


A10: 
PHYSIOLOGICAL ACOUSTICS



 

PROCEEDINGS of the  

24th International Congress on Acoustics  

 

October 24 to 28, 2022, in Gyeongju, Korea 

ABS-0611 

 

Extended abstract 

Multiscale photonic imaging of the cochlea: 

From implants to neurons 

Daniel KEPPELER1,2; Christoph A. KAMPSHOFF1,2,3; Anupriya THIRUMALAI1,2, Jannis J. 

SCHAEPER4, Tabea QUILITZ1,2, Tim SALDITT4,5,6, Tobias MOSER1,2,3,5,6 

1 Institute for Auditory Neuroscience, University Medical Center Göttingen, Germany 

2 InnerEarLab, University Medical Center Göttingen, Germany 

3 Department of Otolaryngology, University Medical Center Göttingen, Germany 

4 Institute for X-ray Physics, University of Göttingen, Germany 

5 Cluster of Excellence “Multiscale Bioimaging: From Molecular Machines to Networks of Excitable Cells," 

University of Göttingen, Germany 

6 Auditory Neuroscience and Optogenetics Laboratory, German Primate Center, Germany 

 

ABSTRACT 

The development of novel therapies to restore hearing requires detailed information on spatial dimensions, 

tissue morphology and the sensorineural status of the cochlea. However, the cochlea is deeply embedded in 

the temporal bone and thereby hard to access for imaging techniques. Here, we employed three-dimensional 

X-ray phase-contrast tomography and light-sheet fluorescence microscopy and their combination in species 

that serve as established animal models for auditory research. While light-sheet fluorescence microscopy 

allowed for specific immunolabelling of auditory nerve cells, X-ray phase-contrast tomography enabled us 

to get structural information in uniform voxel size and utilization of subcellular features like the cell nucleus 

without specific sample preparation. Multiscale and multimodal imaging of cochlear morphology will 

facilitate preclinical studies of innovative approaches to deafness such as gene therapy and cochlear implants. 
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OVERVIEW 

Profound hearing loss can be treated with electrical cochlear implants which are used to stimulate 

the auditory nerve through electric current and thereby circumvent the dysfunctional or lost hair cells. 

However, the snail-shaped hearing organ called cochlea is filled with saline solution leading to wide 

current spread thus causing broad neural activation (1). Instead of precise stimulation of small 

populations of auditory neurons, large areas are activated resulting in reduced spatial resolution and 

poor speech understanding especially in challenging acoustic environments (2). 

Optical stimulation allows for a direct activation of the auditory nerve using focused light leading 

to improved spectral resolution (3–5). This is achieved through a combination of micro-scale light 

emitter technology (6–8) and optogenetics – a genetic approach enabling precise neural control upon 

the expression of light-gated ion channels in the auditory nerve, called channelrhodopsins (9–11). 

For the development of the (optogenetic) gene therapy and optical cochlear implants (oCI), detailed 

knowledge of the cochlear morphology is crucial. Therefore, we employed multiscale X-ray and 

fluorescence imaging for quantitative assessment of scala tympani, vestibuli, and media, as well as 

the spiral ganglion in Rosenthal’s canal for various species commonly used in auditory research.  The 

combination of light-sheet fluorescent microscopy and X-ray phase-contrast tomography allowed 

specific immunolabelling of auditory nerve cells and retrieval of structural information in uniform 

voxel size. 
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ABSTRACT
During function magnetic resonance imaging (fMRI), it would be beneficial to image the brain while sounds
are played to the subject. Therefore, there is a need to both block the fMRI machine noise and deliver sound
waves to the subject within the machine enclosure. Additionally, the system should also be free of magnetic
components, as their presence may disrupt the function of the fMRI machine. In this paper, a method is proposed
to address these issues in the form of filling the ear canal with a gel, to block the machine noise, then deliver
sound through the gel via a ceramic piezoelectric stack. The piezo actuator is placed against the boundary
of the air and the gel. The sound waves traverse through the gel to the tympanic membrane and then further
along the auditory chain. There is also some degree of transmission achieved through bone conduction. A case
study of this proposed system was performed. It was found that the gel within the ear canal provides adequate
hearing protection, and the piezo actuator was capable of transmitting sound to the listener, and sound level was
perceived to be higher with the piezo against the gel than against the mastoid.

Keywords: Sound, Insulation, Transmission

1 INTRODUCTION
During imaging with functional magnetic resonance imaging (fMRI) machines, the noise levels are very large
in magnitude, reaching values of around 100 dBA or even exceeding it [1, 2]. These sound levels can cause
damage to hearing systems of the patients within the machines [3, 4]. It is also problematic to play sound-
s/speech to the person(s) within the confines of the machine due to the high level of background noise caused
by the machine. It is possible to play audio when the machine is switched off during sparse imaging; however,
for certain studies, particularly acoustical studies, it may be beneficial to playback audio to the subject within
the machine and image the brain simultaneously. Additionally, it may benefit the operator of the machine to be
able to communicate with the subject, for example to give instructions or keep them calm during the procedure.
A further constraint is that metal components should be avoided within the machine due to the high magnetic
eddy currents, therein causing the components to malfunction. The current solution to this problem is for the
patient to wear fMRI compatible earphones over which appropriate sound protection muffs are worn [5, 6, 7].

One possible alternative solution for achieving sound protection may involve filling the patient’s ear canal
with a fluid such as gel, cream, or saline solution. With the added mass to the tympanic membrane, it has been
observed that some measure of hearing protection is achieved [8]. Covering the entire tympanic membrane with
such fluid would change the sound transmission path from a couple between air and the tympanic membrane, to
a coupling between air and the fluid, and then the fluid to the tympanic membrane. This may potentially be the
most effective sound insulation obtainable in this setting. An added benefit is that this may also reduce fMRI
susceptibility artifacts caused by the air in the ear canals [9]. However, to the best of the authors’ knowledge,
such a solution is not currently employed in practice.

While using such a fluid-based hearing protection solution, however, the question then becomes how to
play sounds to the patients; since this method would not permit the current solution of employing air tubes
to transmit sound. Therefore, any solution to this problem must rely on producing the necessary displacement
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Figure 1. Piezo actuator with mass affixed.

required to propagate sound through the fluid. In [10], where fluid-based hearing protection was explored, it
was found that the larger the distance between the transducer and the receiver, the more force was required to
transmit sound. This was due to sound energy losses arising as a result of the high viscosity of the medium
and also acoustical and dispersion off and from the walls of the tube. Additionally, distortions may arise due to
reflections off the walls of the tube. As a further constraint, given the present application of interest, any sound
delivery method must also meet the hardware requirements for fMRI machines; i.e. magnetic materials should
be placed inside the machine.

One may postulate that bone-conduction-based sound reproduction could be one possible solution to these
aforementioned problems. However, their use in spatial audio studies is limited due to the crosstalk between
the two ears [11, 12]. Additionally, the pressure on skin may lead to discomfort in some patients. However,
one other possible solution, which is the topic of the present study, is to employ the use of a ceramic piezo
actuator. Such a device can be placed close to the ear, i.e. at the entrance to the ear canal, at the boundary
of the gel/fluid and air, and also circumvents the hardware restrictions. Such a solution would also have the
benefit of reducing fMRI susceptibility artifacts.

This paper reports a case study in which the sound transmission of a piezo actuator through ultrasound gel
is investigated. The proposed system is described in Section 2, the evaluation is detailed in Section 3, the
results and discussion are in Section 4, and the conclusions in the final Section, 5.

2 Proposed Solution
The proposed solution involves the use of a piezo amplifier or controller and a piezo actuator placed at the
outer boundary of a gel filled ear canal. The piezo selected for this study was a ceramic AE0505D16F from
Thor labs ([13]), which is a high voltage piezoelectric actuator capable of upto 11.6 (micro)mm displacement
when run at the recommended driver voltage of 100 V. It was assumed that this would provide sufficiently large
force and displacement to enable sufficient coupling of the acoustic signal with the gel and, subsequently, the
mass loaded tympanic membrane. Additionally, to overcome losses due to the acoustical transmission through
a viscous fluid. As per the recommendation of the manufacturers of the piezo actuator, a mass is attached to
the end of the piezo to increase the force coupled to the gel. Importantly, it is highlighted that such a device
is also suitable for use in fMRI machines. Figure 1 presents a photograph of the piezo actuator with the mass
affixed to the end.



The piezo was used in conjunction with the recommended single channel MDT693B piezo controller. It is
important to note that this device will essentially operate as a half-wave rectifier. This is due to the the nature
of such piezo actuators, since a reverse bias would damage these types of actuators. It is therefore advisable
to apply a DC gain to the signal before it is delivered to the piezo controller. A voltage divider circuit was
therefore utilised in the signal chain to create this necessary DC bias.

3 Evaluation
An ultrasound gel, Aquasonic 100 from Parker, was selected for this preliminary case study. An early obser-
vation of the authors was that the gel provided approximately 30 dB sound reduction at low frequencies up to
1 kHz and approximately 48 dB sound reduction for frequencies between 1 kHz and 8 kHz. This was found by
performing an informal audiometry test for one of the authors. The audiometry test was performed with an open
ear canal and then repeated with the same ear canal completely filled with the gel to test its sound insulation
capabilities.

The filling of the ear canal was conducted by a licensed medical professional. The ear canal was first
cleaned thoroughly, then the gel was piped into it carefully with the aid of a syringe topped with a dull needle.
Afterwards, the gel was removed with the aid of saline solution and a vacuum device. Figure 2 (a) and (b) show
the medical professional filling and then removing the gel from the ear canal, and Figure 2 (c) is a photograph
of the ear canal filled with gel. As a licensed medical professional was required for this procedure, only one
subject completed the evaluation in its entirety.

A Digilent Analog Discovery II device was used to transmit data to the piezo amplifier. The output voltage
range of the device was -5 to +5 V. Additionally, due to the aforementioned half-wave rectifier nature of the
amplifier, a DC bias of 2.5 V was added to the signal.

The evaluation of the prototype piezo actuator system was performed via an AB comparison listening test.
The test stimuli utilised were sine tones of the following frequencies: 125 Hz, 250 Hz, 500 Hz, 750 Hz, 1 kHz,
2 kHz, 3 kHz, 4 kHz, 6 kHz, 8 kHz. These frequencies were chosen as they were previously used for the informal
audiometry test to gauge the sound insulation of the ultrasound gel. During the listening test, the perceived
sound level produced by the prototype was compared to the sound level produced by the driver of a pair of
Vic Firth SIH2 Stereo Isolation headphones. The right driver of the headphones was removed while keeping the
headphone structure intact to allow access to the right ear of the test participant.

