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Abstract. Millions of people have died worldwide from COVID-19. In
addition to its high death toll, COVID-19 has led to unbearable suffer-
ing for individuals and a huge global burden to the healthcare sector.
Therefore, researchers have been trying to develop tools to detect symp-
toms of this human-transmissible disease remotely to control its rapid
spread. Coughing is one of the common symptoms that researchers have
been trying to detect objectively from smartphone microphone-sensing.
While most of the approaches to detect and track cough symptoms rely
on machine learning models developed from a large amount of patient
data, this is not possible at the early stage of an outbreak. In this work,
we present an incremental transfer learning approach that leverages the
relationship between healthy peoples’ coughs and COVID-19 patients’
coughs to detect COVID-19 coughs with reasonable accuracy using a
pre-trained healthy cough detection model and a relatively small set of
patient coughs, reducing the need for large patient dataset to train the
model. This type of model can be a game changer in detecting the onset
of a novel respiratory virus.
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1 Introduction

1.1 Motivation

Coronavirus and other human-transmissible respiratory viruses have become
prevalent and have led to human suffering and a large number of deaths in recent
times. According to the World Health Organization (WHO), the novel coron-
avirus SARS-CoV-2 (COVID-19) has so far caused a total of over 771 million
infections and over 6.9 million deaths globally [8]. Even after the development of
a vaccine, over 300 thousand infections and 1.5 thousand deaths occur a day [8].
Additionally, COVID-19 created a heavy economic burden on the health sec-
tors, e.g., the United States incurred a total of $163.4 billion in direct medical
expenses during the pandemic [40]. Early onset detection can help prevent the
rapid spread and its adverse consequences. But, traditional diagnosis approaches
are slow and require resources, such as viral tests (based on samples from the
nose and mouth) or antibody tests [3], chest X-ray or spirometry tests [4], blood
tests, pulse oximetry, and sputum tests [1,7]. These resources are not readily
available in peoples’ homes or at healthcare access points, such as primary care
or urgent care. Therefore, there is a need for an approach that can be easily
deployed to quickly detect the onset and control disease spread.

1.2 Related Work

Researchers have been trying to develop tools/systems to objectively detect and
remotely report typical symptoms of respiratory diseases, such as coughing.
Many of these techniques require the use of wearable technology. For exam-
ple, researchers have detected coughing with 0.82 accuracy using smartwatch
accelerometers and audio recordings [31], and 0.94-0.95 sensitivity using ECG,
thermistor, chest belt, accelerometer, contact microphone, audio microphone [23]
and chest sensor [11]. Some researchers proposed a respiratory monitoring system
using a wearable patch sensor [24] and a wearable radio-frequency (RF) cough
monitoring system [26]. On the other hand, a group of researchers proposed a
COVID-19 symptom tracker utilizing a headset-like sensor [45].

However, we have found that people’s adherence to wearables drops signif-
icantly over time, compared to smartphone adherence [9,28]. Therefore, some
researchers have been trying to detect objective symptoms, such as cough-
ing, using smartphone data [12,13,20,48,56]. One team of researchers proposed
machine learning-based COVID-19 cough, breath, and speech detection using
smartphone recording files [37,38]. They achieved up to 0.93 area under the
curve using the k-nearest neighbor classifiers. Other researchers developed frame-
works to diagnose COVID-19 using a smartphone app and built-in sensors in the
smartphone [27,30].

However, a major limitation of all these existing cough detection models
is the underlying assumption of the availability of a good amount of relevant
data, which is not always possible [13]. For example, during the early stage of a
new outbreak, there is not much data to develop a reasonably good traditional
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machine learning model due to the need for a large volume of data. But coughs
from healthy people and patients have similarities, which can be utilized to detect
COVID-19 coughs using a healthy cough detection model and a relatively small
set of coughs from COVID-19 patients, reducing the need for large amounts
of COVID-19 patient coughs. This kind of model would be invaluable in the
detection of a new novel respiratory disease.

