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Corona virus is known as COVID-19. It spreads all over the world as a pandemic. 

Until writing this paper, 164.5 million people worldwide are affected with this 

disease. Over 3.4 million people died due to that disease. Cough is one of the most 

common symptoms of that disease. The analysis of heavy cough sounds of COVID-

19 is applied using machine learning algorithm. The dataset is from open source 

COSWARA dataset. The novelty of this paper is to use new feature extraction 

method which can distinguish between positive and healthy subjects of COVID-19 

with high accuracy percent. Feature extraction from heavy cough sounds is applied 

by using new method which is called bark wavelet cepstral coefficients (BWCCs). 

This method is extracted from bark frequency cepstral coefficients (BFCCs) by 

replacing FFT step in the steps of calculating BFCCs with discrete wavelet 

transform step. The classification method is conducted using deep learning neural 

network (DLNN). The obtained accuracy percent using BWCCs is 98.25% which 

over performing BFCCs , mel frequency cepstral coefficients  (MFCCs) or mel 

wavelet cepstral coefficients  (MWCCs). So, BWCCs are the best way for feature 

extraction of heavy cough sounds of COVID-19.  

 

 

1. Introduction 

SARS-CoV-2 is a new virus which is the main 

cause of COVID-19. It first appears in Wuhan in 

china. WHO first knew of this new virus on 31 

December 2019. Fever, dry cough, and fatigue are the 

most common symptoms of COVID-19. There are 

less common symptoms and may affect some patients 

include Loss of taste or smell, Nasal congestion, 

conjunctivitis (also known as red eyes), Sore throat, 

headache, muscle or joint pain, different types of skin 

rash, Nausea or vomiting, diarrhea, Chills or 

dizziness[1]. Many researches are conducted about 

analysis of cough sounds. R. J. Jaeger and his 

colleagues determine frequency of cough sounds [2]. 

K. A. Friend et al. found the characterization of 

cough sounds [3]. R. Jane et al. detect the snoring 

signals automatically in Obstructive Sleep Apnea 

Syndrome (OSAS)[4]. W. Thorpe et al. determine 

acoustic analysis of cough sounds[5]. K. Rosenberry 

et al. made analysis to the power of cough sounds [6]. 

A. Van Hirtum and his colleages determine the 

acoustic modeling of cough sounds [7]. Y. H. Hiewet 

al. determined digital signal processing of cough 

sounds [8]. S. Matos et al. detected cough sounds in 

continuous audio recording using hidden markov 

models in 2006 [9]. In 2007, S. Matos et al. 

monitored the frequency of cough sounds [10]. H. R. 

Tohidypour et al. compared between wavelet packet 

transform and bark wavelet  & MFCC for recognition 

of speech signals[11].S. Huq and Z. Moussavi 

detected breath phases automatically using only 

tracheal sounds [12]. H. Chatrzarrin et al. 

differentiated between wet and dry cough sounds 

[13]. P. Moradshahi and his colleagues improved the 

performance of cough sound discriminator [14]. K. 

Kosasih et al. made analysis of cough sounds in 

pediatric patients [15]. V. Swarnkar et al. used 

automatic algorithm to classify wet and dry cough 

sounds [16]. Sarraf Shirazi and Z. Moussavi detected 
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silence aspiration by breath[17]. T. Drugman et al. 

used sensors to detect cough automatically [18]. P. 

Moradshahi et al. distinguished between dry and 

cough sounds using microphone array [19]. U. R. 

Abeyratne et al. analyzed cough sounds for 

diagnosing pneumonia [20]. V. Swarnkar identified 

cough sounds automatically by neural network 

algorithm [21]. S. Le and W. Hu used Hilbert 

marginal spectrum to recognize cough sounds [22]. 

C. Lücioet et al. detected cough by internal sound 

analysis [23]. K. Kosasih et al. used wavelet 

transform for analyzing of cough sounds for 

diagnosing pneumonia [24]. J. Schröder et al. 

classified human cough sounds using features of 

spectro-temporal Gabor filterbank [25]. J. Amoh and 

K. Odame identified cough sounds by deep neural 

networks [26]. C. Infante et al. used cough sounds for 

diagnosing pulmonary disease [27]. Kiliç and Aykut 

Erdamar classified respiratory diseases automatically 

during sleep [28]. R. V. Sharan et al. diagnosis croup 

using cough sound recognition [29]. S. Khomsay et 

al. detected cough sounds using principal component 

analysis and deep learning [30]. C. R. Rodriguez and 

his colleagues analyzed spectrograms of coughing, 

sneezing and other respiratory sounds from infected 

people using deep learning technique [31]. A. Hassan 

et al. detected COVID-19 in infected people by 

analysis cough sounds, breathing sounds and voices 

of patients using recurrent neural networks [32]. M. 