The test procedure was as follows. A sine tone of 0.5 s length was played through the headphone driver at
a specified sound level. The same stimulus was then played via the piezo driver in the subject’s other ear after
a 0.2 s pause. The test participant was asked to change the voltage level across the piezo until the perceived
sound level produced by the piezo actuator was considered to be equal the level produced by the headphone
driver by pressing the left or right mouse buttons to indicate whether the piezo actuator or the headphone driver
was perceived as louder. The two sound levels tested were 65 dBA and 75 dBA. The initial starting peak voltage
was set at 0.1 V output from the Digilent device, upon which the 2.5 V DC bias voltage was added and the
signal then amplified with a gain factor of 7.5. The step size of the voltage increase or decrease was initially
set at 6 dB, which was then changed to 3 dB after the first reversal. This change to the output voltage was
applied to the Digilent device output voltage. Once the test participant perceived the levels to be equal, they
indicated this by pressing the central mouse button. The test stimuli was then changed to the next since tone,
and the procedure repeated until all sine tones were thus compared.

The AB comparison test was repeated several times. One instance was with no gel in the ear canal and
the piezo actuator merely placed at the entrance to the ear canal. This was done to establish a baseline for
comparison. In the next repetition, the piezo actuator was placed against the test subject’s mastoid bone to
determine the effect via bone conduction. For the next repetition of the test an ear plug placed inside the ear
canal, close to the tympanic membrane but with a small gap between them. The ear canal was then filled with
gel until its entrance. The piezo was placed against the gel, but in such a manner that it did not touch the
subject’s skin and only made contact with the gel. The final test was performed with the ear plug removed
and the ear canal completely filled with gel from the entrance to the tympanic membrane. The piezo actuator
was then placed against the gel in a similar manner to the previous test. It was hoped that the comparison of



(a) A subject having their ear canal filled. (b) A subject having their ear canal cleaned.

(c) A subject’s filled ear canal. (d) A subject taking the listening test.

Figure 2. Photographs taken during testing.



these last two test cases would help determine if the sound signal was indeed travelling to the cochlea via the
tympanic membrane or if the signal was taking a different path.

These test cases and piezo actuator positions are summarised in Table 1. A photograph of a subject taking
the listening test can be seen in Figure 2 (d). Additionally, two pieces of music were played to the subject for
an informal assessment of the sound quality of the proposed system.

Table 1. Listening test cases.

Test case No. Piezo actuator position Ear canal

I At entrance of ear canal Not filled

II Against mastoid bone Not filled

III At entrance of ear canal Partially filled, plug placed between tympanic membrane and gel

IV At entrance of ear canal Completely filled with gel

4 Results and Discussion
The results of the listening test are presented in Figure 3. It can be seen in Figure 3 (a) that when the test was
conducted with the sound level set at 65 dBA, for frequencies below 2 kHz, the piezo actuator consumed less
power to match the headphone driver sound levels when placed at the entrance of a filled or partially filled ear
canal (test cases III and IV), in comparison to an empty ear canal (test case I). Additionally, the sound levels
perceived with test case II required more power to generate in comparison to the previous test cases. The test
case that required the most power for this frequency range was test case I. At stimuli frequencies above 3 kHz,
the piezo actuator required more power to transmit sound through the completely filled ear canal, while the
other three cases did not have significantly large differences in performance. It may be noted that for the test
case II, the subject perceived the 125 Hz and 250 Hz stimuli to be located at the contra-lateral ear, rather than
the side at which the piezo actuator was positioned. The subject also expressed that in order to better perceive
the sound through the piezo actuator they placed their head close to the device, which caused some discomfort
over the course of the test.

During the informal testing using music tracks, the subject was able to identify them when they were played
through the piezo actuator in all the test cases. The quality of the music was stated to be distorted in all
instances, with the music appearing to be bandpassed. The test cases I and II required approximately 10 times
the peak voltage of the other test cases. The music was perceived as being distorted, and the lyrics were
intelligible but also distorted for test case I. In test case II, the same amplitude utilised for test case I was
perceived to be softer and the intelligibility of the lyrics was not significantly different to the previous test case.
In this case, it was also noted that the bass was better perceived, but the subject reported no other differences
regarding the sound quality. In the test case II, the peak voltage across the piezo needed to be reduced by
a factor of 10 to 20 mV output from the Digilent device. The quality of the music was described to be the
worst of the four test cases, with a narrow frequency range of the perceived music. However, the lyrics of the
music were still intelligible. In comparison, the completely filled ear canal had better quality for the same peak
voltage, with less distortion and a more broadband range perceived, i.e. more bass and higher frequencies were
heard. The lyrics were also reported to be easier to understand in this test case.

From the test results, it can be inferred that the piezo actuator is capable of transmitting speech through the
selected gel. The perceived distortion appears to be a function of the piezo, as this was present even in the test
case I. It was also noted that the distortion caused increased with an increase in peak voltage, and therefore the
best perceived sound quality was in test case IV, which required the least power for transmission of the sound
signal. Comparing test cases III and IV indicates that the method required less power than bone conduction
utilising the same piezo actuator. At frequencies below 2 kHz, there is over a 10 dB difference in the required
peak voltage, which implies that the signal path in test case IV was through the tympanic membrane and



(a) Test conducted with sound level set at 65 dBA.

(b) Test conducted with sound level set at 75 dBA.

Figure 3. Results of the listening test. The solid line represents the results when the ear canal is completely
filled with gel and the piezo actuator placed at the entrance of the ear canal. The dashed line represents the
results when the ear canal is partially filled with gel and a plug placed between the tympanic membrane and
the gel. The piezo actuator was placed at the entrance of the ear canal. The line marked with the "*" symbol
represents the results when the ear canal was not filled with any gel and the piezo actuator was placed at the
entrance of the ear canal. The final line, marker with the "+" symbol represents the results when the ear canal
was not filled with any gel and the piezo actuator was placed against the mastoid bone.



ossicles, rather than through bone conduction. Additionally, it may be noted that the informal testing indicated
that test case IV had better channel separation at low frequencies than test case II, which motivates the use of
the technique in binaural hearing research.

While this method shows promise and addressed much of the outlined goals, it is noted that this is a limited
case study with only one subject and it is, therefore, difficult to draw conclusions. In addition, a medical
professional is required for the filling of the ear; due to the filling and cleaning of the ear canal. This may
therefore limit its application in practice and also render future studies difficult to conduct.

5 CONCLUSIONS
In this case study, a method for simultaneously attenuating background noise while still facilitating communi-
cation with a patient within the confines of an fMRI machine was presented. It was found that filling the ear
canal with Aquasonic 100 ultrasound gel, then placing a piezo actuator at the entrance of the ear canal such
that it is making contact with the gel provides sound insulation while delivering signals to the subject who
participated in the case study.

The results of this limited case study indicate that the proposed apparatus may present a feasible solution to
the problem of communication with patients within the fMRI machine while providing hearing protection against
the noise of the machine. The results from single subject suggest an advantage of > 15dB at frequencies below
2 kHz. The interaural crosstalk was also reported to be not existing.

Future study would involve a larger study with more subjects and potentially a piezo actuator with reduced
distortion.
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ABSTRACT 

Historically, cochlear pathology has been studied by serial sectioning of the temporal bone or microdissection 

of the sensory epithelium. Sectioned material is challenging because of the spiraling nature of the cochlear 

duct, and organ of Corti microdissection is limiting because other key structures (e.g., the stria) must be 

removed for high-resolution imaging. In contrast, both CT and diffusion MRI of intact cochleae yield 

isotropic 3D image stacks that can be cropped and virtually re-sectioned in any plane without loss of 

resolution, thereby combining the strengths of both classic approaches. Here, we apply diffusion MRI, CT 

and optical microscopy of osmicated cochleas of normal and noise exposed guinea pigs. We demonstrate a 

variety of MRI techniques, including diffusion tensor imaging (DTI), neurite orientation dispersion and 

density imaging (NODDI) and micro diffusion tensor (DT) imaging, as well as CT imaging and x-ray 

phase contrast tomography. We show how this multimodal imaging of intact specimens can be used to 

characterize and quantify cochlear pathology in 3D space. 
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ABSTRACT 

Non-invasive measures of the functional status of the cochlear nerve in vivo are critical for hearing 

diagnostics. Early components of the click-evoked auditory brainstem response (ABR) potentially dissociate 

hair cell activity from action potentials in the auditory nerve, but standard scalp electrode measurements are 

noisy. Clinical ABRs consequently focus typically on higher-amplitude brainstem response components. 

Here, we recorded responses to tones and clicks in humans and chinchillas with electrodes in the ear canal 

or placed on the tympanic membrane. Reference electrodes were either placed at the scalp vertex as in 

classical ABR montage, or in electrocochleographic montage close to the ear. As expected, classical ABR 

montage with vertex reference emphasized brainstem components of the responses to clicks at high sound 

pressure levels. Electrocochleographic montage yielded well-localized summating and action potential 

components of the click response in both humans and chinchillas. Low-frequency tones at high levels elicited 

strong steady-state frequency-following responses (FFRs) in the electrocochleographic montage. In mastoid-

to-vertex montage, on the other hand, FFRs had ripples in the response waveform suggesting an interference 

between nerve and brainstem sources. This indicates that low-frequency FFRs recorded 

electrocochleographically is sensitive to cochlear nerve function and its pathologies. 
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ABSTRACT 

Computational models provide a powerful tool for simulating and testing hypotheses related to the processing 

of sound in the healthy and impaired auditory system. The inclusion of realistic implementations of the 

auditory processing stages can help to determine how a deficit in one of these stages can affect the overall 

system’s performance. In the present study, a realistic model of the inner-hair cell transduction was integrated 

in an auditory signal processing and perception model (Jepsen et al., 2008; Relaño-Iborra 2019). Inner hair 

cells transform basilar membrane motion into receptor potentials. This stage has in previous modelling 

studies been simplified as an envelope extraction stage consisting of a half-wave rectification followed by 

low-pass filtering. Here, the more realistic simulations are validated from both a physiological and 

psychoacoustic point of view.  

 

Keywords: Auditory modelling, Inner hair cell transduction 

1. INTRODUCTION 

Various computational auditory models have been developed over the last decades in parallel with 

the increasing knowledge of auditory processing and perception. The models largely vary in their 

approach and their applicability in different configurations (see Osses Vecchi et al., 2022, for a review 

of monaural auditory models). While recent modelling studies are successful in predicting 

physiological and behavioural data in normal-hearing listeners, they still face difficulties when it 

comes to predicting the large differences across individual listeners in the hearing-impaired 

population. Cochlear hearing loss is largely associated with damage to both inner hair cells (IHC) and 

outer hair cells (OHC) as well as synaptic loss in the auditory nerve, thus the implementations of these 

stages are crucial for a better understanding and analysis of the impaired system.  

