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Abstract: A respiratory distress estimation technique for telephony previously proposed by the
authors is adapted and evaluated in real static and dynamic HRI scenarios. The system is evaluated
with a telephone dataset re-recorded using the robotic platform designed and implemented for
this study. In addition, the original telephone training data are modified using an environmental
model that incorporates natural robot-generated and external noise sources and reverberant effects
using room impulse responses (RIRs). The results indicate that the average accuracy and AUC are
just 0.4% less than those obtained with matched training/testing conditions with simulated data.
Quite surprisingly, there is not much difference in accuracy and AUC between static and dynamic
HRI conditions. Moreover, the beamforming methods delay-and-sum and MVDR lead to average
improvement in accuracy and AUC equal to 8% and 2%, respectively, when applied to training and
testing data. Regarding the complementarity of time-dependent and time-independent features, the
combination of both types of classifiers provides the best joint accuracy and AUC score.

Keywords: respiratory-distress evaluation; human-robot interaction; deep learning; beamforming
methods

1. Introduction

Human-robot communication will play a key role in countless applications in the
next decades. Currently, multiple aspects of manufacturing have been improved by the
inclusion of robots to improve and optimize their processes [1]. Most robots used are
considered only as tools, because they are programmed for specific tasks that do not require
much deliberation [2]. On the other hand, social robots are designed to interact with people
to achieve common goals. These types of robots are much more relevant in areas such as
education and healthcare [3].

To emulate human-human communication successfully, a social robot should be able
to characterize the users’ profiles either physically, cognitively, or socially [4]. By doing
so, the robot could adapt its response based on the users’ behaviors or needs. Physical
characterization of a person may require often invasive methods such as those needed to
measure blood pressure or lung capacity. Other less invasive options correspond to the use
of wearable devices that allow measurements of sleep, movement, neurological activity,
or heart rate in a fast and more comfortable fashion for the user [5]. However, wearable
sensors are not always accurate or robust, so improving their performance remains a
major challenge [6,7]. In this context, the use of voice emerges as a potentially valuable
alternative for physical profiling. Speech includes linguistic and paralinguistic information
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(e.g., prosody) that are especially useful in several applications [8] but that also convey
information to detect respiratory problems [9].

1.1. Voice-Based Estimation of Respiratory Distress

Chronic respiratory diseases (CRDs) are important to global health systems, particu-
larly regarding bronchial asthma and chronic obstructive pulmonary disease (COPD). It is
estimated that there are 262 million people affected by bronchial asthma and more than
200 million people affected by COPD, which causes almost 3 million deaths per year and
accounts for 6% of all deaths [10]. Although there is no cure for COPD, its treatment can
help improve patients” quality of life by providing better symptom control [11].

Radiography is an inexpensive and commonly used method for the detection and
monitoring of respiratory diseases. Computed tomography can also provide visual and
quantitative information on disease severity [12]. Spirometry can also detect lung disease,
but the result is not easily interpretable [13]. Sound analysis of the respiratory system,
including lung, cough, breath, voice, and heart sounds, is used by health professionals to
identify respiratory diseases such as asthma, bronchitis, Bordetella Pertussis infection and
SARS-CoV-2 [14]. However, all these methods require patients to attend an interview clinic
or health center to undergo the relevant tests, which may limit accessibility for patients
depending on their ages or locations.

The significant increase in demand for health services in recent years has led to the
development of remote health monitoring tools [15]. Machine learning (ML) has been used
to prevent and manage COPD by collecting and integrating large-scale medical data for
precision medicine [16]. The COVID-19 pandemic has further driven research on artifi-
cial intelligence (Al)-based solutions, such as automatic detection of SARS-CoV-2 [17-20],
mainly on smartphones [21]. These systems enable remote disease monitoring and reduce
the need for patients to visit medical centers [22-24]. In addition, remote monitoring
has been considered to be useful for people with severe chronic illness who have been
discharged from the hospital [25].

Automation can also improve scalability by removing the requirement for an expert
to assess each individual, and multiple automated healthcare applications have emerged
in recent years. An example is the automated detection of COVID-19 or other respiratory
diseases using X-ray or CT images of the lungs as input [26]. Alternatively, some studies
have focused on the automatic detection of SARS-CoV-2 by analyzing the sounds produced
by coughing, vocalization, and forced breathing [27,28].

According to [29], voice-based respiratory disease detection can be standardized and
can reduce the variability or bias between different physicians administering questionnaires.
One example is the Dyspnea Assessment Questionnaire, which can be applied by physicians
easily but is not suitable for ordinary people, particularly the elderly who may struggle
with understanding and answering the questions. Additionally, the patients” responses
may be affected by their mood or habituation to the disease [30-32].

Coughing is a prevalent symptom of colds and respiratory illnesses, accounting for up
to 38% of respiratory inquiries [33], and can provide valuable information for ML-based
models. However, asking the user to repeat the coughing events can affect the naturalness
of the symptom and may cause discomfort. Studies have also demonstrated that coughing
is not as effective as reading a text or using a sustained vowel for classifying respiratory
diseases such as COVID-19 [34].

As mentioned above, automated voice-based detection of respiratory diseases has
mainly focused on COVID-19 [35]. However, some studies have also included diseases
such as asthma, bronchitis, and pertussis [36]. Surprisingly, the severity of symptoms has
not been addressed exhaustively in the literature even though it is an important factor for
patient diagnosis and monitoring. In [37], a method for classifying patients with COPD into
different severity grades using FEV1 (forced expiratory volume in one second) as the gold
classification metric is proposed. Two classification scenarios were considered separately:
discerning between non-COPD/COPD individuals and discriminating between mild and



Sensors 2023, 23, 7590

30f22

moderate COPD according to the FEV1 scale. However, the study did not evaluate the
classification between all severity grades simultaneously. In [38], a system to evaluate
dyspnea with the mMRC scale on the phone by employing deep learning was described.
The method is based on modeling the spontaneous behavior of subjects while pronouncing
controlled phonetizations. Remote monitoring of respiratory diseases by means of audio
analysis is an important topic in current research. The early identification of dyspnea can
be helpful to identify the diseases that cause it (e.g., respiratory or cardiac diseases, etc.)
and to allow their timely management. Moreover, monitoring dyspnea is very important
to detect acute diseases (such as pneumonia due to COVID-19 and other pneumonias) and
thus to determine whether it is necessary to hospitalize. Audio-based remote monitoring
can also be useful to follow up the patients " evolution and to manage chronic conditions.

Mel-frequency cepstral coefficients (MFCCs) and Mel-frequency spectrograms, which
have been widely used in automatic speech recognition (ASR), have also been employed for
voice-based COVID-19 and breathing distress detection [39,40]. Additionally, the speech
signal dynamics can be represented using the first and second derivatives of previous static
features [41]. In studies such as [42], other characteristics such as pitch, jitter, and shimmer
were also suggested for COVID-19 detection.

The databases used for training machine learning models, both public and private,
such as COSWARA [43], DICOVA [44], and COUGHYVID [45], share some common charac-
teristics in the recorded audio recordings. These similarities include the use of sustained
vowels, breathing sounds, sentence reading, or forced coughing.

In [35,46—49], the ML architecture and hyperparameters were optimized to obtain
deep features with convolutional neural networks (CNNsf) layers to address the problems
of COVID-19 or respiratory distress detection. These deep features can be concatenated
and input to a neural network-based classifier trained on an end-to-end basis to combine
the parameters. Staged training can also be employed where classification modules are
trained independently with each set of features, and then they are combined to deliver the
final system decision. By doing so, each classifier is optimized individually, and fusion
methods can be employed, which is not possible with a single neural network architecture.
In [49], for example, the final decision is made by feeding the outputs of the classification
modules (softmax) into an SVM. The classifier outputs are subjected to the majority vote
rule to deliver the final decision in [50]. In [51], the final classification decision is obtained
by weighting the output probabilities.

Surprisingly, the optimization of the complementarity that can be provided by different
types of phonetizations has not been addressed exhaustively. In some cases, as in [34], the
VGG19 CNN architecture was employed to find the vocalization that could provide the
highest accuracy in post-COVID-19 patient identification. In other studies, as in [36], the
features extracted from the phonetizations are concatenated and input to a neural network
that is expected to learn how to combine them.

Interestingly, the problem of optimizing the complementarity observed in different
types of vocalizations has not been addressed elsewhere in great detail. In [34], the CNN
VGG19 architecture was used to determine the phonetization that could offer the greatest
accuracy in identifying patients with COVID-19. In [36], features obtained from several
phonetizations are input into a neural network that is designed to learn how to integrate
them. The combination of three types of phonetizations is exhaustively explored in [38] to
estimate respiratory distress with telephone speech.

1.2. Human—Robot Interaction

Although the confinements caused by the pandemic may have come to an end, prob-
lems in healthcare centers persist, such as lack of supplies, shortage of professionals, and
the growth of vulnerable populations. This is an ideal environment for the introduction of
social robots into this world, either attending or collaborating with the health personnel to
diagnose or treat the patients. Social robots are already becoming widespread in the health-
care field because of these problems [52] but usually performing administrative tasks or
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care for children, the elderly, and people with reduced mobility [53,54]. Surprisingly, there
has been no significant use of social robots to estimate dyspnea, especially considering the
progress that has been made independently in respiratory assessment and the importance
of user profiling in HRI in the last years. A clear application could be in a health center
where a robot can interview patients without the need of a health professional. Increase in
the measured mMRC score can trigger immediate actions to treat the patients. However, it
is worth highlighting that the applicability of user profiling goes beyond the health sector.
Consider, for example, the use of robots and human beings working together on a common
task in a commercial or defense application. Robots may be employed to estimate the
degree of respiratory distress of the persons with whom they interact to optimize the task
assignments, for example. We know that physical tiredness also leads to some degree of
respiratory difficulties. While prompting the users to pronounce controlled vocalizations
may not be feasible in some scenarios, this research is an important step toward evaluating
the degree of respiratory distress in human-robot collaboration contexts.

