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Abstract— 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. The method is composed of five
main modules: sound extraction, sound feature extraction,
cough detection, cough classification, and COVID-19 diagnosis.
The method extracts relevant features from the audio signal and
then uses machine learning and deep learning models, like SVM,
KNN, and RNN, to classify them, which can successfully
diagnose COVID-19 from audio recordings. Our method has
relatively high accuracy when dealing with completely
unfamiliar cough samples. When the training set and the test set
are from two different databases, it still achieves an accuracy of
81.25% (AUC of 0.79). As more data sets are collected, the
model can be further developed and improved to create a
machine learning solution based on cough analysis for COVID-
19 detection, which may be promoted as a non-clinical self-
inspection solution.

Keywords— COVID-19, Recurrent neural network, Deep
Learning

L INTRODUCTION & BACKGROUND

Since the outbreak of the new crown pneumonia in
Wuhan, China in December 2019, the epidemic has appeared
and spread rapidly in many countries around the world. As of
mid-February 2021, the new crown virus has infected 111M
confirmed patients worldwide (2.47M deaths were reported
and 62.9M recovered), and it has become a major global
health problem [1]. With the deepening of research around
the world, more and more studies have shown that COVID-
19 spreads from person to person through droplets or direct
contact [2]. The spread of the virus is accelerated through
human-to-human transmission [3]. According to recent
research, the load of this virus is at its peak in the early stages
of the illness, making COVID-19 infectious even before the
symptom onset[3][4][5], so it is crucial to limit transmission
by different measures, including screening individuals with
or without the symptoms [6]. Due to the sudden emergence
of the virus, companies around the world have developed
different vaccines, but stock is limited. Therefore, the world
has not yet reached the number of people vaccinated needed
in order to slow down or stop the spread of the virus [7].
Currently, preventive measures are still an important
procedure to limit the spread of COVID-19. There is an
urgent need for a method that can quickly determine whether
people are infected with COVID-19. At present, the detection
of COVID-19 is mainly conducted by medical staff and
patients through face-to-face collection of biological
samples. This method has many disadvantages, such as
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spread risk, high detection cost, and long detection cycle. The
cost of testing is between $23 to $2315. Even with the lowest
cost testing method, it will still cost over $8 billion [8]. In
some underdeveloped areas, it is difficult to diagnose the
virus due to lack of medical facilities and medical
professionals. Therefore, a low-cost, fast, and easily available
solution is needed.

It is confirmed that fever and cough are the most common
symptoms of a COVID-19 infected person [9] and in most
cases, dry cough is a distinctive feature, usually coupled with
other severe symptoms including ground-glass opacities and
pneumonia[10] Recently, many different groups have
proposed Al approaches to support pandemic management
[11][12][13]. Renard et al. proposed an algorithm for
automatically diagnosing whooping cough by analyzing
cough sounds through machine learning, indicating that
machine learning has the prospect of diagnosing diseases
through cough sounds [14]. Research from the Massachusetts
Institute of Technology [15] also shows that machine
learning has the potential to detect COVID-19. Cambridge
uses Mel Frequency Cepstral Coefficient (MFCC) and other
audio statistics [16]. Then these features are further processed
by principal component analysis and used as input to a simple
binary classifier to achieve an AUC of 0.82 [16]. But the
entire data set only has 86 cough samples. The Massachusetts
Institute of Technology[16] collects cough audio samples
from smartphones around the world, but the database is not
open source, and depends on volunteers' self-reporting of
their COVID-19 results as a labeling standard, the reliability
of the data is difficult to determine. Virufy AI Research
Group issued an open clinical dataset in order to provide a
dataset with high reliability, but the database samples are
currently limited to only 16 samples [17].

1L METHOD

A. Dataset Description

Data from two open-source databases were used for
feature extraction and model training. The first database is
Coswara[ 18], which currently has open source data from a
total of 1433 participants. Coswara collected multiple voice
samples for each participant, but for this study only shallow
cough recordings were used. To make the training data set
more balanced, thus improving efficiency and accuracy when
training the model, only 200 samples were randomly selected
from 1000 healthy individuals, and all of the data from
patients with a confirmed COVID-19 diagnosis.

The second dataset is Virufy, which is very accurate
because it was collected at a hospital under supervision by
physicians following Standard Operating Procedures (SOP)
and informed patient consent [17]. This dataset collected a
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total of 16 recordings of cough sounds from 7 patients with
confirmed COVID-19 and 9 from healthy individuals.