1.3 Contribution

The main contribution of this work is to present a novel approach leveraging
similarities between healthy people’s coughs and COVID-19 patients’ coughs
to incrementally transfer healthy cough detection models to COVID-19 cough
detection models with smaller batches or folds of COVID-19 coughs. Compared
to large data-driven traditional modeling approaches, incremental transfer learn-
ing approaches can help detect the onset of a novel respiratory virus early uti-
lizing a relatively small set of cough samples obtained from the first few people
infected and a pre-trained healthy people’s cough detection model to control the
spread of the novel respiratory disease to minimize adverse consequences.
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Fig. 1. Proposed modeling approach
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2 Methods

In this section, we first present our modeling approach. Next, we discuss cough
and non-cough audio recordings obtained from different sources, data processing
steps, and neural network architectures and parameters used in this work.

2.1 Modeling Approaches

In Fig. 1, we present our modeling scheme. We start with a pre-trained model [44]
developed to detect 1000 objects, i.e., classes from the ImageNet dataset [6].
Next, we use transfer learning to develop two base models and one target model
to detect coughs obtained from healthy people and COVID-19 patients using
transfer learning.

1. TmageNet to Healthy (I2H) model: We transfer our ImageNet 1000 object
detection model to a binary model detecting healthy cough versus non-cough.
Throughout this manuscript, we name this model as “ImageNet to healthy”,
i.e., I2H model. This is one of the two base models. This model will be later
used to develop the target COVID-19 cough detection model incrementally.

2. ImageNet to COVID-19 (I2C) model: We transfer the ImageNet 1000 object
detection model to a binary model that detects COVID-19 cough versus non-
cough, which we refer to as “ImageNet to COVID-19”, i.e., I2C model in
this manuscript. This is the second base model, which will be used as a
reference model when comparing the performance of our target COVID-19
cough detection models.

3. Healthy to COVID-19 (H2C) model: We transfer the healthy cough detection
model, i.e., I2H model, incrementally by adding smaller batches, i.e., folds of
COVID-19 coughs to detect COVID-19 coughs. This target model is named
“Healthy to COVID-19”, i.e., H2C model.

Our ultimate goal is to utilize the I2H model and smaller batches/folds of
COVID-19 coughs to develop a target H2C model that achieves close perfor-
mance to the I2C base model to investigate the capability and feasibility of
incremental transfer learning. The incremental fold addition is the core of our
transfer learning approach. Model performance is analyzed to show how the tar-
get models improve over time and to determine the minimum number of samples
required to identify disease coughs accurately. There may not be a base model
for a new disease for the performance comparison, such as the I2C model. How-
ever, our approach is to demonstrate that incremental transfer learning can be
a pathway to get a valid model even when we have few samples of the new
disease-specific patient data.
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Fig. 2. Distribution of cough duration

2.2 Datasets

This section briefly describes six major datasets used in our experiments, includ-
ing three COVID-19, two healthy cough datasets, and an image dataset.

1.

ImageNet Dataset [6]: This is a publicly available image dataset with a thou-
sand object classes and millions of images. The dataset contains various types
of objects types, including geese, balloons, and fruits. We use the ImageNet
dataset to develop the pre-trained “ImageNet” model.

Coswara Dataset [41]: This crowdsourced dataset consists of breathing, cough-
ing, and voice sound recordings from healthy people and COVID-19 patients.
The sampling rate is in the range of 47.82 + 0.83 kHz. In this work, we use
the voluntary coughs obtained from 274 COVID-19-positive patients.
COUGHVID Dataset [36]: This crowdsourced dataset contains more than
25,000 cough recordings from COVID-19-positive patients or asymptomatic
people of varying ages, genders, and regions. The sampling rate of this dataset
is around 44.1 kHz. We use the voluntary coughs obtained from 719 COVID-
19-positive patients or asymptomatic people.

. NoCoCoDa Dataset [17]: This dataset contains natural cough recordings of

13 COVID-19-positive patients collected from public media interviews. Audio
recordings are collected at a 44.1 kHz sampling rate.