In the present study, a physiologically inspired model of the IHC transduction was implemented 

with the specific objective of integrating it into the computational auditory signal processing and 

perception model (CASP; Jepsen et al., 2008; Jepsen and Dau, 2011). In CASP, the IHC stage was 

originally implemented as a half-wave rectification and a low-pass filter stage which does not reflect 

the compressive behaviour of the IHC input-output function as observed in mammalian physiological 

recordings (Dallos, 1985). Recent studies emphasised the importance of this saturating behaviour at 

high sound pressure levels for the encoding of supra-threshold sounds (e.g., Carney, 2018). Here, the 

IHC stage of the original CASP model was replaced by a more realistic IHC transduction and the 

consequences of this modification for the performance of the model in psychophysical signal detection 

conditions were evaluated. The rationale was that a more realistic simulation of the IHC transduction 

processes allows for more accurate predictions of the data, particularly in conditions that are strongly 

affected by hearing impairment, where recent models still face difficulties.    

2. The IHC Model 

The non-linear IHC model, to be integrated in CASP, is inspired by previously developed 

biophysical models, such as those proposed by Shamma et al. (1986), Sumner et al. (2002), Lopez-

Poveda and Eustaquio-Martín (2006) and Verhulst et al. (2018). 

 

The IHC membrane potential is modelled with a passive electrical circuit analogy as in Altoè et al. 
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(2018). For simplicity, the fast- and slow-acting potassium (𝐾+) currents 𝑔𝐾,𝑓 and 𝑔𝐾,𝑠, respectively, 

are assumed to be voltage-independent, constant values. Solving this circuit analogy results in the 

following differential equation for the receptor potential V: 

 

𝐶𝑚
𝑑𝑉

𝑑𝑡
+ 𝑔𝑀𝐸𝑇(𝑉 − 𝐸𝑃) + 𝑔𝐾,𝑓(𝑉 − 𝐸𝐾,𝑓) + 𝑔𝐾,𝑠(𝑉 − 𝐸𝐾,𝑠) = 0, 

 

where 𝐶𝑚 represents the cell capacitance, 𝐸𝑃 the endochlear potential, 𝑔𝐾,𝑓/𝑠 the fast and slow 

potassium conductances, and 𝐸𝐾,𝑓/𝑠 the fast and slow reversal potentials, respectively. 𝑔𝑀𝐸𝑇 

represents the mechano-electric transducer current, that, in turn, can be calculated from the cilia 

displacement 𝑥 using a second-order Boltzmann function fit: 

 

𝑔𝑀𝐸𝑇 =  
𝐺𝑚𝑎𝑥

1+ 𝑒
− 

𝑥−𝑢0
𝑠1 (1+𝑒

− 
𝑥−𝑢0

𝑠0 )

. 

 

The overall shape of this Boltzmann fit is determined by the parameters 𝑢0, 𝑠0 and 𝑠1. The values of 

the parameters are provided in Table 1 and conform to those considered in the IHC model 

implementation of Verhulst et al. (2018) which was based on animal recordings from Jia et al. 

(2007) and Johnson et al. (2011).  

 

 

 

 

 

 

3. Physiological Response 

The behaviour of the non-linear IHC model was evaluated in comparison to available animal 

recordings. The inputs to the IHC model are the outputs of the preceding preprocessing stages in the 

CASP model, including outer- and middle-ear filtering of the acoustic signal and the basilar-membrane 

processing using the dual resonance non-linear cochlear filterbank (Lopez-Poveda & Meddis, 2001). 

The parameters of the CASP model remained unmodified and a detailed description of the processing 

stages can be found in Jepsen et al. (2008).  

 

The main two aspects of the IHC transduction are reproduced by the model: the compressive 

behaviour of the input-output level function, and the frequency dependent phase-locking represented 

here by the AC/DC ratio of the IHC receptor potential.  

 

Figure 1 shows the input-output function of the IHC model both for the original IHC model  (blue 

function) consisting of half-wave rectification and low-pass filtering, and for the proposed non-linear 

IHC model (red function), shown here for the ‘on-frequency’ channel at 600 Hz in response to a 600-

Hz tone. The peak potential was normalized relative to the maximum peak potential of all levels. The 

compressive growth is visible in the input-output function of the non-linear model whereas the original 

model shows a linear growth with increasing sound pressure level.  For a comparison to animal data, 

see Russell et al., (1986). 
   

𝑪𝒎 – cell capacitance 12.5pF 

𝑬𝑷 – endochlear potential 90mV 

𝒈𝑲,𝒇 – potassium conductance, fast  19.8nS 

𝒈𝑲,𝒔 – potassium conductance, slow 19.8nS 

𝑬𝑲,𝒇 – reversal potential, fast 71mV 

𝑬𝑲,𝒔 – reversal potential, slow 78mV 

𝑮𝒎𝒂𝒙 – maximum conductance 30nS 

𝒙𝟎, 𝒔𝟎, 𝒔𝟏 – Boltzmann function parameters  20nm, 16nm, 35nm 

Table 1: Parameters of the proposed non-linear IHC model. Parameters are chosen in agreement with the IHC model 

implementation in Verhulst et al., 2018 based on animal recordings from Jia et al., 2007 and Johnson et al., 2011. For 

simplicity, however, the fast and slow potassium conductance are assumed voltage independent. 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2 shows the AC/DC ratio of the IHC receptor potential. Phase-locking is known to decrease 

with stimulus frequency, due to the decrease of the AC component with increasing stimulus frequency 

compared to the steady DC component (Palmer & Russell, 1986). For each frequency, the ratio is 

shown at the output of the on-frequency channel in response to a tone at the corresponding frequency 

with an input sound pressure level (SPL) of 80 dB. The results obtained for the two IHC models 

resemble each other, with a less steep decline observed above 1 kHz for the non-linear IHC model. In 

the original IHC model, a 2nd order low-pass filter with a cut-off frequency of 1 kHz was applied after 

half-wave rectification. Both models show a clear decrease of the AC/DC ratio towards higher 

frequencies, reflecting the limitations of phase-locking at these frequencies. For a comparison with 

animal data, see Palmer & Russell (1986). 

  

Figure 1: The input-output characteristics are shown for the original model (blue), consisting of half-wave 

rectification and low-pass filtering, and the proposed non-linear model (red) on a linear (left) and logarithmic 

(right) scale. In both cases, the on-frequency channel output is shown in response to a sinusoidal signal at 600 Hz. 

The response is normalized relative to the maximum peak potential. over all levels. For comparison to animal data, 

see Russell et al. (1986). 

inpu 

 

Figure 2: The AC/DC ratio is shown for the original IHC model (blue) and the proposed non-linear IHC model 

(red) as a function of frequency. At each frequency the on-channel output is shown in response to sinusoidal 

input signals at 80dB. A clear decrease as a function of frequency can be observed in the AC/DC ratio, 

reflecting the envelope extraction behaviour of the IHCs. 



 

 

4. Psychoacoustic Response 

CASP has been shown to successfully model human performance in various psychoacoustic 

conditions, including forward masking, spectral masking and modulation detection (Jepsen et al., 

2008) as well as speech intelligibility (Relaño-Iborra et al., 2019). Here, we compared the simulation 

results obtained with the original CASP model with those obtained with the CASP model integrating 

the non-linear IHC model. Figure 3 shows the simulations of auditory thresholds for both models. 

Note that the auditory thresholds were calibrated within the model and therefore do not display its 

predictive power. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  As can be seen from the figure, both models show similar behaviour to the standard thresholds (ISO 

389-7, 2019). In order to simulate the auditory thresholds, internal noise was added after the non-

linearity at the stage of the basilar membrane, i.e., after the dual-resonance non-linear filterbank 

implementation. For both models this internal noise was adjusted to account for the auditory 

thresholds. Nonetheless, as shown here, the inclusion of a non-linear IHC stage still allows for the 

implementation within the model of audibility limitations.  

5. Summary and Outlook  

 A non-linear IHC transduction model was integrated in the computational auditory processing and 

perception model and evaluated independently from a physiological perspective, showing the 

expected phase-locking characteristics and compressive behaviour at higher sound pressure levels. 

Subsequently, the model was validated when integrated in the CASP modelling framework regarding 

the implementation of auditory thresholds. Following these initialisation steps, the performance of the 

model can now be evaluated in large set of psychoacoustic measurements, including simultaneous and 

forward masking, spectral masking and modulation detection. This will first be done for normal- 

hearing listeners, and then for hearing-impaired listeners. An investigation of the effects of the more 

realistic implementation of IHC transduction on the prediction of data from hearing-impaired listeners 

will be of particular interest.  
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ABSTRACT 

Cartilage conduction (CC) is a method of presenting sound by applying vibrations to the auricular cartilage. 

CC transmits sound efficiently under various transducer positions and weak application force below 1 N, 

which realizes comfortable devices. Although the auditory characteristics of CC are sensitive to these 

conditions, existing measurement methods have difficulty quantifying the applied force and vibration with 

various transducer positions. The challenges were (i) the precise control of the transducer position and 

application force and (ii) isolation of the characteristics of the transducer from the actual auditory 

characteristics. In this paper, we proposed a measurement system to simultaneously enable transducer 

position adjustment, 0.1 N step control over application force under 1 N, and direct monitoring of the applied 

vibration acceleration. Our method could cancel out transducer resonances from the observed ear canal sound 

pressure (ECSP) by using the applied vibration acceleration as a reference. The measurement confirmed 

ECSP’s dependence on transducer position and a positive correlation between application force and ECSP 

under application force below 0.6 N. Our method is the first to realize CC characteristics measurement under 

reproducible transducer position, application force, and vibration acceleration, which is essential for the 

standardization of the CC measurement process. 

 

Keywords: Cartilage conduction, Ear canal sound pressure, Sensor 

1. INTRODUCTION 

Cartilage conduction (CC) is a technology that allows sound perception without blocking the ear 

by applying vibrations that contain acoustic signals to the auricular cartilage. Both headphones and 

hearing aids using CC exist, possessing advantages and disadvantages over devices that use air 

conduction.  

Most headphones are inserted into the ear canal or cover the auricle, which blocks sound from the 

surrounding environment. Consequently, it obstructs communication with people around the user and 

may cause danger as the user may not notice nearby vehicles. Furthermore, earplugs inserted into the 

ear canal can cause discomfort and otitis externa when worn for long periods of time. Therefore, open-

ear headphones that can transmit sound without blocking the ear have become popular in recent years. 