Given the high number of recordings in the Coswara
database, it was used as the training dataset. In general, deep
learning is prone to performs well with training datasets, but
often sees a significant drop in accuracy when used with other
datasets which is a problem that was considered. To prove the
generalizability of our proposed algorithm, only the Coswara
database was used for training and the full Virufy dataset for
testing.

B. Algorithm Composition

The algorithm is composed of the five main modules:
sound extraction, sound feature extraction, cough detection,
cough classification, and COVID-19 diagnosis. The first step
is to extract possible cough sounds from recorded audio and
remove the silent part. After removing the silent part of the
audio signal, in the extracted signal, coughs are mixed in with
people's conversations. In such a situation, high accuracy
machine learning models were utilized to distinguish between
normal conversation sounds and coughing. In order to do that,
some effective features were extracted to train the model,
such as Mel-Frequency Cepstral Coefficient, Entropy of
Energy and Zero Crossing Rate. The third step is to train the
unsupervised learning models to identify the real cough and
delete the non-cough sounds. The fourth step is to build a
deep learning model with more input features to focus on
identifying whether the cough is caused by COVID-19 or not.
Then finally provide the diagnoses. All programs are based
on the python libraries: pyaudio, pyAudioAnalysis, sklearn,
NumPy.

a) Sound Extraction:

Before starting speech recognition, the silent
part of the recorded audio needs to be removed in order
to reduce the interference caused to the subsequent
steps and to improve the computation speed.
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Figure 1: The top half of Figure 1 is the original signal of an audio
recording, and the bottom half is the possibility that the SVM model returns
the current frame as a human conversation.

In order to eliminate the silent part, the Energy feature of
each audio recording was first extracted. The energy is
calculated by summing the squares of the signal and then
normalizing it by the frame length. Next, an SVM model was
trained with the audio recordings whose Energy features were
within the top 10% and bottom 10%. This SVM model is a
binary classifier which can distinguish between Silent
recordings and noise/speaking recordings. Finally, we
remove the quiet parts of the recordings and keep only the
parts with conversation activity.

b) Sound Feature Extraction:

We extracted a total of three types of features: short-
term, medium-term and long term-features. According to this
paper about pyAudioAnalysis[ 19], the input audio recordings
are first divided into segments of fixed length of 1 second,
and then each segment is divided into frames of 50 ms. The
features extracted for each frame are called short-term
features, and the mean and standard deviation of short-term
features extracted for all frames of each segment are the
medium-term features. Lastly, features of each segment are
averaged to obtain the long-time features of each audio
recording.

Next multiple short-term features of the audio signal in
the time domain and frequency domain were extracted. Time
domain features are extracted directly from the original
signal. Most of the frequency domain features used are based
on the Discrete Fourier Transform (DFT).

The frequency domain feature used is Mel-Frequency
Cepstral Coefficients (MFCCs), which is the cepstral domain
feature generated by applying Inverse DFT on the spectrum.
A commonly used audio feature derived from the short-term
power spectrum [20].

The complete list of features extracted is presented in
Table 1 below.

Index Feature Description
1 Zero Crossing | The sign change rate of the signal within a
Rate particular frame duration

2 Energy The sum of the signal values squares

The sub-frames’ normalized energies entropy,
Entropy of ] .

3 Energy which can be mte_rpreted as a measure of abrupt
changes of energies.

4 Spectral The gravity center of the frequency spectrum.

Centroid
g Spectral The second gravity center of the frequency
Spread spectrum.
6 Spectral the normalized spectral energies entropy for a
Entropy set of sub-frames.

2 Spectral Flux The squared difference bet_ween the frequency
spectra of the two successive frames.
a representation of the short-term power
spectrum of a sound, based on a linear cosine

8 MFCCs .
transform of a log power spectrum on a nonlinear
mel scale of frequency.

Table 1: List of features extracted from the audio signal, index 1-3 are the
time-domain features, index 4-8 are the frequency-domain features.

¢) Cough Detection:

The purpose of cough detection is to distinguish
between conversational activity and coughing. In the
previous step, short time features and mid-term features for
all recordings were extracted. Since the mid-term features are
the features of each segment, which are calculated as the
average and standard deviation of the short-time features
extracted from each frame, in order to reduce the
computational effort and speed up the computation, the
analysis was done at the segment level when performing the
clustering analysis of cough detection. Now the extracted
mid-term features are passed together with the recordings to
a simple KNN model that automatically clusters the human
conversation and cough in each recording, and then connects
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the clustered recordings to generate a new recording. An
example is shown in Figure 2 below.