As noted above, several studies claim that the voice is a valuable source of information
for the detection of respiratory disorders. It is important to bear in mind that the voice can
be susceptible to external conditions, such as ambient noise (e.g., cocktail party effect [55]),
reverberation, and speaker movement. Therefore, it is crucial to consider these variables
when performing voice analysis in the evaluation of respiratory disorders. Several speech
enhancement techniques have emerged to address these problems and obtain a cleaner
target speech [56]. When there is an array of microphones, it is possible to apply beam-
forming or spatial filtering schemes generating a higher gain in the desired direction [57].
Classical beamforming mechanisms such as delay-and-sum (D&S) [58] and minimum
variance distortionless response (MVDR) [59] are widely used in the literature.

With the progress of Al, deep learning-based beamforming schemes have achieved
important results [60]. Studies propose the use of neural networks to estimate time-—
frequency masks with which covariance matrices can be estimated to be employed in
beamforming methods [61,62]. On the other hand, deep learning-based single-channel
masking schemes such as TasNets have also achieved significant improvements in speech
separation and enhancements by avoiding phase synchronization when reconstructing the
signals [63,64]. These single-channel-based techniques have led to methods that perform
speech enhancement on each channel individually and then apply beamforming, seeking to
reduce the effect of artifacts generated by the masks [65-67]. Other approaches have been
proposed to carry out multichannel speech enhancement without beamforming, either
through the use of autoencoders [68,69], graph neural networks [70], or fully convolutional
networks [71].

Generally, other evaluations of systems that perform speech separation or speech
enhancements have been performed using simulated databases [72], which makes it more
difficult to assess the extent to which these approaches can be applied in the real world.
Moreover, it is even more difficult to find studies that assess the performance of the models
under real dynamic conditions such as in mobile HRI scenarios. Some exceptions can be
found, for example, in [73-75], where the performance of speech separation or enhancement
systems are evaluated from the ASR point of view in real dynamic conditions.

In this paper, an automatic dyspnea detection system is adapted for real static and
dynamic HRI scenarios. The method presented here enables the monitoring of respiratory
distress by employing the modified Medical Research Council (mMRC) scale that classifies
dyspnea in five levels, from zero (healthy) to four (very severe). Surprisingly, this is the
first study that addresses the problem of respiratory difficulty in HRI despite the relevance
of user profiling in the field of robotics. While it is also possible that the manifestation of
dyspnea does not depend on the illness or condition that cause it, discriminating dyspnea
depending on its cause is beyond the scope of this paper. The aim of the technology
presented here was to detect dyspnea in HRI scenarios independently of the underlying
cause.
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The database that was employed to train the system was initially recorded over the
telephone network [38] and is composed of three controlled vocalizations of the user
taking deep breaths and then gasping for air, which were designed to represent the user’s
behavior while performing them. The first two phonetizations, which are /ae-ae/ and
/sa-sa/, provide pertinent information regarding the amount of air that the individuals in
question inhale. The third one corresponds to counting from 1 to 30 as quickly as possible
to evaluate the subjects” spontaneous behavior, which requires effort to accomplish. The
1-to-30 counting is inspired by the Roth Test [76]. The target is to provoke involuntary
breathing, voice pauses, coughing, tone variation, and other symptoms that could indicate
the severity of dyspnea [38]. The database was re-recorded on a real robotic platform
under static and dynamic conditions. To train the dyspnea estimation neural networks,
an acoustic model of the target room was incorporated into the original data that were
convolved with 33 real room impulse responses (RIRs) as in [75], and several environmental
noises were added at an SNR between 5 dB and 15 dB.

As was performed by the system discussed in [38], both time-dependent and time-
independent features are extracted from each vocalization to train a separate classifier
for each phonetization and type of feature. By doing so, it is possible to reduce the
dimensionality of the input vector and take advantage of the complementarity of different
vocalizations more explicitly. Time-independent features were classified by multilayer
perceptron (MLP) classifiers, while time-dependent features for the /ae-ae/ and /sa-sa/
vocalizations were classified by CNN-based architectures. For the 1-to-30 counting task, a
hybrid architecture combining a CNN and long short-term memory (LSTM) neural network
was used [38].

In contrast to [77], where results with only simulated acoustic environments were pre-
sented, the results reported here were obtained with a real robotic platform that was set up
for this study with a PR2 robot. The respiratory distress system was trained on the original
telephone data with the same data but after incorporating the acoustic model described
above. The D&S and MVDR beamforming schemes were also assessed. The testing subsets
included simulated and real HRI conditions with static and dynamic scenarios. In initial
experiments using the static and dynamic HRI data, we trained the respiratory distress
classifiers using the original telephone data and a model of the target acoustic environment
model that was obtained by adding external and/or robot noise and simulating reverber-
ation through the use of estimated RIRs for the task. This system provided an average
accuracy and AUC (area under the ROC curve) that are just 0.4% worse than those obtained
with matched training and testing conditions using simulated data. The results presented
in this paper indicate incorporating the acoustic model into the training subset can lead to
increases in accuracy and AUC equal to 13% and 5%, respectively, using real HRI testing
data when compared with the original telephone speech training set. Interestingly, the
differences between static and dynamic real HRI scenarios in accuracy and AUC of respira-
tory distress estimation were found to be quite small (less than 1.1%) when the training
database was processed to include the acoustic model. The complementarity analysis of
time-dependent and time-independent features revealed that the combination of both types
of classifiers led to better accuracy than each classifier individually. It is worth mentioning
that time-dependent features worked better in the static condition and time-independent
parameters in the dynamic one. Regarding the binary dyspnea presence—absence classifi-
cation, time-dependent features did not help with both static and dynamic HRI scenarios.
The best AUC was achieved with the time-independent parameters only. The contributions
of the paper are: (a) the first study to address the problem of respiratory distress estimation
in real HRI scenarios; (b) the adaptation of a respiratory distress estimation system based
on deep leaning to real HRI conditions; (c) the evaluation of acoustic modeling and beam-
forming techniques in the framework of the problem tackled here; and (d) the evaluation of
the complementarity between time-dependent and time-independent features with static
and dynamic real HRI scenarios.
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2. Beamforming

Beamforming technologies (also referred to as spatial filtering methods) are widely
adopted to tackle distant speech processing problems. They play a very important potential
role in social robotics for both speech-based HRI and audio sources analysis. It is worth
highlighting that beamforming technologies can be decomposed into two sub-problems:
source localization and the generation of the beamforming to achieve spatial filtering. In
this paper, the direction of arrival (DOA) is assumed to be known. Two schemes were
evaluated here: D&S and MVDR.

2.1. Delay-and-Sum

A microphone array is a collection of multiple microphones that can be combined and
processed to achieve spatial filtering with beamforming. This technique can help to reduce
noise and reverberation, especially by suppressing non-direct path acoustic signals. In this
study, a linear microphone array was employed using the Microsoft Kinect. This device is
widely used in HRI applications and features a four-channel linear microphone array (see
Figure 1), along with standard RGB and depth cameras.

Main response
axis (MRA)

N,
>

" Direction of Arrival
(DOA)

T4 Beamforming

\\\

_% Direction
T3 g
b
T2
‘ mict s m 36 mm| Mic2 [mic3 | mic4

76 mm

113 mm

A
\

Figure 1. Microphone array geometry of the Microsoft Kinect, where 1; is the time delay between
microphone / and the reference one, i.e., microphone 1, and ¢ is the look direction or DOA.

Delay-and-sum is a well-known beamforming technique, which involves summing
delayed signals to steer the look direction to the direction of arrival (DOA) of sound waves.
This produces destructive interference in all directions except for the DOA. The delayed
signals are summed to generate the output signal y(f) as in [78]:

y(t) = 2?:1 x(t—7) ¢))

where x;(t) denotes the signal samples from microphone [; 7; is the delay applied to channel
I with respect to the reference microphone, i.e., microphone 1 in this case; and L is the
number of channels, i.e., L is equal to four here. Delay 7; is given by [78]:

7 = 2 (sen(p)) @

where d; is the distance between the microphone ! and the reference one (see Figure 1) and
v is the propagation speed of sound.
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2.2. MVDR

MVDR is a more advanced technique than D&S and improves beamforming noise
suppression by adaptively reducing spatially correlated noise. This is achieved by creating
nulls on the interfering signals without affecting the gain in the look direction. If x;(m, 1)
represents the ith sample in frame m of channel /, where 1 < m < M, M is the number
of frames in a given utterance, 1 < i < frameLength, frameLength denotes the frame
length in number of samples, and X;(m, w) is obtained by applying the DFT to frame
x;(m,i) and denotes the component at discrete frequency w in frame m and channel [,
where 0 < w < numFreqBins, numFreqBins = % +1, and DFT size corresponds to
the number of samples employed by the DFT. The DFT of the MVDR output at the mth"
frame, Y (m, w), can be estimated as [79]:

Xl(m,w)
Xy (m, w)

Y(m,w) =w(m,w) 3)
X, (m, w)

where the weights are estimated on a frame-by-frame basis as [80]:

UH(m, w) Zﬁl (m,w)

@ oH (m, w) Zg]l(m,w)v(m,a))

H(m,w) =

4)

. . . T
Equation (4) includes the steering vector v(m, w) = {e‘f“’fl(m), e—jwna(m)  o—jwt(m) }

and the covariance matrix of the noise ¥ (1, w) = E{N(m,w)NH (m,w)}, where E{- }
denotes the expectation operator and N(m, w) denotes all the frames with only noise.

