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Abstract

COVID-19 affects a person’s respiratory health, which is mani-
fested in the form of shortness of breath during speech. Recent
work shows that it is possible to use deep learning techniques to
sense the speaker’s respiratory parameters from a speech signal
directly. Thus respiratory parameters like speech breathing rate
and tidal volume can be computed and compared using deep
learning techniques to detect COVID-19 from speech record-
ings. In this paper, we compute respiratory parameters using
our pre-trained deep learning-based speech breathing models
and use them for detecting COVID-19 from speech. Apart from
using speech breathing models, we perform acoustic features
identification using a statistical approach and classification based
on low-level descriptive features. Our analysis investigates the
distinction of speech of a healthy person and COVID-19 affected
person.

Index Terms: COVID-19, respiratory sensing, pathological
speech, speech technology, deep neural networks.

1. Introduction

The COVID-19 pandemic has been the research focus world-
wide, and finding diagnostic solutions is a necessity and need
of the hour to support the overburden of the health care system.
Several efforts have been taken with hardship, from collecting
COVID-19 patients’ data to screening them for the virus’s detec-
tion. A significant portion of COVID-19 symptoms is related to
the respiratory system’s functioning, which critically influences
the human speech production system. This drives the research
focus towards identifying the markers of COVID-19 in speech
and other physiological signals. Speech is a promisingly good
pathological indicator because of its striking advantages of being
a non-obtrusive indicator, easy to use modality, and could also
be used in remote monitoring [1].

Speech contains inherent information about the physical,
physiological, cognitive and emotional status of the speaker [2].
Any variation in any of these is reflected in the person’s speech.
While COVID-19 symptoms may not be conspicuous to the
affected individual or others, they will cause subtle variations to
speech characteristics, especially the respiratory characteristics
during speech. This is mainly due to the respiratory distress
caused due to COVID-19. Using signal processing and artificial
intelligence, finer variations in speech characteristics, which
may not even be perceived by the listener or the speaker, can be
detected and used for diagnostic purposes.

Speech is a good indicator of the pathological condition of
a person [1], especially for respiratory conditions like COPD,
asthma, and COVID-19. These conditions significantly influence
the breathing capacity of the speaker. We can hear when a
person has breathing difficulties or coughing, but the automatic
detection is a complex task. The breathing planning is complex
process based on linguistic and prosodic factors [3] and the
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detection of breathing events from continuous speech is difficult.
Speech and respiration are closely related. Speech is produced
by organs evolved for the respiratory function of the body [4].
Breathing is a primary mechanism of speech generation. The
special mechanism of using the respiratory system to produce the
airflow necessary for phonation is termed as speech breathing
[5]. Understanding the relationship between respiration and
speech production has been an important field of research and
the current pandemic situation of COVID-19 accelerates this
need [6]. Our previous research showed that respiratory health
could be assessed using deep learning models [7, 8, 9, 10].

In this paper, our approach for detecting COVID-19 from the
speech is based on respiratory analysis and is different from the
methods involving traditional feature extraction like COMPARE
acoustic feature set, Bag-of-Audio-Words (BoAWSs) as described
in [11]. We use pretrained speech breathing models to estimate
respiratory parameters and use them to detect COVID-19 from
speech. These speech breathing models are taken from our
prior research, which established that it is possible to use neural
networks to estimate the breathing parameters from a speech
signal [7, 8, 9]. Apart from this approach, we also present
acoustic features identification using a statistical approach.

The remainder of the paper is organized as follows. In
Section 2, we introduce our methods. In Section 3, we present
the experiment setup and results. In Section 4, we present an
analysis of our systems. Finally we conclude in Section 5.

2. Method
2.1. Respiratory sensing from speech

Both the rib cage and the abdomen can be used to modulate
alveolar pressure and airflow during speech. Some speakers
exhibit the stronger use of rib cage over abdominal contributions,
and some speakers show a relatively equal contribution from both
the rib cage and abdomen [12]. The chest wall has been treated
as a two-part kinematic system comprised of the rib cage and
diaphragm-abdomen in parallel with only one degree of freedom
each [13], and wherein the volume displaced by each part is
linearly related to the motions of points within it [12]. When a
known air volume is inhaled and measured with a spirometer, a
volume-motion relationship can be established as the sum of the
abdominal and rib cage displacements [13].