Figure 2: (a) Original audio signal which contains both cough and
conversation; (b) Audio signal after clustering with only the cough, (c) Audio
signal after clustering with only the conversation.

d) Cough Classification:

Now that all coughs have been extracted from the
recordings, the purpose of the cough classification is to
distinguish whether a participant's cough is of COVID-19 or
a health individual.

Four models were trained, KNN, SVM, Random Forest,
and RNN, but firstly, the features in section b were re-
extracted from the training data since the conversation part of
the recordings were removed and only used the long-term
features of each recording. The optimal parameters for the
KNN model are the number of neighbors, the optimal
parameters for the SVM are the cost of constraints violation,
and the optimal parameters for the Random Forest is the
number of trees in the forest. Table 2, below shows the best
parameter selection and accuracy of the four models on the
training set.

Model Parameter | Accuracy
KNN 13 71.4
SVM 0.01 73.2
Random Forest 100 72.5
RNN 0.9956

Table 2: Best training results for various models.

The best performance comes from recurrent neural
network (RNN) model. The structure of this model is as
follows, the input layer is a SimpleRNN with 20 units and the
input shape is (383, 1, 136). The first hidden layer is a dense
layer with 512 units, the second hidden layer is a SimpleRNN
with 10 units, the third hidden layer is also a dense layer with
256 units. All the hidden layers use the RELU activation
function. The output layer is a SimpleRNN with only 1 unit,
and since the objective is to determine whether the cough is
COVID-19 or not, which is a binary problem, the sigmoid
activation function was used.

e) COVID-19 Diagnosis

The last step is to give a possible diagnosis based on the
predictions given by the model. However, the diagnosis given
is only based on the patient's cough sound. According to
previous studies, COVID-19 will also have other symptoms
besides cough, the most common of which are fever and
myalgia (muscle pain) [21]. Therefore, in order to give a more
accurate diagnosis, test subjects should be remined to pay
attention to their symptoms, get a biologically tested, and
seek medical attention when they occur.

III. RESULT

To evaluate the predictive power of the model, the ROC
curve, area under the ROC Curve (AUC), and accuracy as
evaluation metrics were used. First, recordings were
randomly divided from the pre-processed Coswara database
into a training set and a test set, with a ratio of 80% and 20%.
The accuracy of the RNN model on the test set is about 0.9,
and the ROC curve is shown in the Figure 3 below, with an
AUC of 0.9282. In order to test the generalizability of the
model, the second test set used data that the model had never
seen before. Since the Virufy dataset has only 16 data items
in total, all samples were used as a test set to evaluate the
performance of the RNN model. The accuracy of the model
on this dataset is about 0.8125, and the ROC curve is shown
below in Figure 4 below, with an AUC of 0.79.
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Figure 3: ROC curve when both train set and test set were from the Coswara
dataset.
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Figure 4: ROC curve with train set from Coswara dataset and test set from
Virufy dataset.

Comparing the performance of RNN on the Coswara and
Virufy test sets, this RNN model has some generalizability to
different datasets, and the AUC only decreases by about 10%
on the new dataset, which is about 0.8
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1V. CONCLUSION & DISCUSSION

In this paper, a method was proposed that detects whether
or not a cough is due to COVID-19 from recordings of
conversations. This is done by first removing the silent part
of conversational recordings in order to extract the sound
activity, then multiple signal features were extracted,
clustered using a KNN model to extract coughs from the
conversation, then a RNN model was trained to classify
whether the cough is due to COVID-19 or not, this is a quick
way to prescreen for COVID-19.

The model mentioned in the paper achieves an AUC of
0.9282 when classifying data from the same sources as those
used in training, and the model also has good generalizability,
with an AUC of about 0.8 for databases from different
sources. Thus, it can increase the confidence of this
hypothesis that COVID-19 can be detected through people's
coughing sounds in conversations and provides a cheap and
fast detection method to curb the development of this
infectious disease.

In the future, there are plans to do more work to overcome
the limitation of the current method. First, more data to train
the model needs to be collected. It is not only important to
increase the number of collected recordings, but there is also
a need to collect samples from different countries, regions,
ages, genders, and ethnicities to improve the generalizability
of the model, and to further improve the accuracy by training
the model with more data. Second, a total of eight signal
features were used to train the model, but the PCA analysis
can be used to select the highest variance features in order to
improve the training efficiency and avoid overtraining.
Finally, when selecting features, in addition to the time and
frequency domain features of the signal, some COVID-19
related symptoms could also be recorded while collecting
participants' coughs. This can be used to train the model and
improve the performance of the model if the model was
improved to look for keywords in conversations that describe
COVID-19 symptoms.
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