3. Testing Databases Using Static and Dynamic HRI Scenarios

The telephone database is similar to the one used in [38]. It includes patients with
COPD, pulmonary fibrosis, and post-COVID-19 patients who were recruited at the Clinical
Hospital of University of Chile (HCUCH), as well as healthy volunteers from the Faculty
of Physical and Mathematical Sciences (FCFM) at the same university. The study was
approved by the scientific ethic committees at the FCFM and HCUCH, and all participants
in the database gave informed consent. A pulmonologist from the HCUCH evaluated the
severity of their dyspnea using the mMRC scale (the gold standard), which, in turn, was
employed as the reference for training the deep learning-based architecture. Participants
were instructed to perform the three controlled vocalizations mentioned above without
pausing after taking deep breaths. These three phonetizations provide complementary
information among them, which, in turn, can lead to improvements when combined.

The database was composed of 100 people, consisting of 66 patients with respiratory
problems (43 COPD, 19 pulmonary fibrosis, and 4 post-COVID-19 patients) and 34 healthy
individuals. The deep learning models were trained using the mMRC scores as references,
with four levels ranging from zero to three. Class Four was underrepresented, with only
three individuals, so it was merged with Class Three. Class Zero denotes a healthy person
and Class Three corresponds to the most severe level of dyspnea observed in this study.
The database included 200 audios per each type of phonetization (2 repetitions per person
per type of phonetization), resulting in a total of 600 vocalizations. An automated speech
recognition system was used to discriminate the target phonetization from background
noise or unwanted audio as in [38]. It is important to note obtaining this kind of clinical
data is difficult and time consuming, and it requires an infrastructure that is not easy to
achieve. Under these circumstances, one needs to make the best use of the limited number
of patients that is available. Demographic and clinical information pertaining to these
patients is presented in Table 1.
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Table 1. Demographic and clinical info of the patients. FEV1 = forced expiratory volume in 1 s and
FVC = forced vital capacity (spirometric values were available for 59 patients).

Diagnosis n Age, Years Females Smoking Pack Year Index FEV,1/FVC FEV; % Pred FVC % Pred
Average SD (n) (n) (Average + SD) (Average + SD) (Average + SD) (Average + SD)
COPD 43 748 £8.1 15 43 34114218 54.3 +11.1 65.1 +22.9 94.7 +£21.8
PF 19 64.6 + 8.6 9 9 17.8 £ 14.7 88.7 £ 4.3 88.9 +£22.7 789 £20
COVID-19 4 56.25 + 8.9 3 2 20+ 10 885+21 95.5+17.7 89.5 +14.8
Total 66 70.7 £10 27 54 3144214 63.8 £18.3 71.1 £24.8 90.4 £ 22

3.1. Robotic Platform and Indoor Environment

To perform the recording of the database, a testbed similar to the one used in [74,75,81]
was implemented, where “Jarvis”, a PR2 robot, was employed. A Microsoft Kinect 360 was
installed on the head of the PR2, which consists of a linear array of four microphones and
three cameras (infrared, depth, RGB). By having a microphone array, the recorded audio has
four channels, allowing the possibility of beamforming of the recorded signal. The 600 voice
signals were recorded in a room with a volume of 104 m® and a measured reverberation
time of 0.5 s, which has the geometry shown in Figure 2. This reverberation time is quite
common in indoor environments. We have previously observed, in [75], that training
room-independent ASR models by employing RIRs from several indoor environments is
feasible. Inside this room, the platform was set up, which is composed of a speech source
and a noise source, with a separation of 45° between them from position P1 (two meters
from the speech source), which is where the robot was located. Figure 3 shows the actual
experimental robotic setup where the database was re-recorded. Two types of scenarios
were considered: static, when the robot kept its head fixed, and dynamic, where PR2 was
in P1 but rotated its head in a periodical movement. This test bed is a good approximation
for a real indoor HRI scenario: in addition to a relative movement between robot head and
user, there is reverberation and additive noise.

Speech
source
Noise
source >~/
'3)
A e
\\ & 2m
¥
N\
N
®
P1

".
i S

Figure 2. Indoor HRI scenario.
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Figure 3. The experimental robotic setup employed to re-record the original telephone database.

3.2. Recording Scenarios

Three different scenarios were employed to re-record the telephone dyspnea database
with the robotic platform described above. For the static case, two situations were consid-
ered (see Figure 2): Static 1, when the robot head was fixed looking at the speech source, i.e.,
0°, and Static 2, when the robot head looked at the noise source, i.e., 45°. In the dynamic
condition, the robot was also at P1, but its head rotated at constant angular velocity equal
to 0.42 rad /s, between —50° and 50° (see Figure 4), so the angles of incidence of the speech
and noise waves changed permanently. The static and dynamic conditions are common in
real HRI scenarios. The static condition does not need further justification. The angular
velocity chosen for the dynamic scenario corresponds to the angular speed of head rotation
needed for the robot to follow a virtual target with its head movement. The virtual target
would be located two meters away from the robot, and it is moving with a tangential
velocity of 3 km/h approximately, which, in turn, is close to walking speed [75,81].

Speech
source

A4
source V

Orthogonal direction to the
y) ) : linear microphone array

Figure 4. PR2 robot head movement.

A signal-to-noise ratio (SNR) of 10 dB was adopted for re-recording the database using
the robotic platform. To estimate the power of the speech signals, PR2 was placed two
meters away from the speech source, i.e., position P1, with its head at 0° (looking straight
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ahead). Then, the volume of the speech and noise speakers was iteratively adjusted until
the desired SNR of 10 dB was obtained. The recorded speech and noise energies were
estimated with the 600 vocalizations that were concatenated and 1 minute of restaurant
noise from the Aurora database, respectively.

4. System for Respiratory Distress Estimation in HRI Scenarios

Figure 5 illustrates the block diagram of the respiratory distress estimation system in
HRI scenarios employed in this study and initially discussed in [77]. Speech enhancement
is achieved with a beamforming or spatial filtering scheme that receives three inputs: the
target speech source signal; the noise source signal; and the speech source DOA. The
enhanced speech signal is fed into the respiratory distress estimation system based on [38]
to estimate the user’s mMRC score.

Target source Noise source

P

Source OA
Localization @ ——> Beamforming
in HRI

l

Spatially filtered
signal

l

Indoor acoustic > Respirat.ory.
model distress estimation

i

Estimated
mMRC score

Figure 5. Block diagram of the respiratory distress estimation system for HRI scenarios.

4.1. Source Localization and Beamforming

“Jarvis” automatically saves the azimuthal angle of its head, which provides the
DOA that is fed into the beamforming or spatial filtering scheme. We assume that source
localization is easily performed using the cameras that are commonly available on social
robots in conjunction with standard image processing tools. Spatial filtering increases the
speech source signal SNR before being input into the respiratory distress estimation system.

4.2. Deep Learning-Based Respiratory Distress Estimation

The system to estimate dyspnea was adapted from the one proposed in [38], which, in
turn, is summarized here to describe and explain the differences from the solution adopted
in this study. The purpose of the respiratory distress estimation method is to classify users’
dyspnea with the mMRC scale by representing their spontaneous behavior while uttering
controlled vocalizations. The user’s’ spontaneous pronunciation behavior appears with
the chosen controlled phonetizations and is represented with time-dependent and time-
independent speech features. The spontaneous pronunciation behavior includes pauses,
variations in intonation and vocalization length, speech rate, and involuntary sounds such
as coughing and breathing. The time-dependent features are computed frame-by-frame to
capture the dynamics of the vocalization signals and correspond to Mel filters derived from
the logarithmic power spectrum of phonetizations /ae-ae/ and /sa-sa/ and the logarithmic
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power spectrum for the 1-to-30 counting. Time-independent features provide information
such as phonation length and intonation variation and slope. Deep learning-based schemes
are required to obtain the final mMMRC dyspnea score based on the time-dependent and time-
independent engineered features that were carefully designed and tested in [38]. In contrast
to other approaches in the literature, this method has the advantage that it does not need
forced situations or behaviors in an unnatural manner, such as non-spontaneous coughing.
Instead, it is based on phonetizations that are simple to reproduce more naturally. The final
classifier combines the information provided by time-dependent and time-independent
features from the three types of controlled phonetizations.

The system block diagram is shown in Figure 6. A four-dimensional softmax that
represents the probability of each mMRC score is provided by each vocalization type. As
mentioned above, the range of the mMRC metric is from zero (healthy) to three (very
severe) because the patients that showed mMRC score equal to three and four were merged
into a single subset. The following five computations are employed to combine the three
phonation-dependent softmax outputs to produce five new softmax values: mean, median,
minimum, maximum, and product. The final softmax, whose highest output determines
the estimated mMRC score, is generated by averaging these five combinations.

™\
|

Softmax obtained Softmax obtained Softmax obtained

with vocalization with vocalization with vocalization
AE-AE SA-SA One-to-30
\ | y l l l » | :
Average of
Softmax

Combinations

v

Estimated
mMRC score

Figure 6. Block diagram of the respiratory distress estimation system.

Figure 7 illustrates how the utterance-dependent score is determined. For each phone-
tization type, there are two classifiers, one for the time-dependent features and another
one for the time-independent parameters. Each vocalization type is repeated twice, and
their time-dependent and time-independent characteristics are extracted and fed into the
corresponding machine learning module to generate one softmax per repetition and fea-
ture type. The time-dependent features use a CNN- or LSTM-based architecture, while
the time-independent parameters employ an MLP-based scheme. The time-dependent
and time-independent softmax outputs for each repetition are separately combined us-
ing the same five rules mentioned above to generate a single softmax for each feature
type. The vocalization-dependent softmax is computed by averaging the time-dependent
and time-independent softmax outputs. This process is repeated for each type of vocal-
ization to obtain the estimated mMRC score. It is worth noting that the training and
optimization of the neural-based architectures were carried out with the simulated HRI
data described above.
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Figure 7. Estimation of the vocalization-dependent scores.