The Philips read speech database was collected at Philips Re-
search, Eindhoven, The Netherlands in 2019, with the approval
of the Internal Committee Biomedical Experiments (ICBE) of
Philips Research. The data was collected using the following
setup: two respiratory elastic transducer belts over the ribcage
under the armpits and around the abdomen at the umbilicus level
to measure the changes in the cross-sectional area of ribcage
and abdomen at the sample rate of 2 kHz. These belts work on
the principle of respiratory inductance plethysmography (RIP).
Earthworks microphone M23 is used for recording high-quality
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Figure 1: Respiratory belt signal with speech signal

speech at 48 kHz. The microphone is placed at a distance of one
meter from the speaker, and the data collection is conducted in a
specialized audio room for noise-free and echo-free recordings.
40 healthy subjects with no respiratory conditions(18 female and
22 male with age group ranging from 21 to 40 years old) are
asked to read “The Rainbow Paragraph”, a widely used phoneti-
cally balanced paragraph [14].

In our data collection two respiratory belts were placed
around the rib cage under the armpits and around the abdomen at
the level of the umbilicus, respectively. These belts work on the
principle of respiratory inductance plethysmography (RIP). They
consist of a sinusoidal wire coil insulated in elastic. Dynamic
stretching of the belts creates waveforms due to change in self-
inductance and oscillatory frequency of the electronic signal
and the electronics convert this change in frequency to a digital
respiration waveform where the amplitude of the waveform is
proportional to the inspired breath volume. Thus the sum of rib
cage and abdomen expansions measured by the respiratory belt
transducers is considered as the measure for the breathing signal.

2.2. Speech breathing models

Estimating breathing signals from the speech signal is a regres-
sion problem. Breathing signal is a quasi-periodic signal whose
characteristics are dependent on the prosodic and linguistic con-
tent of the speech signal. This information of speech can be
modeled using spectral features. Spectral features are based on
a time-frequency decomposition of the speech signal. In this
paper we use a linear spectrogram computed using short-time
Fourier transform, and a nonlinear spectrogram with logarith-
mic magnitude values on a Mel-frequency scale, i.e., log Mel
spectrogram.

Spectrogram and log Mel spectrogram of a speech signal of
a fixed time window is mapped with respiratory sensor value at
the endpoint of the time window with a stride of 10ms between
windows to train the neural network models. These models
will estimate the respiratory sensor values of a speech signal in
real-time to get the breathing pattern.

Using spectral features as an input representation of speech
signal, we implement convolutional neural network (CNN)
and Long short-term memory recurrent neural network (RNN-
LSTM) models using the PyTorch software framework [15]. In
the CNN model [16], the data is fed into a network of two convo-
lutional layers with a single-channel and kernel size of 3 and 5
respectively for filtering operation to extract local feature maps.
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Max pooling is deployed to reduce the dimensionality of feature
maps while retaining the vital information. The rectified linear
unit activation function is applied to introduce non-linearity into
the feature extraction process for each convolutional layer. Batch
normalisation is also applied on each convolution layer. This
is followed by 3 fully connected layers with ReL.U activation
function. Adam optimiser [17] with a weight decay of 0.001 is
used as an optimization algorithm.

In the RNN-LSTM model, the data is fed into a network
of two LSTM layers with 128 hidden units and a learning rate
of 0.001. Adam optimizer is used as an optimization algorithm
to update network weights iteratively based on training data
[17]. These hyperparameters for the network are best chosen for
estimation after repeated experimentation. Mean squared error
loss function and BerHu loss function[18] are used as regression
loss functions.

As estimating breathing pattern from speech using neural
networks is a regression problem, we use the following two
metrics for evaluation and comparison: Correlation and mean
squared error (MSE) of estimated breathing signal and the ac-
tual respiratory sensor signal. Also, we compare the breathing
parameters derived from the estimated and actual breathing sig-
nals. The model that estimates breathing signals with a higher
correlation, lesser MSE, and comparable breathing parameters
would be considered best for our study.
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Figure 2: the predicted and ground truth for breathing signal

2.3. Respiratory parameters

Breathing signals are analyzed to get breathing rate and tidal
volume equivalent, which are the essential respiratory parameters
to detect a person’s pathological condition.

1. Breathing rate is average number of breath events per
minute [19] and is computed by using Automatic Multi-
scale Peak Detection algorithm(AMPD) [20].

. Speech Tidal volume is a measure of the amount of air a
person inhales during a normal breath for speech. It gives
information about the lung capacity of a person [13]. We
normalize the average area under the curve per breath and
use it as a tidal volume equivalent. We consistently use
the term “tidal volume” to describe the above-mentioned
speech tidal volume equivalent in this paper.

It is observed from our database that breathing rate during
conversational speech is nearly half the normal resting breathing
rate of a person.



Table 1: Philips Database (read speech protocol): The r, MSE and breathing parameters for systems using spectral based approach.