B. Alsabek and his colleagues studied the sounds of 

COVID-19 using MFCC [33]. M.Z. Iqbal and M.F.I. 

Faiz analyzed cough sounds by mobile application 

[34]. J.A. Perez et al. detected cough sounds using 

empirical mode composition and deep learning [35]. 

K. Feng et al. identified COVID-19 by analysis 

cough sounds using MFCC and deep learning [36]. J. 

Vrindavanam and his colleagues classified cough 

sounds of COVID-19 by using machine learning 

[37]. P Mouawad et al. detected COVID-19 in cough 

sounds and recordings of vowel „ah‟ of patients using 

recurrence dynamics and variable Markov model 

[38].They obtained accuracy percent of 97% and 

99% of cough and „ah‟ vowels respectively. In this 

paper BWCC is a new method applied on cough 

sounds and deep learning is used in the classification 

phase to distinguish between healthy and COVID 

heavy cough sounds.  

 

2. Analysis Techniques 
 

2.1 Wavelet Transform 
 

Wavelet transform is suitable for signals of cough 

sounds because they are non stationary signals. 

Wavelet transform contain analysis in time domain 

and frequency domain so it is more applicable than 

Fourier transform which has frequency domain only. 

Wavelet transform is composed from groups of band-

pass filters. Here, signals are divided into different 

bands. Lower and higher frequency components of 

the decomposed signal are calculated by low and 

high band pass filers.  The obtained coefficients of 

details are deduced from the series of high pass 

filters. The obtained coefficients of approximation 

are deduced from the series of low pass filters. The 

used mother wavelet Daubechies (db4) because it 

looks like signals of cough sounds [39]. 

 

2.2 MFCCs 
 

Feature of human speech is widely used by Mel-
frequency Cepstral Coefficients (MFCCs) [40].  
MFCCs can discriminate between redundant noise 
and energy of speech signal components and their 
frequencies. The Mel scale is logarithmic so is 
applicable for human perception of frequency. 
MFCCs are used for extracting features of cough 
sounds. Calculation of MFCCs contains pre-
emphasizing, framing and windowing of the input 
signal. Then, Fast Fourier Transform (FFT) is 
computed.  Then, these variables are transformed to 
Mel scale as shown in equation 1. After that, the 
obtained vectors are converted to log scale. Then, the 
redundant information is removed by discrete cosine 
transform (DCT). Finally, cepstral coefficients are 
obtained as shown in Fig.1. 

Mel(f)=2595.log(1+f/700)                 (1) 

 

 
 

Fig1 MFCC 

2.3 MWCCs 

Mel-Wavelet Cepstral Coefficients MWCCs are new 

tool used to extract features of cough sounds. It 

contains pre-emphasizing, framing and windowing of 

the input signal. Then, discrete wavelet transform 

(DWT) is computed instead of using FFT.  Then, 
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these variables are transformed to Mel scale. After 

that, the obtained vectors are converted to log scale. 

Then, the redundant information is removed by 

discrete cosine transform (DCT). Finally, cepstral 

coefficients are obtained as shown in Fig.2 

 

 

Fig.2 MWCC 

2.4 BFCCs 

Bark Frequency Cepstral Coefficients BFCCs are 

obtained by calculating pre-emphasizing, framing 

and windowing of the input signal. Then, FFT is 

computed.  Then, these variables are transformed to 

bark scale as shown in equation 2. After that, the 

obtained vectors are converted to log scale. Then, the 

redundant information is removed by DCT. Finally, 

cepstral coefficients are obtained [41]. The steps of 

calculating BFCCs are shown in Fig.3. 

 

Bark(f)={13.atan(0.76f/100)+3.5}                  (2) 

 

 

Fig.3 BFCC 

2.5 BWCCs 

Bark Wavelet Cepstral Coefficients BWCCs are new 

tools were made to extract features from heavy cough 

sounds. They are obtained by calculating pre-

emphasizing, framing and windowing of the input 

signal. Then, DWT Transform is computed instead of 

FFT step in BFCC.  Then, these variables are 

transformed to bark scale. After that, the obtained 

vectors are converted to log scale. Then, the 

redundant information is removed by DCT. Finally, 

cepstral coefficients are obtained. The steps of 

calculating BWCCs are shown in as shown in Fig.4. 