4.2.1. MLP Architectures for Time-Independent Features

The fundamental frequency, FO, which is calculated frame-by-frame with Praat [82],
is used to estimate two of the time-independent features according to [38]. The following
characteristics are extracted from each vocalization from the FO curve [37]: the standard
deviation and mean of the normalized slope. Then, mean and variance normalization
(MVN) was applied to each parameter where the mean and variance of each parameter
were computed within the whole database. The phonetization duration in seconds is
the third parameter [38]. An MLP was trained here per each type of vocalization, i.e.,
/ae-ae/, /sa-sa/, and 1-to-30 counting, with the simulated HRI data discussed above.
The ADAM optimizer and the cross-entropy loss function were employed. The ReLU
activation function was adopted for the hidden layers. Four neurons in the output layer
were activated with softmax. The /ae-ae/ MLP had 2 hidden layers with 40 neurons each,
and the learning rate was made equal to 0.01. The /sa-sa/ MLP had 2 hidden layers with
20 nodes, and the learning rate was made equal to 0.01. Finally, the 1-to-30 count MLP had
5 hidden layers of 10 nodes each, and the learning rate was made equal to 0.001.

4.2.2. Neural Networks Architectures for Time-Dependent Features

The time-dependent features are based on the FFT log power spectrum and were
optimized for each type of phonetization [38]. The 512-sample FFT is estimated in 50 ms
windows with 50% overlap where 257 frequency bins are obtained. After that, 14 loga-
rithmic Mel/frame filter energies are calculated for phonetizations /ae-ae/ and /sa-sa/.
Mel filters were not used for the one-to-thirty counting vocalization; instead, 75% of the
logarithmic spectrum’s lowest frequency bins were chosen, and the corresponding first
derivative or delta features were included. The result was 386 features per frame, obtained
from 257 bins x 0.75 percent X 2 (second derivate) = 386 features/frame. Parameter means
and variances were calculated for the entire database, and MVN was applied to the tempo-
ral trajectories of the time-dependent features. Finally, zero padding is performed based on
the longest utterance in the training data corresponding to the same type of phonetization.
The time-dependent feature architecture and hyperparameter optimization employed the
simulated HRI data described above and resulted in the use of neuron stick breaking,
cross-entropy as a loss function and ADAM optimizer, and a learning rate of 0.0005 for
/ae-ae/ and /sa-sa/ and of 0.0001 for the 1-to-30 counting. Figure 8 depicts the resulting
deep learning architectures for the three types of vocalizations.



Sensors 2023, 23, 7590

13 of 22

Input

:

CONV1D 7,32

CONV1D 7,16 CONV1D 7,16 No bias ReLU
No bias RelLU No bias ReLU
. A X
- Max Poolini
Stride 2 Stride 2
CONV1D 5,32 CONV1D 5,32 CONV1D 5,32
No bias RelLU No bias RelLU No bias ReLU
Max Pooling Max Pooling CONV1D 532
CONV1D 5,32 CONV1D 3,32 CONV1D 5,32
No bias RelL U No bias Rel.U No bias ReLU
X4
CONV1D 5,32 X5 Max Pooling CONV1D 5,32
No bias RelL. U Stride 2 No bias RelLU
wErEElig CONV1D 3,64 CONV1D 5,32
Stride 2 No bias RelLU No bias RelU
CONV1D 5,32 Max Pooling CONV1D 5,32
No bias ReLU Stride 2 No bias ReLU
P A—
CONV1D 5,32 CONV1D 3,64
No bias RelLU No bias ReLU
Masking
Global Average Global Average
i Pooling
Dense 64 Dense 64 ¥
p— — P A
- Dense-stick
4
(a) (b) (0)

Figure 8. Resulting neural network architectures after being tuned with the simulated data:

(a) /ae-ae/ phonetization; (b) /sa-sa/ phonetization; (c) 1-to-30 counting vocalization.

4.2.3. K-Fold Training with Double Validation

To optimize the available database, a 9-fold cross-validation was performed, from
which 11 users were extracted from each of the partitions for testing, except for 1 partition
from where 12 individuals were removed. It is important to mention that this data division
scheme makes sure that a given speaker could not have vocalizations in the training,
validation, or testing subsets simultaneously. In addition to the testing individuals, each
partition was composed of training, validation-1, and validation-2 subsets corresponding
to 70%, 15%, and 15% of the partition individuals, respectively. The classifiers were
trained eight times at each partition to take into consideration the variability due to weight
initialization. The training subset was used to estimate the network weights, and validation-
1 data were employed to stop the iterations and avoid overfitting with an early stopping of
20 iterations. For each partition, the optimal neural network classifier was chosen among
those that resulted from the eight training procedures by picking the one with the highest
average accuracy evaluated on the validation-1 and validation-2 subsets. The latter did not
make part of the training procedure, so the chosen trained neural network is also the one
with the best generalization capability. Then, the test data, which were never seen by the
deep learning-based classifier, were propagated to obtain the mMRC scores and metrics for
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the corresponding partition. These steps were replicated for all the partitions to obtain the
scores and metrics for all the 100 individuals. Finally, the whole procedure was repeated
five times to obtain more reliable statistics.

4.2.4. Acoustic Modeling Training for Respiratory Distress Estimation in HRI

The telephone database was used to generate simulated training data. The simulation
scheme is similar to the one implemented in [75]. The 600 audios of the telephone database
were convolved with 33 real impulse responses, which were recorded in static conditions
at 1,2, and 3 meters from the speech source with 11 robot head angles with respect to the
speech audio source, which, in turn, results in different DOAs. The head angle was varied
from -50° to 50° in steps of 5°. Angle 0° corresponds to the Microsoft Kinect microphones
oriented towards the speech source. In addition, additive noise with an SNR within the
range of 5 dB and 15 dB was added. This noise is a mixture of the real PR2 noise with
different Aurora-4 types of noise (street traffic, train station, car, babble, restaurant, airport).
The robot and Aurora noises were summed at an SNR ratio within the range of —5 dB to 5 dB.

4.2.5. Performance Metrics

The metrics adopted to evaluate the system performance were mMRC score accuracy
and area under the ROC curve (AUC). Although the classification is carried out with four
classes (i.e., mMRC from zero to three), the AUC metric is obtained on a binary basis, where
class 0 corresponds to the healthy condition and mMRC from 1 to 3 indicates the presence
of dyspnea. Both metrics represent the performance of the respiratory distress estimator.
The multiclass accuracy indicates how well the proposed system classifies the severity
of dyspnea. On the other hand, the AUC measures how well the system classifies on a
binary basis between healthy individuals and dyspnea patients. It is important to highlight
that accuracy and AUC are complementary and are not necessarily always correlated. For
instance, a system may discriminate more accurately between healthy subjects and dyspnea
patients while at the same time not estimating the dyspnea severity particularly well, so
it is important to analyze both metrics together. In addition, SNR was used to evaluate
the performance of the spatial filtering schemes adopted here. SNR was computed by
estimating the noise energy in 0.3 s non-speech intervals at the beginning and end of each
phonetization file.

4.2.6. Training and Testing Databases

In this subsection, the training and testing databases and conditions employed here
are defined and labeled.

e Training database labels: Both telephone and simulated (obtained with the acous-
tic modeling explained in Section 4.2.4) databases were used to train the respira-
tory distress neural network-based classifier. The telephone database is denoted
as Telephone_training_data. The training dataset that resulted from the incorpora-
tion of the acoustic model of the HRI scenario (see Section 4.2.4) is named Simu-
lated_training_data, which, in turn, corresponds to static simulations. When the D&S
or MVDR beamforming scheme responses are also included, i.e., D&S and MVDR,
the resulting training database are labeled as Simulated_training_data + D&S and
Simulated_training_data + MVDR, respectively.

o  Testing database labels: The testing telephone database is referred to as Telephone_testing
_data. For simplicity in presenting the results, the outcomes of experiments using
the Static 1 and Static 2 datasets (see Section 3.2) are averaged and presented under
the label static. Consequently, results with the data re-recorded in real HRI static
scenario are referred to as HRI_static_data. When the D&S or MVDR beamform-
ing scheme responses are also included, the results are labeled as HRI_static_data
+ D&S and HRI static_data + MVDR, respectively. Similarly, for the dynamic HRI
scenario, the corresponding results are HRI_dynamic_data, HRI _dynamic_data + D&S,
and HRI_dynamic_data + MVDR. As with the training data, the testing dataset that
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resulted from the incorporation of the acoustic model of the HRI scenario is named
Simulated_testing_data, which, in turn, corresponds to static simulations. When the
D&S or MVDR beamforming scheme responses are also included, the resulting train-
ing database are labeled as Simulated_training_data + D&S and Simulated_training_data
+ MVDR, respectively.

5. Results and Discussion

The performance of the respiratory distress estimation system in the HRI scenarios
studied here are reported and discussed in this section. Each result is achieved by averaging
the outcomes obtained by propagating the corresponding testing datasets through the
nine optimal deep learning-based classifiers obtained with the nine data partitions. This
procedure enables the optimization of the available data and leads to more robust metrics.

5.1. Architecture and Hyperparameter Tuning

The optimization of architectures and hyperparameters was performed on a grid
search-based analysis for both the time-dependent and time-independent feature-based
deep learning classifiers. The best architecture was chosen individually for each classifier
by performing training with the database convolved with the RIRs mentioned in Section 4.2.4
but without additive noise. The objective functions were accuracy and AUC obtained with the
validation-2 subset, which, in turn, was not seen by the neural network in the training step.