Breathing Parameters
Breathing Rate Breath Event Tidal
Loss Volume
Models . r MSE . .
Function prediction true error Sensitivit error
(breaths/min)  (breaths/min) (%) ensiivity (%)
Spectral Based Approach
I/P: log Mel spec MSE 0.476  0.019 10.42 9.84 5.89% 0.916 12.11%
O/P: sensor BerHu 0.482 0.039 10.98 9.84 11.58% 0.902 16.24%
Architecture: RNN
I/P: log Mel spec MSE 0.472 0.034 10.85 9.84 10.26% 0.896 16.22%
O/P: sensor BerHu 0.462 0.042 11.78 9.84 19.71% 0.821 18.84%
Architecture: CNN

2.4. Statistical approach for feature selection

To analyze how various acoustic measures differed for COVID-
19 and non COVID-19 condition, several one-way analyses of
variance (ANOVAs) were conducted. The acoustic features in-
vestigated for this approach are indicated in Table 2 [21]. A
one-way multivariate analysis of variance (MANOVA) is used
to investigate the effect of condition on speech features. A
MANOVA extends the traditional analysis of variance (ANOVA)
possibilities as multiple dependent variables can be simultane-
ously determined while the joint error rate does not increase
[22]. Therefore, the risk of rejecting a true null hypothesis (type
I error) is minimized. A MANOVA was preferred over ANOVA
because the current analysis included multiple dependent vari-
ables which were moderately correlated.

Table 2: Acoustic features and their descriptions used in statisti-
cal approach

Feature Description

Perceived loudness in dB
Perceived pitch in Hz
Range in variation in level
and extent of pitch in Hz

Mean intensity(dB)
Mean frequency(Hz)
Pitch variability (Hz)

Jitter (%) Vocal fold frequency
variability (frequency perturbation)
Jitter ppq5 Five-point perturbation quotient
Shimmer Variability of the peak-to-peak amplitude
Shimmer apq3 3-point amplitude perturbation quotient
Shimmer apq5 5-point amplitude perturbation quotient
HNR Proportion of the harmonic sound

to noise in the voice

3. Experiments
3.1. COVID-19 speech database

The database[23] was collected via the COVID-19 Sounds App
since its launch in April 2020, aiming at collecting data to inform
the diagnosis of COVID-19 based primarily on voice, breath-
ing, and coughing. Participants were able to provide audio
samples together with their COVID-19 test results via multi-
ple platforms (a webpage, an Android app, and an iOS app).
The participants also provided basic demographic, medical in-
formation, and reported symptoms. For the COVID-19 Speech
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Sub-Challenge(CSS), only voice recordings with COVID-19
positive/ negative test results were included separately, and only
audio data and the corresponding COVID-19 test labels are pro-
vided. The quality of these data was manually checked. As
they were crowd-sourced, the original audio data had varying
sampling rates and formats; all of them were resampled and
converted to 16 kHz and mono/16 bit, and further normalized
recording-wise to eliminate varying loud-ness. For the CSS, we
use 893 recordings from 366 participants in a total of 3.24 hrs. In
each speech recording, the participant recorded speech content
(“I hope my data can help to manage the virus pandemic.”) in
one language (English, Italian, or German, etc.), one to three
times. For each recording, a COVID-19 test result was available,
which was self-reported by the participant. To create the two-
class classification task, the original COVID-19 test results were
mapped onto either positive (denoted as ‘P’) or negative (‘N’).

3.2. Proposed speech breathing models

For each of 893 recordings, logMel spectrograms are extracted
and inputted into the speech breathing model to estimate the
corresponding breathing signal. This estimated breathing signal
is analyzed to compute the speaker’s breathing rate and tidal
volume.

3.2.1. Respiratory parameters + SVM

‘We compute respiratory parameters i.e. breathing rate and tidal
volume, using RNN-LSTM model and CNN model as described
in section 2.2 for train and development sets of the database. Test
set isn’t used as its ground truth values weren’t available while
performing our study. These parameters are used as feature input
for the support vector machine (SVM) evaluation with linear
kernels for classification. Unweighted Average Recall (UAR) is
used as the evaluation metric for this challenge, mainly because
it is fit for (unbalanced) multi-class classifications than Weighted
Average Recall (accuracy) [24]. Results of the evaluation are
shown in Table 3.

3.2.2. Respiratory parameters + GeMAPS+ SVM

Respiratory parameters i.e. breathing rate and tidal volume
are concatenated with opensmile’s The Geneva minimalistic
acoustic parameter set (GeMAPS)[25] with 88 features and used
as feature input for the SVM evaluation with linear kernels and
the results are shown in Table 3.

We also experimented fusing breathing parameters with stan-



dard opensmile Compare 2016 with 6373 features. However we
didnt observe significant improvement in performance compared
to the baseline mentioned in the challenge.