 

 

Fig.4 BWCC 

3. Classification Method 

Deep learning neural network is modern 

techniques of machine learning [42]. The learning 

algorithm is obtained by permitting the network to 

learn and select features from each hidden layer of 

neurons. Word “deep” is used to know that there is 

large number of hidden neurons in artificial neural 

network. The Recurrent Neural Network (RNN) is 

construction of deep learning. RNN can be 

considered as feed-forward recurrent network that 

means the network depend on the previous 

computations of the output. This operation is 

achieved by memory unit. There are two types of 

RNN are Long Short-Term Memory (LSTM) and the 

bidirectional LSTM (BILSTM). The process of 

learning of LSTM is long-term dependencies. The 

memory unit decomposed from three gates which are 

called input, output, and forget gate. These gates 

operate to control storing or forgetting information 

from the network. This information may be repeated 

for every input. Storing information and updating it is 

conducted by the input gate in the cell state.  The 

used information is chosen by the output gate 

according to the cell state.  Forget gate is used to 

remove the redundant information. The sequence of 

time in the forward direction is achieved by LSTM. 

The sequence of time in forward and backward 

directions is achieved by BILSTM. 
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4. Experiments & Results 

Signals of cough sounds are selected from the 

open source site COSWARA [43]. These signals are 

sampled at 48000 Hz. Heavy cough sounds are 

selected. Heavy Cough sounds signals are divided 

into 2 classes: 1130 patients are healthy cough 

sounds (h), 200 patients are positive COVID cough 

sounds (p). 70% of this dataset is used for training. 

30% of this dataset is used for testing. As shown in 

Fig.5 there is example of heavy cough sounds of 

healthy subject. As show in Fig.6 there is example of 

heavy cough sounds of positive COVID-19 subject.  

 

 
Fig.5  Cough Sound of healthy subject 

 
Fig.6  Cough Sound of COVID-19 subject 
 
 

 
Fig.7 The selected Feature extraction Method 

 

Features of signals of cough sounds are extracted 

using BWCC as shown in Fig.7. Then RNN of deep 

learning neural network is applied as classification 

method.  

Extracted features from heavy cough sounds are 

compared using four algorithms MFCCs, MWCCs, 

BFCCs and BWCCs then deep learning step is 

applied as shown in Table 1. The obtained accuracy 

percent using MFCCs is 88.72%. The excluded 

accuracy percent using BFCCs is 97.24%. The shown 

accuracy percent when using MWCCs is 95.49%. 

The acquired accuracy percent when using BWCCs is 

98.25%. The highest selected algorithm is BWCCs 

using deep learning. BWCCs are better for extracting 

features of heavy cough sounds than other algorithms 

because BWCCs contain discrete wavelet transform 

step instead of FFT step which is suitable for non-

stationary signals like heavy cough sounds. As shown 

in Table 1, there are some metrics of classification of 

the selected algorithm BWCCs using DLNN. The 

percent of Sensitivity rate is 97.94%. The specificity 

rate is 100%. The precision rate is 100%. Recall rate 

is 97.94%. F-measure rate is 98.96%. G-mean is 

0.9896. From all these values, the stability of 

BWCCs is high and is the best suitable way for 

feature extraction of heavy cough sounds. 

 
Table 1 The Accuracy rate of 4 algorithms using classification 
method of DLNN 

 

 MFCCs BFCCs MWCCs BWCCs 

Accuracy rate 88.72% 97.24% 95.49% 98.25% 
Sensitivity rate 86.73% 96.76% 100% 97.94% 

Specificity rate 100% 100% 100%  100% 

Precision rate 100% 100% 70% 100% 

Recall rate 86.73% 96.76% 94.96% 97.94% 

F-measure rate 92.89% 98.35% 100% 98.96% 

Gmean 0.9313 0.9836 0.8367 0.9896 
 

5. Conclusion 

In this paper, new algorithms are applied for 

analyzing signals of cough sounds of COVD19. 

These algorithms are BWCCs and MWCC. They are 

compared to BFCCs and MFCC. The classification 

technique is DLNN. The accuracy percent of BWCCs 

is more than the accuracy percent of other algorithms. 

So, algorithm of BWCCs is selected for feature 

extraction of heavy cough sounds. In future, a new 

algorithm will be applied to obtain higher accuracy 

percent. 
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