In particular, wireless headsets using CC, such as OpenRun from Shokz (1), have found wide 

application in recent years because of their comfort. However, the amplitude and frequency 

characteristics of sound are unstable because the auditory characteristics of cartilage bone conduction 

vary greatly depending on the contact conditions of the transducer with the ear cartilage, causing 

differences in timbre between individuals and between the left and right ears. There fore, the current 

acoustic reproduction performance is lower than that of air-conducted headphones. 

In contrast, hearing aids using CC have been developed (2, 3). These hearing aids are used for 

patients who cannot use air conduction hearing aids because of ear canal obstruction. Compared to 

bone conduction hearing aids, which require strong pressure on the skin and discomfort, or bone -
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anchored hearing aids (BAHA), which require surgical implantation of a metal fitting in the skull, CC 

hearing aids require only soft contact between the skin and the transducer. Thus, CC hearing aids can 

be applied to patients with external auditory canal atresia and patients not comfortable wearing 

conventional hearing aids. Hearing aids require a fitting process in which the frequency response and 

dynamics of the presented sound are precisely adjusted according to the patient’s hearing. However, 

fitting is difficult in the case of CC because the auditory characteristics vary significantly depending 

on the contact conditions of the transducer with the cartilage.  

Therefore, it is necessary to evaluate the changes in auditory characteristics depending on the 

contact conditions of the transducer of the device with the auricle when designing a CC device. 

However, to make such an evaluation, it is necessary to measure the auditory characteristics of the 

CC under various conditions and determine the quantitative relationship between the vibration input 

from the device and the perceived sound.  

Some studies have quantified changes in the auditory characteristics of the CC depending on the 

conditions of contact of the transducer with the auricle (4, 5, 6). However, these studies have two 

problems: (i) the transducer position and application force cannot be precisely controlled, and ( ii) the 

frequency characteristics of the transducer cannot be isolated from the measurement results.  

For (i), the transducer position and application force, previous studies put the transducer onto the 

entrance of the ear canal (2, 7, 8), pressed it down by hand (4), attached it to tape (5, 9), and fixed it 

with a rubber headband (7). However, it is difficult to accurately fix the presentation position and 

application force using these methods; even when they are fixed, it is challenging to change the 

application force freely. Considering the auditory characteristics of cartilage conduction are 

significantly affected by these uncontrolled parameters, the reproducibility and comprehensiveness of 

the measurement are insufficient. In addition, the application force on the auricle that is comfortable 

for humans to wear is 0.3–1.5 N (10). However, no previous studies have measured forces below 1.0 

N, except for Shimokura’s study (4), where the transducer was held down by hand. The force applied 

by the hand is unstable, resulting in insufficient reliability.  

As for (ii), the frequency characteristics of the transducer, previous studies have used custom 

fabricated ring-shaped piezoelectric resonators (4, 5, 7, 8, 9, 11) and flat-plate resonators (6, 12). 

However, each transducer has a frequency response, and even if the voltage applied to the transducer 

is specified, it is unclear how much force or acceleration is produced. Moreover, the frequency 

response depends on the contact conditions between the transducer and auricle. Therefore, to clarify 

the auditory characteristics of cartilage conduction, it is necessary to quantify the acceleration of the 

transducer when it is in contact with the auricle. However, no standard calibrators can simulate the 

mechanical properties and quantify the vibrations of the ear cartilage. Furthermore, small-sized 

transducers used for cartilage conduction generally exhibit prominent resonance peaks in the output 

force or acceleration when driven at a constant voltage. Therefore,  the frequency characteristics of 

the transducer have a greater influence on the measured auditory characteristics than the cartilage 

conduction itself.  

In this paper, we propose a measurement system that solves the above two bottlenecks while 

measuring the auditory characteristics of CC. Instead of simply fixing the transducer using an off-the-

shelf apparatus, as in previous studies, we designed the original measurement system to meet the 

requirement for the measurement specific to CC measurements, such as a narrow space for the 

transducer and a weak applied force.  

The main contributions of this paper are as follows:  

1. A measurement system was designed from scratch that incorporates an adjustable fitting 

mechanism that can hold the transducer at multiple positions, a force sensor to monitor the 

force applied to the skin, and an accelerometer to monitor the vibration applied to the skin. 

This paper explains the requirements and the implementation of the system, as well as the 

evaluation of the sensors. 

2. The measurement process of the frequency response of ear canal sound pressure (ECSP) 

ensures a sufficient signal-to-noise ratio (SNR) and validates the result using magnitude 

squared coherence (MSC). 

3. Measurement of auditory characteristics of CC with three transducer positions and weak force 

applied to the skin (up to 0.6 N) compared to previous studies. By measuring the ECSP per 

vibration acceleration level instead of the ECSP per voltage level, we isolated the frequency 

characteristics of the transducer from the measurement results. 



 

 

2. RELATED WORK 

2.1 Cartilage conduction (CC) 

CC is a method of presenting sound by applying vibrations containing acoustic signals to the 

cartilage of the auricle rather than to the bone. Hosoi first presented cartilage conduction in 2004 (13, 

14) and found that perceived speech intelligibility was not inferior to that of air or bone conduction 

and that auditory characteristics were significantly affected by the force applied to the transducer.  

The most important factor of CC distinguishing it from bone conduction (BC) is the mechanism of 

sound transmission to the inner ear. Shimokura et al. (4) investigated three pathways of the CC sound: 

direct air pathway (air-conducted sound from the transducer reaches the eardrum through the ear 

canal); cartilage-air pathway (vibrations of the aural cartilage and tissue surrounding the external 

auditory canal generate sound in the ear canal, which reaches the eardrum by air conduction); 

cartilage-bone pathway (vibration of the aural cartilage induces BC sound). They found that the 

cartilage-air pathway is dominant in CC hearing in normal-hearing people, which differs from BC, 

where the cartilage-air path is not dominant in an unoccluded ear canal. This condition allows the 

loudness of the perceived CC sound to be approximated by ECSP measurements because it reflects 

the sum of the direct and cartilage-air pathways. 

2.2 Transducer position and auditory characteristics of BC and CC 

Mastoids and foreheads have been the major research objectives for studying the auditory 

characteristics of BC. The mastoid is physically close to the inner ear, making it suitable for BC; 

however, it is small and requires precise transducer positioning. McBride et al. (15) investigated 

auditory thresholds at various locations on the skull and found a difference of approximately 15 dB 

between the condyle, which is closer to the inner ear, and the jaw, which is farther away. Dobrev et 

al. (16) measured auditory thresholds by pressing transducers at seven locations around the auricle 

and found that the condyle, which is closer to the inner ear, had the lowest threshold. These results 

suggest that the auditory threshold is the lowest when the bone near the inner ear vibrates in the BC.  

Moreover, to investigate the relationship between the position of the transducer and the auditory 

threshold in CC, Shimokura et al. (5) measured the ECSP with the transducer fixed with double -sided 

tape at four positions: entrance to the ear canal, behind the concha, on the ear lobe, and overtop of the 

temporal bone. The results showed that the ECSP at the entrance to the ear canal and behind the concha 

was the highest; the ECSP at these locations was > 30 dB higher than that a t the top of the temporal 

bone. 

2.3 Transducer application force and auditory characteristics of BC and CC 

In BC, the relationship between application force and auditory characteristics has long been studied 

extensively, with values ranging from 2.0 N (17) to 7.4 N (18) proposed as application forces that can 

present sound with good reproducibility. A typical international standard specifies an application force 

of 5.4 ±0.5 N when a B71 transducer is used. However, this application force is strong and causes 

discomfort. Therefore, there are proposals to present sounds with a weaker application force. Toll et 

al. (19) measured auditory thresholds when the mastoid protrusions were presented with a headband 

at a force of 2.4 N to 5.4 N, concluding that no significant difference was observed.  

In contrast, Shimokura et al. (4) studied the relationship between applied force and auditory 

characteristics. In the experiment, the participants held and pressed the transducer against the auricle 

by hand and adjusted the force by monitoring the force value from the film-like force sensor placed 

between the transducer and the auricle. However, the disadvantage of this method is that it is difficult 

to maintain a stable and precise application force owing to the lack of precision of the sensor and 

instability of the force generated by the hand. Although a low application force of 0.77 N was achieved 

with the hand-holding method (4), there are no examples of measurements of CC hearing with 

controlled application forces lower than it. 

2.4 Measurement of the transducer output 

For air conduction and BC, standardized methods exist for calibrating the transducer output. For 

air conduction, calibration was performed by converting the sound pressure level output by the 

transducer to a voltage using a mechanical coupler, as specified in IEC 60318-3 or IEC 60318-5. For 

the BC, a mechanical coupler (called an artificial mastoid) specified in IEC 60318 -6 is used for 

calibration by converting the force level output by the transducer into a voltage. The artificial mastoid 



 

 

is a mechanical coupler that simulates the mechanical impedance of the human mastoid and forehead. 

When the transducer is fixed at 5.4 N, the force output by the transducer is converted to a voltage. 

However, the actual force output of the transducer may vary in real measurement conditions where 

the mechanical coupling to the bone is different for each person or transducer position.  

However, for CC, there is no standardized output calibration method for the transducer. Calibration 

using artificial mastoids is also not possible because the cartilage and the mastoid have different 

mechanical impedances. Previous studies used custom-made ring-shaped piezoelectric transducers (4, 

5, 7, 8, 9, 11) and flat-plate transducers (6, 12). However, the output of the transducers in this study 

is defined by the voltage applied to the transducers because the output characteristic of the 

acceleration per voltage of these transducers is unknown. Consequently, even if the frequency 

characteristics of the auditory threshold or ECSP are obtained, they cannot be evaluated as the 

characteristics of the CC itself because they include the characteristics of the transducer.  

When vibration is directly measured while it is being presented to a human without cal ibrating the 

transducers with a coupler, such as an artificial mastoid, an impedance head is used. In some BC 

measurements, the transducer output was directly measured using an impedance head (20, 21, 22, 23). 

However, it is difficult to apply it to cartilage conduction because the size of the entire mechanism, 

including the transducer and impedance head, is large (a few centimeters in size), making it difficult 

to contact narrow parts of the auricle.  

To solve this problem, Hodgetts et al. (24) attached a small microelectromechanical system 

(MEMS) accelerometer to the back of the transducer to measure the acceleration. However, it seems 

unlikely that the acceleration on the back of the transducer and the acceleration of the surface in 

contact with the skin coincide at high frequencies. Other calibration methods are also being 

investigated. Shimokura et al. (11) reproduced the low-frequency portion of the CC characteristics 

below 1.5 kHz by attaching a polyurethane tube that mimics the ear canal to a human skull model and 

successfully reproduced the high-frequency portion above 2 kHz using the head and torso simulator 

(HATS) auricular model. However, because this method is not based on the theoretical modeling of 

mechanical behavior, it cannot be said that this calibration method can be used for other transducers.  