5.2. Speech Enhancement with Beamforming Methods

The SNRs estimated on databases Simulated_testing_data, HRI_static_data, and HRI_
dynamic_data with and without beamforming schemes (i.e., D&S and MVDR) are shown
in Figure 9. As can be seen in Figure 9, the same trend is observed across the three types
of datasets. On average, D&S and MVDR provided an increase in SNR equal to 27% and
93%, respectively, when compared to the corresponding databases without beamforming
responses incorporated.

I No BF I D&S s MVDR

20.0 A

7.5 A
5.0 A

2.5 A

0.0
Simulated_testing_data HRI_static_data HRI_dynamic_data

Figure 9. SNR obtained without (no BF) and with beamforming methods (D&S and MVDR) with
simulated data and HRI datasets, i.e., static and dynamic scenarios.

5.3. Results with Telephone Training and Real HRI Testing Data

Table 2 shows accuracy and AUC of the respiratory distress estimation system when
trained with telephone data and tested on real HRI in static and dynamic conditions with
and without the D&S or MVDR beamforming methods, As can be seen in Table 2, the
degradation in accuracy and AUC when the telephone testing data are replaced with
HRI_static_data was equal to 25% and 11%, respectively. The decrease in accuracy and AUC
with HRI_dynamic_data was equal to 22% and 9%, respectively. The incorporation of D&S
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beamforming led to an average increase in accuracy and AUC of 9% and 2%, respectively,
with both static and dynamic conditions. Similarly, incorporating MVDR beamforming
resulted in an average increase in accuracy and AUC of 14% and 2%, respectively, with
both static and dynamic conditions.

Table 2. Accuracy and AUC when the respiratory difficulty estimation system was trained with the
original telephone data and tested in real HRI scenarios.

Training Data Testing Data Accuracy (%) AUC
Telephone_training_data  Telephone_testing_data 51 0.92
Telephone_training_data HRI_static_data 38 0.82
Telephone_training_data  HRI_static_data+D&S 42 0.84
Telephone_training_data  HRI_static_data+MVDR 47 0.86
Telephone_training_data HRI_dynamic_data 40 0.84
Telephone_training_data  HRI_dynamic_data+D&S 43 0.85
Telephone_training_data  HRI_dynamic_data+MVDR 42 0.84

5.4. Results with Simulated Training and Testing Data

Table 3 shows the performance of the respiratory distress estimation system with
three matched training/testing conditions, including the beamforming method responses,
with Simulated_training_data, Simulated_training_data + D&S, and, Simulated_training_data
+ MVDR. As expected, these matched experiments show an average improvement in
accuracy and AUC when compared with Table 2 where the system was trained and tested
with Telephone_training_data and HRI_static_data, respectively, including the spatial filtering
response. The average accuracy and AUC in Table 3 are 4% larger than those in Table 2 when
the testing data corresponded to HRI_static_data, HRI_static_data + D&S, and HRI_static_data
+ MVDR. Surprisingly, in contrast to Figure 9, where MVDR is clearly superior to D&S
regarding the SNR gain, results in Table 3 suggest that the difference between both spatial
filtering schemes is less substantial with respect to the respiratory distress evaluation
performance. This is likely to be a consequence of the fact that the experiments in Table 3
were carried out with training/testing matched conditions, including the beamforming
scheme.

Table 3. Accuracy and AUC when the respiratory distress estimation system was trained and tested
with simulated data.

Training Data Testing Data Accuracy (%) AUC
Simulated_training_data Simulated_testing_data 41 0.86
Simulated_training_data+D&S Simulated_testing_data+D&S 46 0.87
Simulated_training_data+MVDR  Simulated_testing_data+MVDR 45 0.91

5.5. Results with Simulated Training and Testing with Real Data

Table 4 shows the performance of the system when trained with simulated data and
tested with real static HRI conditions with and without the beamforming scheme responses.
As can be seen in Table 4, the average accuracy and AUC are almost the same as those in
Table 3. When compared with Table 2, where the training data corresponded to the tele-
phone database, the increase in average accuracy and AUC with the real static HRI dataset
was 6% and 5%, respectively. Particularly, the comparison with Telephone_training_data
(Table 2) shows that Simulated_training_data (Table 4) led to an increase of 11% and 5% in
accuracy and AUC, respectively with the static HRI testing dataset. These results confirm
the pertinence of the acoustic modeling incorporated into the training data to approximate
the real HRI scenario in static conditions from the respiration assessment point of view. This
is especially interesting because it is difficult to recruit and record speech from patients with
dyspnea even more in HRI environments. Beamforming methods D&S and MVDR led to
an improvement in accuracy of 7% and 10%, respectively, and just a small increase in AUC
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of 1% and 3%, respectively. As in Table 3, the difference between D&S and MVDR with
respect to accuracy and AUC is small when they are applied in both training and testing.

Table 4. Accuracy and AUC when the respiratory distress estimation system was trained with
simulated data and tested with the real static HRI scenario.

Training Data Testing Data Accuracy (%) AUC
Simulated_training_data HRI_static_data 42 0.86
Simulated_training_data+D&S HRI_static_data+D&S 45 0.87
Simulated_training_data+MVDR HRI_static_data+MVDR 46 0.89

Table 5 shows the performance of the system when trained with simulated data and
tested with real dynamic HRI conditions. The results in Table 5 are very similar to those
obtained with the static HRI scenario (Table 4). It is possible to observe that the use of
beamforming schemes leads to similar improvements in both the static and dynamic HRI
conditions. Unexpectedly, and in contrast to what was observed with ASR in a similar HRI
scenario [75,81], the experiments with the dynamic HRI dataset did not demonstrate worse
accuracy and AUC than those obtained with the static HRI dataset. The respiratory distress
estimation technology evaluated here showed a baseline degradation and improvements
due to the incorporation of acoustic modeling in the training data that are quite similar for
the static (Table 4) and dynamic (Table 5) scenarios. In ASR, the search is performed on a
frame-by-frame basis. Consequently, if the acoustic conditions are time-dependent, the ASR
search in those frames with lower local SNR or higher reverberation effect may condition
the search in the following frames until the end of the utterance. Nevertheless, the deep
learning-based classifiers deliver the estimated mMRC metric on an utterance-by-utterance
basis. Despite the fact that the classifiers employ time-independent and time-dependent
features computed over short-term windows, the period of the robot head rotational
movements is approximately equal to seven seconds. This suggests that more than one
complete back and forth robot head movement takes place during a controlled vocalization
(i.e., 12.7 s on average). As a result, there could be an acoustic severity compensation effect
along the whole utterances to estimate respiratory distress.

Table 5. Accuracy and AUC when the respiratory distress estimation system was trained with
simulated data and tested with the real static HRI scenario.

Training Data Testing Data Accuracy (%) AUC
Simulated_training_data HRI_dynamic_data 43 0.86
Simulated_training_data+D&S HRI_dynamic_data+D&S 44 0.87
Simulated_training_data+MVDR HRI_dynamic_data+MVDR 44 0.87

As can be seen in Tables 3-5, incorporating the target environment acoustic model in
the training utterances is as helpful as the use of the beamforming schemes. On the other
hand, there are many noise or channel robust methods for single-channel applications such
as those found in telephony. However, the improvement provided by these techniques
is generally quite limited when they are applied in both training and testing, as done
here [83,84]. In this context, evaluating other noise removal methods for single channels is
out of the scope of the current study.

As discussed in [38], the time-dependent and time-independent features provide
an important complementarity, and the combination of both types of parameters led to
better results in accuracy and binary classification. The analysis in the real HRI scenarios
considered here is more complex. As shown in Figure 10, the combination of classifiers
based on time-dependent and time-independent features did not lead to better accuracy
than was obtained using each classifier individually. In fact, the best result was obtained
using time-dependent features only. Regarding the binary dyspnea presence-absence
classification, the results of Figure 11 show that the use of time-independent features alone
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and in combination with time-dependent parameters led to the same AUC score, which,
in turn, is greater than the one obtained with time-dependent features only. This result is
due to the fact that the time-dependent parameter classifier appears to prioritize the class
mMRC equal to zero, leading to a worse AUC curve. However, the best joint accuracy and
AUC metrics are obtained using the combination of both types of classifiers.
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Figure 10. Accuracy obtained with time-dependent- and time-independent-based classifiers individ-
ually and in combination when the respiratory distress estimation system was trained with simulated
data and tested with the real static and dynamic HRI scenarios.
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Figure 11. AUC obtained with time-dependent- and time-independent-based classifiers individually
and in combination when the respiratory distress estimation system was trained with simulated data
and tested with the real static and dynamic HRI scenarios.

6. Conclusions

In this paper, the respiratory distress estimation methodology previously proposed
in [38] is adapted and evaluated in real static and dynamic HRI scenarios. First, the ar-
chitecture and hyperparameters of the deep learning-based classifiers were tuned using
the original dyspnea telephone data that had incorporated an acoustic model of the tar-
get indoor room. Experiments with the telephone dataset re-recorded using our robotic
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platform show that training the respiratory distress classifiers with the original telephone
data plus the target acoustic environment model leads to average accuracy and AUC that
are just 0.4% smaller than those obtained with matched training/testing conditions with
simulated data. These results basically corroborate the suitability of the acoustic modeling
incorporated into the training data discussed here to approximate the real HRI scenarios
from the respiration difficulty assessment point of view. We also found that there was not
much difference in accuracy and AUC between the static and dynamic HRI conditions.
In addition, the delay-and-sum and MVDR beamforming methods lead to average im-
provements in accuracy and AUC equal to 8% and 2%, respectively, when applied to both
training and testing data. Finally, for most of the experiments, a combination of classifiers
based on time-independent and time-dependent features provided the best joint accuracy
and AUC score. The evaluation of other speech enhancement methods for distant speech
processing and the determination of the causes of respiratory distress are potential topics
for future research.