ESC-50 Dataset [39]: The environmental sound classification (i.e., ESC-50)
dataset consists of audio recordings from five categories of sounds (i.e., ani-
mal, natural soundscapes, human sounds, interior sounds, and exterior noises)
with 10 types of sounds per category recorded at a rate of 44.1 kHz. There
are 40 audio recordings per type (2,000 recordings in total). We use the vol-
untary cough recordings from five healthy subjects as the cough class, i.e.,
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healthy coughs. The remaining 49 sound types are used to create the non-
cough class when developing the binary cough versus non-cough models pre-
sented in Sect. 2.1.

6. AudioSet Dataset [25]: This dataset contains a wide range of 632 sound classes
obtained from YouTube videos, where samples are recorded at 16 kHz and
44.1 kHz. In this work, we use voluntary coughs from 88 healthy subjects.

In this work, we combined all COVID-19 data to create one COVID-19
patient cough dataset (n = 1006 patients). Similarly, we combined all healthy
cough datasets to develop another cough dataset (n = 83 healthy people). While
combining data from different datasets, we keep the subject information so that
they can be utilized later to create mutually exclusive splits or folds among
the training, validation, and test sets. All non-cough data is obtained from the
ESC-50 dataset.

2.3 Data Processing

This section presents our cough ground-truth label collection approach from
long audio recordings, followed by additional processing steps, including finding
an optimal window size, padding, and feature extraction. Finally, we present
our cross-validation approach with incremental training to develop H2C models
from I2H model which requires relatively fewer COVID-19 coughs.

Data Cleaning and Ground-Truth Label Collection. Most of the audio
data used in this work come from crowd-sourced datasets. Therefore, we first
perform a rigorous cleaning process to remove unwanted parts, including quiet,
speech, and noises using different audio signal processing libraries and tools,
including the Audacity toolbox [2].

After the initial cleaning, we performed data segmentation to extract the
ground-truth cough labels from long audio recordings with multiple coughs uti-
lizing the Audacity toolbox. Adapted from our previous work [46,74], we auto-
mated the process by developing an energy threshold-based audio segmentation
followed by a phase classification approach.

We obtained 144 and 252 healthy coughs from the ESC-50 and AudioSet
datasets. Similarly, we obtained 1892, 2690, and 73 COVID-19 coughs from the
Coswara, COUGHVID, and NoCoCoDa datasets, respectively. In total, we used
396 healthy coughs and 4655 COVID-19 coughs.
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Fig. 3. Optimal Architecture of different models

Feature Extraction. Since we collected audio recordings from different

sources, we first changed all sampling frequencies to 44.1 kHz frequency before
additional processing.

Next, we determined a suitable window size before computing features. In
Fig. 2, we use boxplots to represent the distribution of cough duration obtained
from various datasets. In the figure, we find that 75" percentile of Coswara
healthy cough duration, i.e., 0.3917s, is a suitable choice for window size since
most of the other healthy and patient coughs, except the NoCoCoDa coughs,
have a duration shorter than that. Compared to other datasets, the NoCoCoDa
dataset has relatively fewer samples.

We perform padding (i.e., add 0s) at the end of coughs shorter than the
window size (i.e., 0.3917s). In the case of longer cough and non-cough audio
recordings, we truncate the parts longer than the window size. Finally, we com-
pute the log mel-spectrogram [34] (logmel) and Mel-frequency cepstral coefficient

(mfcc) image features from each cough and non-cough audio recording using the
Python Librosa library [33].