3. DESIGN AND EVALUATION OF THE MEASUREMENT SYSTEM 

This section describes the design and evaluation of a measurement system that presents sound 

generated by CC. As discussed in Section 1, the measurement system must satisfy the following two 

requirements: (i) the transducer position and application force can be precisely controlled and (ii) the 

frequency characteristics of the transducer can be isolated from the measurement results . We first 

introduce an overview of the system and then explain the detailed design to achieve the requirements., 

In this study, we have clearly defined the requirements to be met by the measurement system as a 

whole, considering skin contact conditions to be achieved and the mechanical properties of the 

measurement fixture, unlike previous studies which focused on simply attaching existing components. 

Subsequently, we implemented and evaluated the system based on these requirements. 

3.1 System overview 

Figure 1(a) shows the head-worn measurement system. This system consists mainly of a headband 

(3M™ speedglass™ headband 533000), three metal arms, a force sensor unit, a transducer unit, and 

an interface printed circuit board (PCB) fixed to the headband.  

The headband and metal arms form the adjustment mechanism of the measurement system. The 

headband has three adjustable straps at the top, forehead, and back of the head, allowing the headband 

to fit a variety of head shapes. The headband secures the metal arms to the subject’s head at one end, 

and the three metal arms with joints can fix the transducer to the desired position and orientation.  

Figure 1(b) shows a more detailed image of the transducer. A linear rail was attached to the metal 

arm at the other end, which enabled fine adjustment of the transducer position and application force. 

The transducer unit, comprising the transducer, accelerometer, and metal contact part with the skin, 

is held by the force sensor unit attached to the linear rail.  

The interface PCB was connected to a controller board that controlled the electronics of the system 

and transmitted the sound signals to the transducer. The controller board has three functions: (i) read 

transducer vibration acceleration and application force from the sensors, (ii) control linear rail by 



 

 

signal from the controller board, and (iii) transmit sound signals from controller board to transducer.  

3.2 Design and evaluation for controlling transducer position 

The requirements for the system for controlling transducer position are as follows: 

1. The adjuster mechanism should accommodate individual differences in head shape. 

2. The size of the resonator part, including the resonator, accelerometer, and skin contact par t, 

should be maintained at approximately 15 mm square to fit a narrow gap between the auricle 

and head. 

3. The transducer can be fixed to a wide range of areas around the auricle, including the front 

and back. 

All participants could wear the headband owing to the adjustable headband of the system, thus 

fulfilling the first requirement.  

To satisfy the second requirement, we used a miniature transducer shown in Figure 2(a) (12 × 5 × 

3 mm) and a miniature accelerometer (IIS3DWB, STMicro, 2.5 × 3.0 × 0.83 mm). By  putting these 

small devices into one unit using CNC-milled aluminum parts and 3D printed parts, as shown in 

Figure 2(b, c), the whole transducer unit without the supporting iron rod and PCB was fitted within 

15 mm square. 

The third requirement was met by using three metal arms with joints. The measurement confirmed 

that the system could position the transducer at three locations: mastoid, behind the concha, and 

tragus of all participants. 

 

3.3 Design and evaluation for controlling application force 

The requirements for the system for controlling application force are below: 

1. The measurement system was attached to the head of the person to be measured to minimize 

the effect of unintended head motion of the measurement participant.  

Figure 1 – (a) Proposed head-worn measurement system. (b-c) Enlarged images around the transducer. 

 

Figure 2 – (a) Transducer used in the system. (b) Disassembled view of the transducer unit. 

(c) Transducer unit held by the force sensor unit. 

 



 

 

2. The resonator has to be pressed against the skin with a force between 0.1–1.5 N (or until large 

deformation of the skin is noted) as sound presented by CC can be perceived well under the 

applied force as weak as 0.1 N. The resonator position must not be moved by the reaction to 

the applied force. 

3. The force sensor should monitor the applied force on the skin with a resolution of 0.1 N or 

higher in the above force range. 

Although it is not possible to completely eliminate the effect of head motion, we could conduct all 

measurements within ±0.05 N of the target application force by attaching the system to the head, as 

noted in the first requirement. In addition, adjusting the rough transducer position using the metal 

arms and then pressing the transducer against the skin using a linear rail confirmed that the second 

requirement was met for all participants.  

In addition, a miniature force sensor (HSFPAR004A, Alps Alpine) and a 24-bit analog-to-digital 

converter (ADC) (LTC2485, Analog Devices) enabled item 3. To calibrate the sensor, the outputs from 

the sensor loaded with a known weight (up to 500 g) were compared with the actual force. The root 

mean squared error (RMSE) was 0.01384 N, sufficiently smaller than 0.1 N. Another cause of error 

in the measured force is the weight of the transducer unit. To cancel this effect, the angle of the 

transducer unit against gravitational acceleration was measured using an accelerometer, and the 

gravitational force calculated from the angle and the weight was subtracted from the force sensor’s 

raw data. 

3.4 Design and evaluation for monitoring transducer output 

The requirements for the system for monitoring transducer output are as follows: 

1. A small accelerometer with a bandwidth of at least 4 kHz was placed in the vicinity of the skin  

contact area. 

2. The parts of the contact zone between the accelerometer and skin should have a sufficiently 

higher mechanical impedance than the skin and should be mechanically coupled tightly to the 

accelerometer. 

To satisfy the first requirement, we used a wide-bandwidth accelerometer (IIS3DWB, STMicro) 

with a flat frequency response of up to 6 kHz and a sampling frequency of 26.667 kHz.  

The bandwidth of the sensor and the mechanical properties of the entire system are important for 

precisely measuring high-frequency acceleration on the skin surface. However, the mechanical 

properties of a large part of the system can be ignored by placing the accelerometer in the immediate 

vicinity of the skin contact area, as shown in Figure 2(b). If the mechanical impedance of the 

accelerometer itself and the parts between the accelerometer and the skin are sufficiently higher than 

that of the skin, the accelerations of the accelerometer and the surface of the skin are almost the same. 

Therefore, we used CNC-milled A7075 aluminum parts for the transducer unit and assembled them 

with M1.4 screws and an adhesive (Aron Alpha® Pro, Toagosei) for rigidity.  

To evaluate the accuracy of the vibration acceleration measurement, we compared the acceleration 

output from the sensor and the vibration acceleration at the surface of the skin contact part measured 

using a laser Doppler vibrometer (LDV) (MSA-500, Polytec). Skin contact was simulated using a 

phantom (cylindrical, outer diameter of 12 mm, inner diameter of 4.5 mm, thickness of 3 mm) made 

of a special urethane resin (human skin gel C15, Exseal Corporation). The measurement confirmed 

that the difference between the vibration acceleration level (VAL) from the sensor and the LDV was 

within ±2 dB for a frequency range of 200 Hz to 8 kHz when the transducer unit was in contact with 

the skin phantom. 

4. MEASUREMENT METHOD 

4.1 Measurement of ECSP 

The measurement participants (three males and one female, aged 21 to 25 years) sat in a chair and  

were fitted with the measurement system described in the previous section. A probe mic rophone (ER-

7C, Etymotic Research) was inserted into the ear canal near the eardrum by CC. First, an exponential 

swept sine (ESS) signal from 100 Hz to 12 kHz rising in 1 s was presented twice with an interval of 

0.5 seconds, and the transducer acceleration was measured during the presentation. From the 



 

 

frequency characteristics of the vibration acceleration measured above, a compensation filter was 

calculated to make the vibration acceleration as flat as possible at a VAL of 132±5 dB. The frequency 

characteristics of the vibration acceleration and ECSP of the transducer were measured simultaneously, 

while the filtered ESS signal was presented ten times at an interval of 0.5 seconds, and the average of 

these measurements was used to calculate the frequency characteristics of the vibration acceleration 

and ECSP. The number of FFT points was 8192, and the Blackman–Harris window was used to 

calculate the frequency responses. The frequency response of the ECSP per unit vibration acceleration 

was calculated by dividing the ECSP by the measured VAL.  

In addition, we used the MSC to ensure that the resulting frequency response was not dominated 

by noise. MSC was calculated from the presented signal and the measured waveform; data points, 

where the calculated MSC values were below 0.35, were excluded from the plot. We chose a threshold 

of 0.35 because it corresponds to a significance level of 95%, which means that the possibility of the 

data point containing only noise is less than 5%. 

4.2 Transducer position and application force 

Measurements were performed by pressing the transducer against the auricle using the proposed 

measurement system. The effect of subtle deviations in the position and angle of the transducer was 

also investigated by reapplying the transducer and repeating the measurement thrice for each 

transducer position and application force. The application force was varied in 0.1  N in steps of 0.0 N 

(non-contact state). The maximum force was set at a value that would not distress the participants at 

each position (0.4 N at tragus, 0.6 N behind the concha, and 0.5 N at mastoid. The force sensor values 

were constantly monitored during the measurements to confirm that the error did not exceed ±0.05 N.  

The skin contact part was hemispherical with a diameter of 8 mm, dispersing pressure and 

preventing skin damage. This part was prepared by CNC machining A7075 aluminum to ensure high 

stiffness. 

5. RESULTS AND DISCUSSION 

5.1 Transducer position and ECSP 

Figure 3(a) shows the relationship between the ECSP per vibration acceleration and the transducer 

position. Although the overall frequency response is not entirely flat, it does not exhibit a downward 

or upward trend, suggesting that constant acceleration is suitable for a presentation with flat frequency 

response. This result contrasts with the previous measurement by Shimokura et al. (4), in which the 

result had a frequency response with a prominent peak with a difference in magnitude greater than 40 

Figure 3 – (a) The relationship between ECSP per vibration acceleration and the transducer position (see 

Figure 3-(b) for the correspondence between the symbols and the positions; 0.4 N application force; 

mean values for all participants; shadows are standard deviations; points with MSC < 0.35 are 

excluded). (b) The transducer position (dotted circle means the transducer was pressed behind the 

auricle). (A) behind the concha, (B) tragus, (C) mastoid. 

 



 

 

dB across the frequency. However, the previous measurement measured the ECSP per vibration and 

failed to cancel out the frequency characteristics of the transducer. Therefore, the 40 dB peak in it was 

likely a result of transducer resonation.  

 Overall, the presentation to the mastoid had the smallest ECSP per vibration acceleration , while 

the presentation to the tragus had the largest ECSP per vibration acceleration over almost the entire  

frequency range. This result does not contradict the previous measurement of Shimokura et al. (5). 