Table 3: Unweighted Average Recall (UAR) reported on the Dev
set for baseline systems and proposed systems.

Dev
UAR

ComParE 2021 COVID-19 Speech baselines

OPENSMILE: COMPARE functionals+SVM  57.9
OPENXBOW: COMPARE BoAW+SVM 66.3
End2End: CNN+LSTM RNN 70.5
Proposed Speech breathing models

RNN-LSTM breathing model+SVM 67.3
CNN breathing model+SVM 65.4
RNN-LSTM + GeMAPS +SVM 71.2
CNN + GeMAPS+SVM 69.6

3.3. Statistical approach for feature selection

Table 4: Overview of the means, standard deviations, F-value
and p-value (in COVID vs. non-COVID) for all features.

Mean(SD)

Parameter COVID Non-cOviD Y | P

Mean 52.14 65.55 0.622 | .048

intensity(dB) (5.19) (3.36)

Mean 146.23 184.41 3.31 .32

frequency(Hz)) | (40.03)) (78.22)

Pitch 644.20 692.62 2214 | 213

variability(Hz) | (180.11) (461.00)

Jitter (%) 1.51 1.12 4221 | 132
(0.82) 0.61)

Jitter ppq5 0.79 0.38 5.682 | .089
(0.42) (0.49)

Shimmer 9.24 5.62 4212 | .038
(3.16) (2.42)

Shimmer apq3 5.12 3.12 3.782 | .092
(2.72) (1.12)

Shimmer apq5 4.21 1.98 2.221 | .044
(3.12) (1.61)

HNR 13.12 18.33 3.882 | .059
(5.51) (3.56)

4. Discussion

Speech breathing models developed using neural networks es-
tablish the relationship between and speech and respiration by
considering the linguistic features and prosodic factors of the
utterance. Speech of patients suffering from COVID-19 could
be different especially due to sore throat and also heavy be-
cause of respiratory track infection. This effects the prosodics of
speech which is reflected in the estimated breathing signal de-
rived from speech breathing models. We observed a significant
difference in breathing rates derived from estimated breathing
signal for COVID-19 speech vs non COVID-19 speech. The
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average breathing rate for 396 non COVID-19 speech recordings
is found to be 8.7 breaths/minute and the average breathing rate
for 214 COVID-19 speech recordings is observed to be 13.3
breaths/minute. The higher breathing rate for COVID-19 record-
ings is justified because of respiratory discomfort caused by the
disease i.e shortness of breath. However it is also observed that
the breathing rate of certain COVID-19 recordings was in the
range of non COVID-19 speech. This could be dependent on the
less severity of the patient at the moment of recording. In general,
tidal volume equivalent is also observed to be significantly lesser
for COVID-19 recordings compared to non- COVID-19 record-
ings. Again, outliers were observed, which could be dependent
on the patient’s less severity at the moment of recording.

Based on the statistical approach for feature selection, it is
observed from Table 4 that the following features have a p-value
less than 0.05, which implies that they are statistically significant.
Mean intensity plays an important role in detecting COVID-19.
It is also observed that the shimmer and its second perturbation
quotient are significantly increased in COVID-19 speech. This
could be because of insufficient and unstable pulmonary support
for a speech during COVID-19. It is observed that the Mean
intensity is significantly less in COVID-19 speech which is quite
intuitive.

5. Conclusions

This paper focused on using respiratory analysis from speech
using deep learning models. As COVID-19 effects the respira-
tory health of a person, it is expected to have significant differ-
ence in respiratory features for COVID-19 and non COVID-19
speech. We investigated use of respiratory parameters derived
from pretrained speech breathing models as main features for
classification to identify COVID-19 speech. Our approaches,
similar to the baseline CNN+RNN-LSTM approach [11], out-
perform low level descriptors and bag-of-audio words based
approach. On the development set, our systems are comparable
to CNN+RNN-LSTM.

The statistical approach suggests that the acoustic feature
that is most relevant for classification is shimmer and its per-
turbation quotients. It is also observed that the shimmer and
its perturbation quotients are significantly increased in COVID-
19 speech. This could be because of insufficient and unstable
pulmonary support for speech during COVID-19 condition.

Estimating breathing signal and parameters from the speech
signal is an unobtrusive and potentially cost-effective option
for long-term breathing monitoring for COVID-19 patients in
tele-health care applications.

Apart from COVID-19 detection from speech recordings,
this technology could also be extended for chronic respiratory
conditions like COPD, asthma and could facilitate continuous
breathing activity monitoring, aiding a more thorough and ad-
equate assessment for early recognition of abnormal breathing
syndromes.
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