Author Contributions: E.A., research, development of IA algorithms, implementation of HRI plat-
form, and manuscript writing; N.G., research, development of IA algorithms, implementation of HRI
platform, and manuscript writing; A.L., research, development of IA algorithms, and manuscript writ-
ing; R M., research, development of IA algorithms, implementation of HRI platform, and manuscript
writing; J.W., research and development of IA algorithms, database recording, and manuscript writ-
ing; L.M., ethic agreement elaboration, patient selection, clinical interview, and manuscript writing;
R.M.S,, supervision of the implementation of beamforming methods and manuscript writing; N.B.Y.,
project PI, coordination of research and development activities, and manuscript writing. All authors
have read and agreed to the published version of the manuscript.

Funding: This research was funded by grant ANID/FONDECYT 1211946.

Institutional Review Board Statement: The study was approved by the scientific ethics committees
at the Clinical Hospital and Faculty of Physical and Mathematical Sciences from the University of Chile.

Informed Consent Statement: Telephone informed consent was obtained from all the individuals
that participated in the study.

Data Availability Statement: Not applicable.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Jahanmahin, R.; Masoud, S.; Ricklj, ].; Djuric, A. Human-Robot Interactions in Manufacturing: A Survey of Human Behavior
Modeling. Robot. Comput. Integr. Manuf. 2022, 78, 102404. [CrossRef]

2. Ingrand, F; Ghallab, M. Deliberation for Autonomous Robots: A Survey. Artif. Intell. 2017, 247, 10-44. [CrossRef]

3. Breazeal, C.; Dautenhahn, K.; Kanda, T. Social Robotics. In Springer Handbook of Robotics; Siciliano, B., Khatib, O., Eds.; Springer
International Publishing: Cham, Switzerland, 2016; pp. 1935-1972, ISBN 978-3-319-32552-1.

4. Rossi, S.; Ferland, E; Tapus, A. User Profiling and Behavioral Adaptation for HRI: A Survey. Pattern Recognit. Lett. 2017, 99, 3-12.
[CrossRef]

5. Dunn, J.; Runge, R.; Snyder, M. Wearables and the Medical Revolution. Pers. Med. 2018, 15, 429-448.

6. Tana,].; Forss, M.; Hellsten, T. The Use of Wearables in Healthcare-Challenges and Opportunities; ARCADA: Helsinki, Finland, 2017.

7. Smuck, M.; Odonkor, C.A.; Wilt, ] K.; Schmidt, N.; Swiernik, M.A. The Emerging Clinical Role of Wearables: Factors for Successful
Implementation in Healthcare. NPJ Digit. Med. 2021, 4, 45.

8.  Cole, J. Prosody in Context: A Review. Lang. Cogn. Neurosci. 2015, 30, 1-31.

9. Lella, KK.; Pja, A. A Literature Review on COVID-19 Disease Diagnosis from Respiratory Sound Data. arXiv 2021,
arXiv:2112.07670. [CrossRef]

10. World Health Organization. Chronic Respiratory Diseases. Available online: https://www.who.int/news-room/fact-sheets/
detail /chronic-obstructive-pulmonary-disease-(copd) (accessed on 15 February 2022).

11.  Pramono, R X.A. Low-Complexity Algorithms to Enable Long-Term Symptoms Monitoring in Chronic Respiratory Diseases.
Ph.D. Thesis, Imperial College London, London, UK, 2020.

12.  Willer, K.; Fingerle, A.A.; Noichl, W.; De Marco, E,; Frank, M.; Urban, T.; Schick, R.; Gustschin, A.; Gleich, B.; Herzen, J.; et al.
X-Ray Dark-Field Chest Imaging for Detection and Quantification of Emphysema in Patients with Chronic Obstructive Pulmonary
Disease: A Diagnostic Accuracy Study. Lancet Digit. Health 2021, 3, e733—e744.

13.  Barreiro, T,; Perillo, I. An Approach to Interpreting Spirometry. Am. Fam. Physician 2004, 69, 1107-1114. [PubMed]


https://doi.org/10.1016/j.rcim.2022.102404
https://doi.org/10.1016/j.artint.2014.11.003
https://doi.org/10.1016/j.patrec.2017.06.002
https://doi.org/10.3934/bioeng.2021013
https://www.who.int/news-room/fact-sheets/detail/chronic-obstructive-pulmonary-disease-(copd)
https://www.who.int/news-room/fact-sheets/detail/chronic-obstructive-pulmonary-disease-(copd)
https://www.ncbi.nlm.nih.gov/pubmed/15023009

Sensors 2023, 23, 7590 20 of 22

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

Huang, Y.; Meng, S.; Zhang, Y.; Wu, S.; Zhang, Y.; Zhang, Y.; Ye, Y.; Wei, Q.; Zhao, N.; Jiang, J.; et al. The Respiratory Sound
Features of COVID-19 Patients Fill Gaps between Clinical Data and Screening Methods. MedRxiv 2020. Available online:
https:/ /www.medrxiv.org/content/10.1101/2020.04.07.20051060v1 (accessed on 3 March 2023).

Duggal, R.; Brindle, I.; Bagenal, J. Digital Healthcare: Regulating the Revolution. BM] 2018, 360, k6. [CrossRef]

Feng, Y.; Wang, Y.; Zeng, C.; Mao, H. Artificial Intelligence and Machine Learning in Chronic Airway Diseases: Focus on Asthma
and Chronic Obstructive Pulmonary Disease. Int. J. Med. Sci. 2021, 18, 2871-2889. [CrossRef]

Shoeibi, A.; Khodatars, M.; Alizadehsani, R.; Ghassemi, N.; Jafari, M.; Moridian, P.; Khadem, A.; Sadeghi, D.; Hussain, S.;
Zare, A.; et al. Automated Detection and Forecasting of COVID-19 Using Deep Learning Techniques: A Review. arXiv 2020,
arXiv:2007.10785.

Ghaderzadeh, M.; Asadi, F. Deep Learning in the Detection and Diagnosis of COVID-19 Using Radiology Modalities: A Systematic
Review. J. Healthc. Eng. 2021, 2021, 6677314.

Elpeltagy, M.; Sallam, H. Automatic Prediction of COVID-19 from Chest Images Using Modified ResNet50. Multimed. Tools Appl.
2021, 80, 26451-26463. [CrossRef] [PubMed]

Subramanian, N.; Elharrouss, O.; Al-Maadeed, S.; Chowdhury, M. A Review of Deep Learning-Based Detection Methods for
COVID-19. Comput. Biol. Med. 2022, 143, 105233.

Anmiriparian, S.; Schuller, B. Al Hears Your Health: Computer Audition for Health Monitoring. In Proceedings of the Communi-
cations in Computer and Information Science, Larnaca, Cyprus, 8-9 November 2021; Volume 1538.

Valentine, S.; Cunningham, A.C.; Klasmer, B.; Dabbah, M.; Balabanovic, M.; Aral, M.; Vahdat, D.; Plans, D. Smartphone Movement
Sensors for the Remote Monitoring of Respiratory Rates: Technical Validation. Digit. Health 2022, 8, 20552076221089090.
Franek, J. Home Telehealth for Patients with Chronic Obstructive Pulmonary Disease (COPD): An Evidence-Based Analysis. Ont.
Health Technol. Assess. Ser. 2012, 12, 1-58. [PubMed]

Wijsenbeek, M.S.; Moor, C.C.; Johannson, K.A.; Jackson, P.D.; Khor, Y.H.; Kondoh, Y.; Rajan, S.K.; Tabaj, G.C.; Varela, B.E.; van der
Wal, P; et al. Home Monitoring in Interstitial Lung Diseases. Lancet Respir. Med. 2023, 11, 97-110. [PubMed]

Viderman, D,; Seri, E.; Aubakirova, M.; Abdildin, Y.; Badenes, R.; Bilotta, F. Remote Monitoring of Chronic Critically Ill Patients
after Hospital Discharge: A Systematic Review. J. Clin. Med. 2022, 11, 1010. [CrossRef]

Mohammad-Rahimi, H.; Nadimi, M.; Ghalyanchi-Langeroudi, A.; Taheri, M.; Ghafouri-Fard, S. Application of Machine Learning
in Diagnosis of COVID-19 through X-Ray and CT Images: A Scoping Review. Front. Cardiovasc. Med. 2021, 8, 638011.

Kranthi Kumar, L.; Alphonse, PJ.A. COVID-19 Disease Diagnosis with Light-Weight CNN Using Modified MFCC and Enhanced
GFCC from Human Respiratory Sounds. Eur. Phys. ]. Spec. Top. 2022, 231, 3329-3346. [CrossRef]

Stasak, B.; Huang, Z.; Razavi, S.; Joachim, D.; Epps, ]J. Automatic Detection of COVID-19 Based on Short-Duration Acoustic
Smartphone Speech Analysis. J. Healthc. Inform. Res. 2021, 5, 201-217. [CrossRef]

Xia, T.; Han, J.; Mascolo, C. Exploring Machine Learning for Audio-Based Respiratory Condition Screening: A Concise Review of
Databases, Methods, and Open Issues. Exp. Biol. Med. 2022, 247, 2053-2061. [CrossRef]

Stoeckel, M.C.; Esser, R W.; Gamer, M.; Biichel, C.; von Leupoldt, A. Brain Mechanisms of Short-Term Habituation and Sensitiza-
tion toward Dyspnea. Front. Psychol. 2015, 6, 748. [CrossRef]

Wan, L,; Stans, L.; Bogaerts, K.; Decramer, M.; Van Den Bergh, O. Sensitization in Medically Unexplained Dyspnea: Differential
Effects on Intensity and Unpleasantness. Chest 2012, 141, 989-995. [CrossRef] [PubMed]

von Leupoldt, A.; Dahme, B. Psychological Aspects in the Perception of Dyspnea in Obstructive Pulmonary Diseases. Respir. Med.
2007, 101, 411-422. [CrossRef] [PubMed]

Serrurier, A.; Neuschaefer-Rube, C.; Rohrig, R. Past and Trends in Cough Sound Acquisition, Automatic Detection and Automatic
Classification: A Comparative Review. Sensors 2022, 22, 2896. [CrossRef]

Suppakitjanusant, P.; Sungkanuparph, S.; Wongsinin, T.; Virapongsiri, S.; Kasemkosin, N.; Chailurkit, L.; Ongphiphadhanakul,
B. Identifying Individuals with Recent COVID-19 through Voice Classification Using Deep Learning. Sci. Rep. 2021, 11, 19149.
[CrossRef]

Alkhodari, M.; Khandoker, A.H. Detection of COVID-19 in Smartphone-Based Breathing Recordings: A Pre-Screening Deep
Learning Tool. PLoS ONE 2022, 17, e0262448.