The presentation to the tragus had the largest ECSP per vibration acceleration at frequencies below 3  

kHz, while a large ECSP per vibration acceleration characterized the presentation to the back of the 

concha at frequencies above 3 kHz and a flat frequency response overall. 

5.2 Transducer application force and ECSP 

Figure 4 shows the relationship between the mean ECSP per vibration acceleration and transducer 

application force. At an application force of 0.0 N, there was no contact between the transducer and 

the skin, indicating that sound propagation was only by the direct air pathway from the transducer. As 

shown in Figure 4(a, b), because of the contribution of the cartilage-air pathway, the ECSP per 

vibration acceleration was larger when the skin behind the concha or the tragus was in contact with 

the transducer. In addition, the stronger the application force, the larger the ECSP per vibration 

acceleration. However, it was confirmed that the effect of the applied force was negligible above 4 

kHz. As the position of the transducer does not change significantly in the contact state, the larger 

ECSP per vibration acceleration can be attributed to the cartilage-air pathway.  

 By contrast, as shown in Figure 4(c), the ECSP per vibration acceleration was almost unchanged 

when the mastoid was in contact with the transducer. Therefore, for the presentation of the bone-

conducted sound to the mastoid at forces below 0.5 N, the effect of ECSP generated by vibrating the 
skull is small, indicating sound transmission through other pathways. 

In Figure 4(b), the ECSP per vibration acceleration in the non-contact and contact states are almost 

Figure 4 –Relationship between ECSP per vibration acceleration and the transducer application 

force (mean values for all participants; points with MSC < 0.35 are excluded). (a) behind the 

concha, (b) tragus, (c) mastoid. 

 



 

 

identical in the frequency band above 3 kHz, showing that the contribution of the direct air pathway 

to the ECSP was dominant, thus indicating that the sound radiated by the transducer into the air was 

too loud. In all the cases in Figure 4, the frequencies of the peaks and notches in the contact state  

roughly correspond to those in the non-contact state.  

However, in (a) and (b), some notches showed a slight change in the center frequency depending 

on the application force, whereas others did not (e.g., notches near 250 Hz and 2.5 kHz). This is 

because the change in the application force or the change in the coupling with the transducer cause 

changes in the resonant frequency. Therefore, the cartilage-air pathway was dominant in this 

frequency range. In contrast, notches with unchanged center frequencies were likely to be caused by 

the direct air pathway. The depth of such notches decreases as the applied force increases because the 

influence of the direct air pathway becomes weaker.  

Table 1 presents the standard deviations of ear canal sound pressure per vibration acceleration for 

each transducer position and application force. For each condition, the standard deviations across 

participants and trials were calculated. Then, the median value was selected along the frequency axis. 

The standard deviation of the ECSP per vibration acceleration for all transducer positions does not 

vary significantly from 6 dB to 7 dB depending on the contact and non-contact states but on the 

strength of the application force in the contact state.  

5.3 Limitations 

As described in Section 5.2, an excessive amount of air-conducted sound is observed in the results. 

This observation is supported by the fact that the ECSP in the non-contact state and contact state is 

roughly the same in specific frequency ranges, and that peaks and notches of ECSP frequency 

responses in the non-contact state are present in the contact state, indicating interference of the direct 

air pathway with the cartilage-air pathway. As the direct air pathway relies only on the sound leakage 

from the transducer and the transmission characteristics of the air-conducted sound between the 

transducer and eardrum, this situation is not ideal for measuring the characteristics of the cartilage-

air pathway of the CC sound.  

To determine whether the variation in measurement results is primarily due to the variation in the 

direct air pathway or whether the cartilage-air pathway also has a large enough effect of causing 

individual measurements to vary, it is desirable to reduce the sound radiated into the air by optimizing 

the shape of the transducer and the vibration isolation with the entire measurement fixture.  

The main reason for the high noise emitted by the jig into the air is that the transducer unit, force 

sensor unit, linear rail, and metal arms are all rigidly fixed, and no component absorbs the vibration. 

Therefore, vibrations generated by the transducer can be transmitted to the metal arms without 

attenuation and radiated from the large surface of the metal arms. A vibration-absorbing rubber 

adhesive is used in the transducer unit to fix the transducer to the adapter components. However, 

advanced anti-vibration measures are required to prevent sound radiation. In particular, incorporat ing 

a component with high vibration isolation performance between the two units  would effectively 

prevent vibration transmission between the transducer unit and force sensor unit . 

Application force 

[N] 

Behind the concha 

[dB] 
Tragus [dB] Mastoid [dB] 

0.0 6.3 6.9 6.8 

0.1 6.5 6.3 6.7 

0.2 6.6 6.3 6.7 

0.3 6.4 6.2 6.7 

0.4 6.5 6.3 7.0 

0.5 6.7 — 6.9 

0.6 6.8 — — 

Table 1 –Standard deviation of the ear canal sound pressure per vibration acceleration for each 

transducer position and application force. 



 

 

6. CONCLUSIONS 

In this paper, we proposed a measurement system to solve two problems in the evaluation of 

practical devices for CC: (i) the inability to precisely control the transducer position and application 

force, and (ii) the inability to isolate the frequency characteristics of the transducer from the 

measurement results. Using this system, we clarified the auditory characteristics of the CC at various 

presentation positions and with a weak force considering the skin contact conditions of the transducer 

in a practical device.  

The adjuster mechanism of the proposed measurement system is composed of a headband and a 

metal arm, enabling the system to be worn on heads of various shapes and fix the transducer at any 

position around the auricle. In addition, a small unit incorporating a force sensor and an acceleration 

sensor was created to monitor the applied force and vibration acceleration.  

Finally, using the proposed measurement system, we measured the ECSP of four experimental 

participants at various presentation positions and with a weak force, controlled the applied force, and 

monitored the applied vibration acceleration. Auditory characteristics were obtained by isolating the 

influence of the frequency characteristics of the transducer itself by calculating ECSP per vibration 

acceleration. Overall, the results revealed a generally flat frequency response shape with respect to 

the vibration acceleration masked by the frequency characteristics of the transducer itself in previous 

studies. More specifically, the transducer position at the tragus and the stronger application force 

resulted in a large ECSP per vibration acceleration. However, it was found that the vibration isola tion 

measures to prevent vibration propagation from the transducer to the metal arm are necessary to reduce 

the influence of the direct air pathway on the measurement results.  

Future research goals include standardizing the auditory characteristics of CC and the measurement 

method for the characteristics of CC audio devices.  
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ABSTRACT 

Wave-I of the transient-evoked auditory brainstem response has been proposed as a marker of peripheral 

neural degeneration, since it represents auditory nerve (AN) activity and can be separated in time from pre-

synaptic hair-cell potentials and subsequent brainstem potentials. However, evidence suggests that steady-

state potentials, like frequency following responses (FFRs), might be more representative measures of neural 

degeneration. In steady-state potentials, activity from different generators overlap in time and may be difficult 

to disentangle. Here, we measure peripheral responses with electrocochleography to quantify age-related AN 

degeneration. We disentangle AN responses from ‘central’ FFRs associated with brainstem generators and 

corroborate the absence of such brainstem activity with transient stimuli. We estimate the magnitude of the 

presynaptic cochlear microphonic that can obscure the AN contribution to the overall peripheral response 

with a high-frequency tone where the AN is minimally responsive. Recordings were obtained from 15 young 

and 14 older human participants with near-normal audiograms in response to high-level 10-ms tones at 516, 

1032 and 3096 Hz and 100-µs clicks. Our results show a reduced peripheral response to the tones and clicks 

in the older participants, consistent with the presence of age-related degeneration across AN fibers in older 

listeners with near-normal hearing thresholds. 

 

Keywords: Diagnosis, Hearing, Electrophysiology 

1. INTRODUCTION 

Results from animal studies suggest that the synapses between inner hair cells (IHCs) and auditory 

nerve fibers (ANFs) disconnect after exposure to loud noises or due to aging [1,2]. This has been 

termed cochlear synaptopathy (CS), which leads to the loss of the disconnected ANFs. These effects 

can precede IHC and outer hair cell (OHC) dysfunction and thus can go undetected in hearing 

threshold tests [3]. ANF loss could be associated with deficits in the processing and perception of 

complex sounds, such as speech or music, in the presence of background noise [4]. However, a direct 

link between such limitations at supra-threshold levels and sensorineural hearing loss (SNHL) remains 

unclear in humans [5]. 

Several electrophysiological markers have been proposed to quantify AN dysfunction. Wave-I of 

the auditory brainstem response (ABR), also called the compound action potential (CAP), is a far-

field potential that is generated by the AN and reflects peripheral neural degeneration [6]. The 

advantage of this marker is that, since it is evoked by transient stimuli, the contributions of each 

generator are separated in time and can be isolated. However, hair cell damage can affect supra-

threshold ABR amplitudes and AN fiber loss can therefore not be isolated with these measures [7]. 

The frequency following response (FFR) reflects synchronized phase-locking to the fine-structure 
of sustained acoustic stimuli. Modeling results from Märcher-Rørsted et al. (2022) show that, at high 

 
1 mtegu@dtu.dk 

ABS-0984



 

 

levels and low stimulation frequencies, FFR amplitudes are unaffected by medium-to-high-frequency 

OHC dysfunction. Additionally, computer AN simulations suggest that ANF loss could, at least partly,  

explain the age-related reduction in FFR amplitudes that has been reported in the literature  [8-10]. 

However, with sustained stimuli, potentials originating from different subcortical generators are 

difficult to disentangle in the far-field. Here we used electrocochleography to isolate the response 

from the auditory periphery and measured FFRs in young and older participants with near-normal 

hearing thresholds. 

2. METHODS 

2.1 Participants 

Twenty-nine subjects with clinical hearing thresholds below 25 dB hearing level (HL) up to 6 kHz 

were recruited for the study. They were separated into a group of young (n = 15, 20 -31 years, 5 male) 

and older (n = 14, 58-79 years, 4 male) participants. The ear canal status was checked via otoscope 

and extended high-frequency thresholds (10 to 16 kHz) were recorded with IP30 insert phones 

(RadioEar). 

2.2 Stimuli 

Transient evoked potentials (ABRs and CAPs) were obtained by stimulating with 100-µs clicks, 

presented 6000 times with alternating polarity at 115.5 dB ppSPL. FFRs were recorded at two 

stimulation levels. Short, 10-ms pure tone pips were presented at 100 dB ppSPL at 516, 1032 and 

3096 Hz (1-ms up and down ramps), and longer 250-ms pure-tone bursts at 80 dB rmsSPL at 516 and 

1086 Hz. The clicks and tone pips were presented at 12 repetitions per second in both condensation 

(C) and rarefaction (R) phases of 3000 presentations each. Longer tone-bursts were presented with 

two repetitions per second, 150 times for each polarity (1-ms up and down ramps). All stimuli were 

presented monaurally to the ear with the lowest average audiometric thresholds. 

