiling the model and start the training and the test:
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Figure 3.12: Code of compiling the model and start train and test

Figure 3.13: sown the execute training
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3.5 Discussion:

Cough is one of the most important symptoms in clinical trials of the respiratory system,

while objective indicators of cough severity are severely absent. It cannot be measured

accurately due to technical conditions.

We wanted to enter into the adventure and try more in this field, despite the difficulties we

faced, the failure of implementation due to the lack of Internet flow and lack of time.

For this, we used functions found in library Liberosa to help us extract the features from

the cough sound and then enter these features into the ANN model in order to train it to

classify the cough between a sick person or not.

After training the model several times until we reach an result, which is 97.6%.

3.6 Conclusion :

COVID-19 is a large-scale contagious respiratory disease that has spread across the world

in 2020. Therefore, a low-cost, fast, and easily available solution is needed to provide a

COVID-19 diagnosis to curb the outbreak. According to recent studies, one of the main

symptoms of COVID-19 is coughing. The goal of this research effort is to develop a method

for the automatic diagnosis of COVID-19 by detecting cough during recorded conversations.
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Conclusion

Coronaviruses are a broad family of viruses that produce symptoms ranging from the common

cold to severe acute respiratory syndrome flu-like strains (SARS). In the Chinese city of

Wuhan, a novel coronavirus was discovered in 2019.

The proposed framework has been built by including recorded audios from datasets, which

have been sequentially taken as input, then processed and analyzed by a model based AI

to classify this audio with illustrating a probability of having Covid-19, then if the patient

recorded cough demonstrates a high probability, this patient will be considered a suspect

case, and further investigation will be required,the proposed system work as follows:

Request an audio record, Apply the model based AI to analyze the recorded audio, after

a probability shows the percentage of covid-19 infection Training phase has 80% audios,

Testing phase has 20% audios; The modification of model was elaborated in Preprocessing

phase, study was approved by the following datasets: ...............for coughs
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3.7 Limitation of this work

This research has veered from one axe point to another due to a number of challenges that

we encountered while working on the initial topic. This last has been committed to collecting

data, seeing and observing local factors, and obtaining insights research on one’s own data;

also, this study aids the healthcare service in reaching peaks, since we are all aware of the

low level of hospitals and reanimation rooms. There have been several impediments that

have prevented this task from taking place; we list a few of them below:

This investigation, in order to be completed to a high degree, requires resources and time, as

well as the removal of several roadblocks that impede the suggested goal work’s development.

The government has backed the collaboration in order to find a solution to the present

pandemic, as Algerian inhabitants have a poor degree of access to healthcare.

In this new sort of virus, which causes a range of symptoms, the correlation and confusion

have developed, while there is an asymptomatic derivation.
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