Lella, K.K.; Pja, A. Automatic Diagnosis of COVID-19 Disease Using Deep Convolutional Neural Network with Multi-Feature
Channel from Respiratory Sound Data: Cough, Voice, and Breath. Alex. Eng. ]. 2022, 61, 1319-1334. [CrossRef]

Farruas, M.; Codina-Filba, J.; Reixach, E.; Andrés, E.; Sans, M.; Garcia, N.; Vilaseca, J. Speech-Based Support System to Supervise
Chronic Obstructive Pulmonary Disease Patient Status. Appl. Sci. 2021, 11, 7999. [CrossRef]

Alvarado, E.; Grageda, N.; Luzanto, A.; Mahu, R.; Wuth, J.; Mendoza, L.; Yoma, N.B. Dyspnea Severity Assessment Based on
Vocalization Behavior with Deep Learning on the Telephone. Sensors 2023, 23, 2441. [CrossRef] [PubMed]

Udugama, B.; Kadhiresan, P.; Kozlowski, H.N.; Malekjahani, A.; Osborne, M.; Li, V.Y.C.; Chen, H.; Mubareka, S.; Gubbay, ].B.;
Chan, W.C.W. Diagnosing COVID-19: The Disease and Tools for Detection. ACS Nano 2020, 14, 3822-3835. [CrossRef] [PubMed]
Ritwik, K.V.S,; Kalluri, S.B.; Vijayasenan, D. COVID-19 Patient Detection from Telephone Quality Speech Data. arXiv 2020,
arXiv:2011.04299.

Verde, L.; De Pietro, G.; Ghoneim, A.; Alrashoud, M.; Al-Mutib, K.N.; Sannino, G. Exploring the Use of Artificial Intelligence
Techniques to Detect the Presence of Coronavirus COVID-19 through Speech and Voice Analysis. Ieee Access 2021, 9, 65750—-65757.
[CrossRef]


https://www.medrxiv.org/content/10.1101/2020.04.07.20051060v1
https://doi.org/10.1136/bmj.k6
https://doi.org/10.7150/ijms.58191
https://doi.org/10.1007/s11042-021-10783-6
https://www.ncbi.nlm.nih.gov/pubmed/33967592
https://www.ncbi.nlm.nih.gov/pubmed/23074421
https://www.ncbi.nlm.nih.gov/pubmed/36206780
https://doi.org/10.3390/jcm11041010
https://doi.org/10.1140/epjs/s11734-022-00432-w
https://doi.org/10.1007/s41666-020-00090-4
https://doi.org/10.1177/15353702221115428
https://doi.org/10.3389/fpsyg.2015.00748
https://doi.org/10.1378/chest.11-1423
https://www.ncbi.nlm.nih.gov/pubmed/22016486
https://doi.org/10.1016/j.rmed.2006.06.011
https://www.ncbi.nlm.nih.gov/pubmed/16899357
https://doi.org/10.3390/s22082896
https://doi.org/10.1038/s41598-021-98742-x
https://doi.org/10.1016/j.aej.2021.06.024
https://doi.org/10.3390/app11177999
https://doi.org/10.3390/s23052441
https://www.ncbi.nlm.nih.gov/pubmed/36904646
https://doi.org/10.1021/acsnano.0c02624
https://www.ncbi.nlm.nih.gov/pubmed/32223179
https://doi.org/10.1109/ACCESS.2021.3075571

Sensors 2023, 23, 7590 21 of 22

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.
58.

59.

60.

61.

62.

63.

64.

65.

66.

Rashid, M.; Alman, K.A; Hasan, K,; Hansen, J.H.L.; Hasan, T. Respiratory Distress Detection from Telephone Speech Using
Acoustic and Prosodic Features. arXiv 2020, arXiv:2011.09270.

Sharma, N.; Krishnan, P.; Kumar, R.; Ramoji, S.; Chetupalli, S.R.; Ghosh, PK.; Ganapathy, S. Coswara—A Database of Breathing,
Cough, and Voice Sounds for COVID-19 Diagnosis. arXiv 2020, arXiv:2005.10548.

Muguli, A.; Pinto, L.; Sharma, N.; Krishnan, P.; Ghosh, PK.; Kumar, R.; Bhat, S.; Chetupalli, S.R.; Ganapathy, S.; Ramoji, S.; et al.
DiCOVA Challenge: Dataset, Task, and Baseline System for COVID-19 Diagnosis Using Acoustics. arXiv 2021, arXiv:2103.09148.
Orlandic, L.; Teijeiro, T.; Atienza, D. The COUGHVID Crowdsourcing Dataset, a Corpus for the Study of Large-Scale Cough
Analysis Algorithms. Sci. Data 2021, 8, 156. [CrossRef] [PubMed]

Tang, S.; Hu, X.; Atlas, L.; Khanzada, A.; Pilanci, M. Hierarchical Multi-Modal Transformer for Automatic Detection of COVID-19.
In Proceedings of the 2022 5th International Conference on Signal Processing and Machine Learning, Dalian, China, 4-6 August
2022; pp. 197-202.

Erdogan, Y.E.; Narin, A. COVID-19 Detection with Traditional and Deep Features on Cough Acoustic Signals. Comput. Biol. Med.
2021, 136, 104765. [CrossRef]

Fakhry, A.; Jiang, X.; Xiao, J.; Chaudhari, G.; Han, A.; Khanzada, A. Virufy: A Multi-Branch Deep Learning Network for
Automated Detection of COVID-19. arXiv 2021, arXiv:2103.01806.

Mazumder, A.N.; Ren, H.; Rashid, H.-A.; Hosseini, M.; Chandrareddy, V.; Homayoun, H.; Mohsenin, T. Automatic Detection of
Respiratory Symptoms Using a Low-Power Multi-Input CNN Processor. IEEE Des. Test 2021, 39, 82-90. [CrossRef]
Solera-Urefia, R.; Botelho, C.; Teixeira, F.; Rolland, T.; Abad, A.; Trancoso, I. Transfer Learning-Based Cough Representations for
Automatic Detection of COVID-19. In Proceedings of the Interspeech, Brno, Czechia, 30 August-3 September 2021; pp. 436—440.
Ponomarchuk, A.; Burenko, I.; Malkin, E.; Nazarov, I.; Kokh, V.; Avetisian, M.; Zhukov, L. Project Achoo: A Practical Model
and Application for COVID-19 Detection from Recordings of Breath, Voice, and Cough. IEEE ]. Sel. Top. Signal Process. 2022,
16, 175-187. [CrossRef]

Iroju, O.; Ojerinde, O.A.; Ikono, R. State of the Art: A Study of Human-Robot Interaction in Healthcare. Int. J. Inf. Eng. Electron.
Bus. 2017, 9, 43.

Kyrarini, M.; Lygerakis, F.; Rajavenkatanarayanan, A.; Sevastopoulos, C.; Nambiappan, H.R.; Chaitanya, K.K.; Babu, A.R,;
Mathew, J.; Makedon, F. A Survey of Robots in Healthcare. Technologies 2021, 9, 8. [CrossRef]

Kolpashchikov, D.; Gerget, O.; Meshcheryakov, R. Robotics in Healthcare. In Handbook of Artificial Intelligence in Healthcare;
Springer: Berlin/Heidelberg, Germany, 2022; pp. 281-306.

Bidelman, G.M.; Dexter, L. Bilinguals at the “Cocktail Party”: Dissociable Neural Activity in Auditory-Linguistic Brain Regions
Reveals Neurobiological Basis for Nonnative Listeners” Speech-in-Noise Recognition Deficits. Brain Lang. 2015, 143, 32—41.
[CrossRef] [PubMed]

Saleem, N.; Khattak, M.I. A Review of Supervised Learning Algorithms for Single Channel Speech Enhancement. Int. J. Speech
Technol. 2019, 22, 1051-1075. [CrossRef]

Van Veen, B.D.; Buckley, K.M. Beamforming: A Versatile Approach to Spatial Filtering. IEEE Assp Mag. 1988, 5, 4-24. [CrossRef]
Zahn, R.; Johnston, ].D.; Elko, G.W. Computer-Steered Microphone Arrays for Sound Transduction in Large Rooms. J. Acoust. Soc.
Am. 1985, 78, 1508-1518. [CrossRef]

Xiao, Y.; Yin, J.; Qi, H.; Yin, H.; Hua, G. MVDR Algorithm Based on Estimated Diagonal Loading for Beamforming. Math. Probl.
Eng. 2017, 2017, 7904356. [CrossRef]

Pfeifenberger, L.; Pernkopf, F. Blind Speech Separation and Dereverberation Using Neural Beamforming. Speech Commun. 2022,
140, 29-41. [CrossRef]

Liu, Y,; Ganguly, A.; Kamath, K,; Kristjansson, T. Neural Network Based Time-Frequency Masking and Steering Vector Estimation
for Two-Channel Mvdr Beamforming. In Proceedings of the ICASSP, IEEE International Conference on Acoustics, Speech and
Signal Processing, Calgary, AB, Canada, 15-20 April 2018; Volume 2018.