2.3 Data acquisition and analysis 

The BioSemi ActiveTwo system was used to record the electrophysiological data from electrodes 

on the vertex (FPz) and the ipsilateral mastoid (P9 or P10),  with a sampling frequency of 16384 Hz. 

Electrocochleographic potentials were recorded simultaneous using a tympanic membrane (TM) 

electrode (Sanibel). An Ear Nose and Throat (ENT) medical doctor inspected the ear canal, applied 

liquid local anesthesia (xylocaine (lidocaine), and 10 minutes later, removed the anesthetic and placed 

the TM electrode on the ear drum of the ipsilateral ear. 

Peripheral components where obtained with the TM-to-ipsilateral mastoid configuration, where 

the CAP and the summating potential (SP) peak-to-trough amplitude and latency were extracted in 

response to the clicks. With this configuration, we obtained ‘peripheral FFRs’, or auditory nerve 

neurophonics (ANNs) to pure tones, where we obtained the spectral amplitude, signal -to-noise ratio 

(SNR), and latency – calculated as the maximum of the cross-correlation between the response and 

the stimulus. Brainstem responses were measured between the ipsilateral mastoid and vertex 

electrodes. ABR wave-V, amplitudes and latencies were derived for the transient stimuli and FFR 

spectral amplitudes, SNRs and latencies were recorded in response to the pure tones. 

3. RESULTS 

Figure 1 shows across group averaged responses to 100-µs clicks and 10-ms pure tone pips (516 

and 1032 Hz) recorded simultaneously from three different electrode configurations : A) Mastoid-to-

vertex, B) TM-to-vertex and C) TM-to-mastoid. The top row shows polarity-independent brainstem 

components in panels A and B (ABR waves III and V) and the enhanced peripheral component (CAP) 

in panels B and C – configurations that use the TM electrode. The middle and bottom rows show the 

polarity-dependent part of the response to the tones (i.e. (C-R)/2). For the middle row, panel A shows 

a response composed of a peripheral contribution and a brainstem contribution that are also present 

in panel B. Yet, for configurations using the TM electrode, the peripheral component is enhanced, as 

expected. In panel C, the brainstem component is absent such that the peripheral component can be 

isolated. The bottom row only shows the peripheral contributions for the different electrode 

configurations, since there is minimal phase-locking in the brainstem to frequencies above 1 kHz [11]. 

To study the peripheral response we thus used the configuration shown in panel C, TM-to-mastoid. 



 

 

 

 

Figure 2 shows the group average response, divided into young (orange) and older (purple) 

participants. Traces in the time domain were corrected for individual latencies to aid visualization. 

The upper panels A-E show potentials obtained with the TM-to-mastoid configuration representing 

peripheral components. The bottom panels F-J show the potentials obtained with the mastoid-to-vertex 

configuration representing brainstem contributions. The CAP amplitude (panel A) was reduced by 

60% in the older group, while w-V amplitude (panel F) did not show a statistically significant 

reduction. Panels B-E show the ANN to 516 Hz and 1032 Hz in the time and frequency domain, 

respectively, and panels G-J show the corresponding FFR results. The ANN spectral amplitudes were 

reduced by 72% and 63% for the older participants at 516 and 1032 Hz, respectively. The FFR spectral 

amplitudes were reduced by 25% and 61% for the older participants at 516 and 1032 Hz, respectively.  

4. DISCUSSION 

We observed reductions in the pure-tone FFR spectral amplitudes of older participants with near-

normal audiometric thresholds, which are consistent with previous results. Additionally, a similar 

reduction was observed in the FFRs originating in the AN, the ANN, confirming the modeling results 

presented in Märcher-Rørsted et al. (2022). Although significant differences for thresholds in the 

extended high-frequency region, revealed the presence of basal OHC dysfunction in the older 

participants, the AN simulations from Märcher-Rørsted et al. (2022) indicated that these differences 

do not affect the phase-locking in the AN to low-frequency high-level pure-tones. These results 

suggest that neural deficits already at the level of the AN in older listeners affect the amplitude of the 

phase-locked potentials measured at the scalp. 
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ABSTRACT
To maximize the benefit from hearing device algorithms, the user’s movement behavior is increasingly being
incorporated into signal processing. The development and evaluation of such behavior-driven algorithms im-
poses increased demands on the computational performance and sensor interfaces of hearing devices, but also
on the ecological validity of test environments as well as experimental paradigms. A portable research platform
allows the integration of signal processing and sensor data on small hardware, but is limited by hardware perfor-
mance constraints such as computational power, battery life, and sensor interfaces. Network-based distribution
of sensors and audio allows parts of the processing to be outsourced to a laboratory environment. This not only
enables performance improvement, but also new types of interactive experiments. As an example, low-delay
interactive audio-visual virtual reality serves as a tool that enables the use of ground truth information and pro-
vides reproducibility and scalable complexity of communication tasks. This paper presents multiple research
tools, including a portable research platform that integrates audio signal processing and EEG data acquisition,
and an apparatus to capture interactive communication behavior in a distributed "Wizard-of-Oz" experiment in
virtual environments with network-based distribution of high-quality spatial audio and head motion data.

Keywords: Hearing devices, User behavior, Interactive communication, Virtual reality

1 INTRODUCTION
Maximum benefit from hearing devices is usually achieved through directional filtering [10]. However, as selec-
tivity increases, the interaction between head movement and the user benefit of the devices plays an increasingly
important role [3, 14, 12] (see also [7] for an overview of self-motion in a hearing device context). Also algo-
rithms for estimating the direction of arrival [16] and blind source separation [2, 22] interact with head motion.
The user benefit of hearing devices can be improved by either compensating self-motion [1], but also by esti-
mating the auditory attention based on analysis of movement behavior [8] or EEG [20].

To develop and evaluate hearing devices controlled by human behavior, ‘subject-in-the-loop’ test environ-
ments are required, i.e., environments, which take into account the device user and the user’s natural behavior.
For an ecologically valid evaluation of such behavior-controlled devices, the user’s behavior in everyday-life
needs to be similar during measurements, at least to the extend that the behavior-controlled hearing device
function reflects function in real-life [18].

This means that experiments may be performed in the field, which comes at the cost of limited repro-
ducibility and test sensitivity, and requires portable hardware. Alternatively, if experiments are performed in a
laboratory, much care needs to be taken that the behavior is natural.

In the remainder of this paper, methods and key components to perform experiments with behavior-controlled
algorithms are described, and their potential as well as limitations are discussed.

2 METHODS
2.1 Portable Hearing Laboratory
The Portable Hearing Laboratory [21] is a lightweight ARM Cortex-A8 based processor board with a battery,
professional hearing aid headset with cable connection to a multi-channel audio interface and various connectors
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Figure 1. The Portable Hearing Laboratory (left panel) and a realization of an advanced lab, the Gesture Lab
at University of Oldenburg (right panel).

for expansions like additional line-in and line-out connectors for microphones and headsets and wireless network
connection for remote control and data exchange (see Figure 1). The Portable Hearing Laboratory runs an
optimized Linux operating system “Mahalia” and the open Master Hearing Aid (openMHA, [17]) software.
This device is aimed at a large group of researchers, from algorithm developers to audiological researchers.
Because of its flexibility, it can facilitate the development of novel signal processing schemes. As a portable
device with a battery runtime of several hours, it also enables the evaluation of new algorithms in the field.
When combined with additional sensors such as motion sensors or EEG [5], it can serve as a platform for
behavioral analysis in the field.

2.2 Advanced lab for ecologically valid analysis of interaction between movement behavior and hearing device
benefit
In hearing device research, the findings often differ between experiments performed in the field from experi-
ments performed in the laboratory [4]. This discrepancy can be attributed in part to an oversimplification of
acoustic conditions in the laboratory. Another factor is the lack of ecological validity of human behavior in
laboratory experiments. The goal of an advanced laboratory is to bridge the gap between predictions from field
experiments and laboratory experiments [15] (see Figure 1 for an example). This can be achieved by simulating
the complexity and variability of acoustic conditions of real life also in the laboratory, e.g., by adding rever-
beration, complex noise fields, adding moving sources, and allowing for self-motion of the participants. The
“Toolbox for Acoustic Scene Creation and Rendering” (TASCAR, [9]) is a tool developed for the purpose of
realizing such an advanced lab. Time-domain low-delay interactive simulation of virtual acoustic environments
can be rendered to loudspeakers or headphones.

In previous studies, it has been shown that when animation accuracy is sufficiently high, subjects exhibit
movement behavior that is close to natural behavior. Hendrikse et al. [13] showed that the simulation of
communication-related head movements and speech-controlled lip movements of the virtual characters is neces-
sary to achieve the closest possible natural movement behavior of the test subjects. Hartwig et al. [11] compared
behavior in triadic conversations in real settings and with telepresence by virtual characters. They showed that
with the animation accuracy found to be sufficient in [13], the effect of virtualization is negligible, while the
effect of interactivity on movement behavior is large.

2.3 Remote distribution of audio and behavioral data
For telepresence reproduction of conversations by virtual characters and simultaneous recording of motion be-
havior, conventional videoconferencing systems are inadequate due to a large audio signal delay and poor audio
quality, often caused by noise reduction and echo cancellation algorithms. The “ovbox” [6] is a tool that
overcomes these problems. Originally developed during the pandemic for low-delay transmission of audio sig-
nals over the Internet for musicians, it supports head tracking and distribution of head movement data to all
connected devices. In this way, the TASCAR-based system enables interactive dynamic 3D audio playback. Ex-
tensions allow the distribution of any UDP network-based sensor data, such as head movement, gaze direction,
EEG or data from other bio-physical sensors.
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Figure 2. Signal flow of example study on the influence of simulated head movement on immersion, which
combines an advanced lab (left) with remote transmission of audio and behavior data (‘ovbox’).

2.4 Distributed interactive conversations in virtual reality
An example study which uses this technology investigates the effect of simulated head movement behavior on
immersion. This experiment is a kind of Wizard-of-Oz experiment [19], where virtual characters are controlled
by remote experimenters (see Figure 2 for a signal flow). In the experiment, different levels of accuracy of
head movement reproduction were applied: The most accurate level is the transmission of videos of the remote
experimenter’s faces. For the next level, measured head movement of the remote experimenters can be applied
to the virtual characters in low-delay real-time. The other levels use the automated head movement as used in
[13, 11], or no head movement at all.