Training, Validation, and Test Split. First, we uniformly split the cough
data into 10 mutually exclusive folds based on subjects. For class balancing,
we select the same number of non-cough samples as we have cough samples for
the 10 folds. Thereby, we maintain the same number of cough (either healthy
or COVID-19) and non-cough instances when training, validating, and testing
binary cough (either healthy or COVID-19) versus non-cough detection models
presented in Sect.2.1. Next, we follow a “leave-2-fold-out” for validation and
“leave-2-fold-out” for the test approach, where we use the remaining six folds
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for training while developing and validating/testing a I2H or I2C model from
the pre-trained ImageNet Model. We follow a rotational approach, where we per-
form this mutually exclusive 6-2-2 train-validation-test split 10 times to develop
10 different models. While developing H2C models, we follow an incremental
training approach, where we add the six training folds of COVID-19 data to
the H2C models one-by-one. We perform this incremental training for one of
the 10 6-2-2 splits. During the incremental training, we distribute COVID-19
subjects in 10 folds using a snaking approach, where we first sort the subjects
in descending order of cough counts. Then, we put the top 10 subjects into 10
folds. Next, 10 subjects are put into 10 folds. This way, we maximize the number
of cough samples in 10 folds. We end up with 100 subjects in each fold with 450
random COVID-19 cough samples.

2.4 Neural Network Architectures and Parameters

In Fig. 3a, we present the optimal architecture of the two models (i.e., I2H or
I2C models) transferred from the pre-trained ImageNet model developed with
VGG19 [44). In Fig. 3b, we present the optimal architecture of the H2C model
transferred from the I2H model by adding folds of COVID-19 coughs. In the
figure, the sequence and meaning of different parameters in each layer are kernel
size and the number of feature maps, i.e., nodes in each layer. The pre-trained
ImageNet VGG19 model had fully connected (FC) three layers with 4096, 4096,
and 1000 nodes, followed by a softmax layer to classify 1000 objects. We changed
the last four layers with FC 512, 50, and 1 node, followed by a sigmoid layer for
binary classification of healthy cough versus non-cough (I2H model) or COVID-
19 cough versus non-cough (I2C model). Compared to the I2H or I2C model,
we add four additional convolutional layers and a pooling layer in the case of
H2C models.

We used TensorFlow and Keras libraries to develop our models. We used the
ReLU activation function in the hidden layers and the sigmoid decision function
in the final layer for every model. For the loss function, we used binary cross-
entropy. We tried Adam and RMSprop optimizer and found Adam achieves 53%
higher accuracy than the RMSprop. We also tried batch sizes 16 and 32 and
found that batch size 16 is more accurate and has a shorter execution time.
The input size used in this work is (320,320). We considered a range of learning
rates, including 0.00001, 0.0001, and 0.0005, and epochs ranging from 30 to 200.
We found a learning rate of 0.0001 works better for the I2H and I2C models.
Similarly, we found a learning rate of 0.00001 is a good compromise for the H2C
models. We developed models on Purdue University’s Gilbreth GPU server with
8 GPU nodes and 16 cores per node [5]. Each node has 192 GB memory, 100
Gbps Infiniband interconnects, and 2 P100 GPUs.
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The addition of a single fold reduces the avg. accuracy
gap to 0.037 compared to 0.05, as found in Fig. 4 when
comparing H-C and H-H models/boxes
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Fig. 5. Performance of H2C models developed using transfer learning incrementally
by adding folds of COVID-19 coughs to I2H models

3 Results

Since we use the mutually exclusive folds with the same number of cough and
non-cough instances in each fold (Sect. 2.3) when developing binary models, our
classes are always balanced, and we use classification accuracy when comparing
the performance of different models.
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In Fig.4, we present the performance of the two base models, i.e., I2H and
I2C models when tested on different cough datasets. First, we analyze the perfor-
mance of the I2H base models, i.e., healthy cough detection models transferred
from the pre-trained ImageNet models using healthy people’s coughs. The I2H
base models are tested on the healthy test coughs, and the findings are presented
using the Healthy-Healthy or H-H box in the figure. We observe average accu-
racy values of 0.93 £ 0.02 (logmel) and 0.92 + 0.05 (mfcc) with median values
of 0.93 (logmel) and 0.93 (mfcc).