Xiao, X.; Zhao, S.; Jones, D.L.; Chng, E.S.; Li, H. On Time-Frequency Mask Estimation for MVDR Beamforming with Application
in Robust Speech Recognition. In Proceedings of the ICASSP, IEEE International Conference on Acoustics, Speech and Signal
Processing, New Orleans, LA, USA, 5-9 March 2017.

Zhang, Z.; He, B.; Zhang, Z. X-TaSNet: Robust and Accurate Time-Domain Speaker Extraction Network. In Proceedings of the
Annual Conference of the International Speech Communication Association, Interspeech, Shanghai, China, 25-29 October 2020;
Volume 2020.

Hao, Y.; Xu, J; Shi, J.; Zhang, P; Qin, L.; Xu, B. A Unified Framework for Low-Latency Speaker Extraction in Cocktail Party
Environments. In Proceedings of the Annual Conference of the International Speech Communication Association, Interspeech,
Shanghai, China, 25-29 October 2020; Volume 2020.

Ochiai, T.; Delcroix, M.; Ikeshita, R.; Kinoshita, K.; Nakatani, T.; Araki, S. Beam-TasNet: Time-Domain Audio Separation Network
Meets Frequency-Domain Beamformer. In Proceedings of the ICASSP 2020-2020 IEEE International Conference on Acoustics,
Speech and Signal Processing (ICASSP), Barcelona, Spain, 4-8 May 2020; IEEE: New York, NY, USA; pp. 6384-6388.

Aroudi, A.; Braun, S. DBNet: DOA-Driven Beamforming Network for End-to-End Reverberant Sound Source Separation. In
Proceedings of the ICASSP, IEEE International Conference on Acoustics, Speech and Signal Processing, Toronto, ON, Canada,
6-11 June 2021; Volume 2021.


https://doi.org/10.1038/s41597-021-00937-4
https://www.ncbi.nlm.nih.gov/pubmed/34162883
https://doi.org/10.1016/j.compbiomed.2021.104765
https://doi.org/10.1109/MDAT.2021.3079318
https://doi.org/10.1109/JSTSP.2022.3142514
https://doi.org/10.3390/technologies9010008
https://doi.org/10.1016/j.bandl.2015.02.002
https://www.ncbi.nlm.nih.gov/pubmed/25747886
https://doi.org/10.1007/s10772-019-09645-2
https://doi.org/10.1109/53.665
https://doi.org/10.1121/1.392786
https://doi.org/10.1155/2017/7904356
https://doi.org/10.1016/j.specom.2022.03.004

Sensors 2023, 23, 7590 22 of 22

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.
79.

80.

81.

82.

83.

84.

Ren, X.; Zhang, X.; Chen, L.; Zheng, X.; Zhang, C.; Guo, L.; Yu, B. A Causal U-Net Based Neural Beamforming Network for Real-
Time Multi-Channel Speech Enhancement. In Proceedings of the Annual Conference of the International Speech Communication
Association, Interspeech, Brno, Czechia, 30 August-3 September 2021; Volume 1.

Tawara, N.; Kobayashi, T.; Ogawa, T. Multi-Channel Speech Enhancement Using Time-Domain Convolutional Denoising
Autoencoder. In Proceedings of the Annual Conference of the International Speech Communication Association, Interspeech,
Graz, Austria, 15-19 September 2019; Volume 2019.

Pandey, A.; Xu, B.; Kumar, A.; Donley, J.; Calamia, P.; Wang, D. Multichannel Speech Enhancement Without Beamforming. In
Proceedings of the ICASSP 2022-2022 IEEE International Conference on Acoustics, Speech and Signal Processing (ICASSP),
Singapore, 23-27 May 2022; pp. 6502-6506.

Tzirakis, P.; Kumar, A.; Donley, J. Multi-Channel Speech Enhancement Using Graph Neural Networks. In Proceedings of the
ICASSP, IEEE International Conference on Acoustics, Speech and Signal Processing, Toronto, ON, Canada, 6-11 June 2021;
Volume 2021.

Liu, C.L,; Fu, SW.; Li, Y.J.; Huang, ] W.; Wang, H.M.; Tsao, Y. Multichannel Speech Enhancement by Raw Waveform-Mapping
Using Fully Convolutional Networks. IEEE/ACM Trans. Audio Speech Lang. Process 2020, 28, 1888-1900. [CrossRef]

Yuliani, A.R.; Amri, M.E; Suryawati, E.; Ramdan, A.; Pardede, H.F. Speech Enhancement Using Deep Learning Methods: A
Review. |. Elektron. Dan Telekomun. 2021, 21, 19-26. [CrossRef]

Zhang, W.; Shi, J.; Li, C.; Watanabe, S.; Qian, Y. Closing the Gap between Time-Domain Multi-Channel Speech Enhancement on
Real and Simulation Conditions. In Proceedings of the 2021 IEEE Workshop on Applications of Signal Processing to Audio and
Acoustics (WASPAA), New Paltz, NY, USA, 17-20 October 2021; IEEE: New York, NY, USA; pp. 146-150.

Diaz, A.; Mahu, R.;; Novoa, J.; Wuth, J.; Datta, J.; Yoma, N.B. Assessing the Effect of Visual Servoing on the Performance of Linear
Microphone Arrays in Moving Human-Robot Interaction Scenarios. Comput. Speech Lang. 2021, 65, 101136. [CrossRef]

Novoa, J.; Mahu, R.; Wuth, J.; Escudero, J.P; Fredes, J.; Yoma, N.B. Automatic Speech Recognition for Indoor Hri Scenarios. ACM
Trans. Hum.-Robot. Interact. (THRI) 2021, 10, 1-30. [CrossRef]

Chorin, E.; Padegimas, A.; Havakuk, O.; Birati, E.Y.; Shacham, Y.; Milman, A.; Topaz, G.; Flint, N.; Keren, G.; Rogowski, O.
Assessment of Respiratory Distress by the Roth Score. Clin. Cardiol. 2016, 39, 636-639. [CrossRef]

Alvarado, E.; Grageda, N.; Luzanto, A.; Mahu, R.; Wuth, J.; Mendoza, L.; Stern, R.; Yoma, N.B. Respiratory Distress Estimation in
Human-Robot Interaction Scenario. In Proceedings of the Interspeech, Dublin, Ireland, 20-24 August 2023.

Tashev, L.]. Sound Capture and Processing: Practical Approaches; John Wiley & Sons: Hoboken, NJ, USA, 2009.

Kumatani, K.; Arakawa, T.; Yamamoto, K.; McDonough, J.; Raj, B.; Singh, R.; Tashev, I. Microphone Array Processing for
Distant Speech Recognition: Towards Real-World Deployment. In Proceedings of the 2012 Conference Handbook—Asia-Pacific
Signal and Information Processing Association Annual Summit and Conference, APSIPA ASC 2012, Hollywood, CA, USA,
3-6 December 2012.

Higuchi, T.; Kinoshita, K.; Ito, N.; Karita, S.; Nakatani, T. Frame-by-Frame Closed-Form Update for Mask-Based Adaptive MVDR
Beamforming. In Proceedings of the ICASSP, IEEE International Conference on Acoustics, Speech and Signal Processing, Calgary,
AB, Canada, 15-20 April 2018; Volume 2018.

Novoa, J.; Wuth, J.; Escudero, J.P,; Fredes, J.; Mahu, R.; Yoma, N.B. DNN-HMM Based Automatic Speech Recognition for
HRI Scenarios. In Proceedings of the ACM/IEEE International Conference on Human-Robot Interaction, Chicago, IL, USA,
5-8 March 2018.

Boersma, P. Praat, a System for Doing Phonetics by Computer. Glot. Int. 2001, 5, 341-345.

Novoa, J.; Fredes, J.; Poblete, V.; Yoma, N.B. Uncertainty Weighting and Propagation in DNN-HMM-Based Speech Recognition.
Comput. Speech Lang. 2018, 47, 30—46. [CrossRef]

Fredes, J.; Novoa, J.; King, S.; Stern, RM.; Yoma, N.B. Locally Normalized Filter Banks Applied to Deep Neural-Network-Based
Robust Speech Recognition. IEEE Signal Process. Lett. 2017, 24, 377-381. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.1109/TASLP.2020.2976193
https://doi.org/10.14203/jet.v21.19-26
https://doi.org/10.1016/j.csl.2020.101136
https://doi.org/10.1145/3442629
https://doi.org/10.1002/clc.22586
https://doi.org/10.1016/j.csl.2017.06.005
https://doi.org/10.1109/LSP.2017.2661699

	Introduction 
	Voice-Based Estimation of Respiratory Distress 
	Human–Robot Interaction 

	Beamforming 
	Delay-and-Sum 
	MVDR 

	Testing Databases Using Static and Dynamic HRI Scenarios 
	Robotic Platform and Indoor Environment 
	Recording Scenarios 

	System for Respiratory Distress Estimation in HRI Scenarios 
	Source Localization and Beamforming 
	Deep Learning-Based Respiratory Distress Estimation 
	MLP Architectures for Time-Independent Features 
	Neural Networks Architectures for Time-Dependent Features 
	K-Fold Training with Double Validation 
	Acoustic Modeling Training for Respiratory Distress Estimation in HRI 
	Performance Metrics 
	Training and Testing Databases 


	Results and Discussion 
	Architecture and Hyperparameter Tuning 
	Speech Enhancement with Beamforming Methods 
	Results with Telephone Training and Real HRI Testing Data 
	Results with Simulated Training and Testing Data 
	Results with Simulated Training and Testing with Real Data 

	Conclusions 
	References