Next, we analyze the performance of the second base model, i.e., I2C model
(COVID-19 cough detection models transferred from the pre-trained ImageNet
models using COVID-19 patient coughs). The I2C model is tested on the
COVID-19 test coughs, and the findings are presented using the COVID-COVID
or C-C box in the figure. We observe average accuracy values of 0.96 & 0.02 (log-
mel) and 0.95 £ 0.01 (mfcc) with median values of 0.96 (logmel) and 0.95 (mfcc).

Next, we analyze the performance of the I2H models (i.e., base models to
detect healthy people’s coughs) when tested on COVID-19 test coughs and
present the findings using the Healthy-COVID or H-C box in the figure. We
observe average accuracy values of 0.88 £ 0.07 (logmel) and 0.86 £ 0.03 (mfcc)
with median values of 0.91 (logmel) and 0.86 (mfcc). In the case of logmel feature,
the drop in average accuracy is 0.05 and 0.08 when compared with the findings
in the Healthy-Healthy (H-H) and COVID-COVID (C-C) boxes, respectively. In
the case of mfcc feature, the drop in average accuracy is 0.06 and 0.09 when
compared with the findings in the Healthy-Healthy (H-H) and COVID-COVID
(C-C) boxes, respectively. To improve the accuracy values of the H-C box (i.e.,
I2H models tested on COVID-19 test coughs), we incrementally developed H2C
models transferring the I2H models by adding small amounts of COVID-19
coughs in folds. Since logmel features outperform the mfcc features across all
measures, we consider the logmel features in the next analysis.

In Fig. 5, we present the accuracy gap of H2C models with respect to the
average accuracy of the base I2C models by varying amounts of COVID-19
coughs (i.e., number of folds) included in the training set. In the figure, we
observe that with the addition of only one fold of COVID-19 coughs, the average
accuracy gap drops to 0.037.

The average accuracy gap drops to 0.02 by adding two more folds of COVID-
19 coughs to the base I2H models. Thereby, with the addition of three folds of
COVID-19 coughs with the healthy cough detection models, i.e., I2H models,
we can achieve a performance close to that of the base COVID-19 detection
model performance.

As we continue adding more folds of COVID-19 coughs to the base I2H mod-
els, we witness a drop in accuracy gap, and after adding all six folds of COVID-19
patient coughs, the accuracy gap drops to 0.01. Additionally, adding more folds
makes the error bar tighter, reflecting more consistent accuracy values. Thereby,
using this incremental transfer learning approach, we can develop COVID-19
detection models, such as H2C models, from the base healthy people’s cough
detection models, i.e., I2H models and smaller amounts of COVID-19 coughs to
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achieve very close performance to that of the base COVID-19 detection models,
i.e., I2C models.

4 Conclusion and Discussion

This work attempts to utilize the power of transfer learning and similarities
between two types of coughs, i.e., healthy and COVID-19 coughs, to incremen-
tally develop new models requiring a relatively small set of patient coughs to
achieve similar performance to that of the COVID-19 cough detection models
trained from a bigger COVID-19 cough dataset. Our findings show the promise
of utilizing healthy cough detection models to detect COVID-19 coughs after
training with relatively fewer patient coughs.

This model can be useful to detect an early-onset novel respiratory virus
with a smaller amount of relevant data. However, before generalizing the find-
ings to similar or other problems, extended studies with a diverse population,
diseases, and stages will be needed. While image feature-based transfer learn-
ing has been adopted in this feasibility work, in the future, other types of
data, e.g., acoustic signals, can be utilized to adapt transfer learning models
and can be compared with this feasibility work. This work and findings will
also impact other domains of predictive modeling, including place of importance
discovery [59,65,67,70,71], health condition monitoring [14,42,43,57,66,72,73]
and well-being tracking [21,29,47,50,52,55,58,60,61], securing a user’s cyber-
physical space [10,15,16,18,19,22,32,35,49,51,53,54,62-64, 68, 69], as it presents
the feasibility of developing predictive models with relatively small datasets to
alternate the traditional approaches requiring large-scale datasets.
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