3 CONCLUSIONS
In this paper, we present research platforms that enable the development and evaluation of behaviorally con-
trolled hearing devices. The “Portable Hearing Laboratory” is a portable and flexible hardware that runs the
hearing aid software openMHA and which provides interfaces for connecting sensors, such as EEG, to be
used for behavioral control of algorithms. For the development and evaluation of such behavior-controlled
algorithms, a test environment is needed that provides sufficient reproducibility and test sensitivity, but also



ecologically valid human behavior, to ensure reliable control. This is achieved with the “Toolbox for Acous-
tic Scene Creation and Rendering” (TASCAR), which can simulate interactive virtual acoustic environments in
low-delay real-time and send control data to game engines for visualization. Distributed low-delay interactive
communication, including low-delay distribution of biophysical sensor data over the Internet, e.g., for low-delay
head motion animation, is realized based on “ovbox”. This tool allows the laboratory environment to be ex-
tended to the Internet, enabling hybrid communication experiments that combine natural communication with
the advantages of a traditional laboratory.

The software of all these tools is open source and is developed and deployed using modern continuous
integration workflows to ensure maximum reliability and reproducibility. Thus, they provide key components for
reproducible science based on novel experimental paradigms including natural human communication behavior,
and are striving to increase the level of ecological validity of human behavior in hearing device research.
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ABSTRACT 

It is not enough to determine the quality of hearing devices in technical measurements with artificial stimuli. 

The subjective evaluation of the devices in real life is a crucial factor in the context of quality testing. A 

method to capture the individual’s perspective is Ecological Momentary Assessment (EMA) which allows 

for repeated assessments in natural environments as well as data collection of objective environmental 

characteristics. We developed an EMA system that includes two near-ear microphones attached to glasses 

and wireless data transmission to a smartphone. The smartphone continuously analyzes objective data and 

manages surveys which are repeatedly presented to the user of the EMA system. In a field study, first-time 

and follow-up hearing aid wearers used the EMA system for 3-4 days before hearing aid fitting and after 

hearing aid adaptation. The collected data show considerable inter-individual variability both in the type of 

listening events assessed and hearing aid benefit. However, comparisons of subjective assessment before and 

after hearing aid uptake are subject to intra-individual changes in the characteristics of attended environments. 

Thus, EMA studies provide new insights into user, device, and environment interaction, but at the cost of 

careful study design and high participant persistence. 

 

Keywords: Ecological Momentary Assessment, hearing aid, benefit 

1. INTRODUCTION 

Hearing aids are typically verified with technical measurements in the test box or with probe-

microphone measurements and validated with clinical speech tests, sometimes supplemented by 

additional laboratory measurements with higher ecological validity (1). To assess the everyday life 

hearing aid benefit, anecdotic descriptions or questionnaires are commonly used. Questionnaires often 

describe listening situations that need to be assessed retrospectively for the last few weeks. However, 

the responses are subject to various bias effects such as memory bias, recency effect, limited context 

sensitivity (e.g., 2, 3). 

One method to avoid the disadvantages of conventional questionnaire surveying is EMA. The term 

is synonymous with experience sampling or ambulatory assessment (4). EMA is defined as “real-time 

collection of data about momentary states, collected in natural environments, with multiple repeated 

assessments over time” (5). The method may involve subjective assessments as well as objective 

parameters about the environment or physical status of the part icipants. Due to the availability and 

capabilities with smartphones, EMA is becoming increasingly popular in hearing research (6). This 

contribution gives an example of a real-life evaluation of hearing aids using EMA. More detailed 

information about the study can be found in (7) and (8).   

2. Methods 

2.1 EMA system olMEGA 

The used EMA system olMEGA consists of a smartphone with Android operating system, two 

omnidirectional microphones and a transmission box (9, 10). The two microphones were attached with 

heat-shrinkable sleeves to eyeglass temples on each side of the head. They were connected by cables 

to a transmission box which could be attached to clothing. The transmission box included a wireless 

Bluetooth stereo connection to the smartphone. The system is able to process and store acoustic 
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features for a duration of at least 8 hours in stereo without charging. The stored features are time 

averaged and sub-sampled to protect privacy, i.e., no audio is stored (11). Software and hardware 

specification are available under open source license at https://github.com/ol-MEGA. 

 In addition to the collection of acoustic features, the smartphone app also included an adaptive 

digital questionnaire that allowed single and multiple choices. The study participants were prompted 

every 30 min and asked to take a survey. In this contribution, only the survey results are shown. At 

the start, the participants entered whether the assessments refer to the momentary situation or a 

situation within the last 30 min. Then, they selected the current location and the current activity from 

predefined categories and indicated whether familiar or unfamiliar speech sources were present. 7-

point categorical scales were used to assess speech understanding, listening effort, localization of 

sounds, loudness, pleasantness, disability, involvement in group communication, difficulty by 

conversation partners, importance of hearing well, and mood. The questionnaire is given in detail in 

Gablenz et al. (7) 

2.2 Interventional study 

The study was conducted in cooperation with local hearing care professionals. They recruited 24 

participants who met the German indication criteria for hearing aid uptake. All but three participants 

had not previously been fitted with hearing aids. Participants used olMEGA for 3-4 days to assess 

their daily life hearing (preEMA). After that, the hearing care professionals fitted and optimized the 

hearing aids individually, followed by an adaptation phase. The duration of the adaption phase was 

individually determined and lasted at least three weeks. 16 participants (8 women, 3 follow-up fittings, 

median age 67 years) performed another evaluation with olMEGA for 3-4 days after completion of 

the adaptation phase (postEMA). 

3. Results 

3.1 Data set 

 A total of 1705 surveys were completed by the participants, of which 885 were completed before 

hearing aid fitting (preEMA) and 820 after the adaptation phase with hearing aids (postEMA). Thus, 

on average 106 surveys were completed by each participant, but with high variability between 

participants in the number and type of situations assessed. At the individual level, moderate agreement 

was found between target sound types (natural speech in quiet, natural speech in presence of other 

sounds, electro-acoustically presented speech, i.e., radio, TV, phone, loudspeaker, non-speech 

listening targets) in preEMA and postEMA (8).   

3.2 Hearing aid benefit 

With EMA, the individual hearing aid benefit can be analyzed in everyday life. Figure 1 shows as 

an example the difference in the assessment of speech understanding (How well or poorly do you 

understand?) in the first EMA phase (preEMA) compared to the second EMA phase (postEMA). For 

each participant marked with a number in Figure 1, the ratings for speech understanding in the 

respective EMA phase were averaged. Almost all participants show an improvement in the rating, 

which, however, varies greatly from individual to individual.  

Ratings for listening effort and disability show a comparable hearing aid benefit as those for speech 

understanding. Figure 2 shows the mean improvement of these items for each participant in scale units. 

The hearing aid benefit ranges from no change (participant 11) to improvements of over 4 (out of 7) 

scale units (participants 9 and 13). The three follow-up participants (14-16) show little benefit with 

the new hearing aids over the previous hearing aids.  

 

https://github.com/ol-MEGA


 

 

 

Figure 1 – Assessment of speech understanding on a 7-point categorical scale before hearing aid fitting 

(preEMA) and after the hearing aid adaptation phase, i.e., with hearing aids (postEMA). Solid lines: new 

hearing-aid fittings, dashed lines: follow-up fittings, numbers: individual participant. 

 

 

 

Figure 2 – Mean subjective improvement by hearing aids (difference between pre- and postEMA) of speech 

understanding, listening effort and hearing-related disability for the 16 participants. Participants 14-16 

compared the new hearing aids with their previous ones (follow-up fittings).  

 

4. Discussion 

This contribution exemplifies the use of EMA in the evaluation of hearing aids in everyday life. 

The results reveal large individual differences in hearing aid benefit for different items. No correlation 

with pure-tone hearing loss or the duration of the adaptation phase could be demonstrated.  

In the context of this study, two aspects should be briefly discussed: Analysis methods for EMA 

and the burden on participants. Regarding the analysis, Figure 1 and 2 show mean scores for 

participants, although the ratings were given on a categorical scale, which actually excludes 

parametric analysis methods such as mean values. In (7), the non-parametric method nonoverlap of 

all pairs (NAP) was proposed to indicate individual hearing aid benefit, and a cumulative link mixed 

model (CLMM) was used to analyze the impact of hearing aid uptake on group level. Both methods 

are appropriate for data of this type and distribution. However, the use of parametric analysis methods 

is more widespread and might be feasible under certain circumstances (12).  

As for the second aspect, EMA places high demands on the participants compared to filling out a 

paper questionnaire once or twice. This must be considered in the design of the study, e.g., when 



 

 

deciding upon the duration of the data collection and the frequency of prompts. Participants are asked 

to carry extra equipment at all times and to complete repeated assessments. Not all participants are 

willing to take on this burden. They have to be specially trained and intensively motivated to maximize 

the validity of everyday data.   

5. CONCLUSIONS 

This contribution presents a brief look at EMA methodology for evaluating hearing aids. EMA 

enables an individual analysis of subjective assessments that goes far beyond an interview during a 

visit to the hearing care professional. This tool can be used to investigate new devices or algori thms 

in the research and development phase in everyday life as well as to develop new counseling and 

fitting procedures for clinical practice.  
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ABSTRACT 
Purpose: We have developed a platform for home-based hearing assessment and study whether the data 
collected can provide audiological insights at the population level. Method: Our platform comprises three 
components: An ear-level device - such as a smartphone headset or ear bud - which transducers are calibrated, 
a control logic that is executed on a smartphone and performs the hearing test and a cloud database that stores 
anonymized hearing assessment and fitting data for every user. Our platform has been integrated with 
consumer technology, e.g., iOS smartphones or True Wireless ear buds. The calibration of the ear-level 
hearing device allows hearing thresholds to be expressed in dB HL and represent a valid audiogram. The 
control logic comprises a calibrated noise monitoring component to make sure the measured thresholds are 
not masked by noise. We aggregate the resulting hearing thresholds and perform an analysis of the data 
obtained for thousands of audiograms. Results: Data analysis shows that the resulting thresholds distribution 
can be compared with the data of an otologically normal population and follows similar trends with respect 
to tested frequency and user demographics. Conclusions: Our home-based assessment platform may provide 
a useful way of collecting audiologically relevant data outside of the clinic. 
 
Keywords: Self-assessment, home-based, audiometry 

1. INTRODUCTION 
Jacoti Hearing Center (referred to as JHC) is an Apple iOS–based application that provides a fully 

automated and software-controlled hearing test. JHC is intended as a self-assessment by lay persons 
at home, without supervision of a hearing professional. JHC hearing thresholds are stored on the Jacoti 
Earcloud (EC) database and anonymized for further study. 

The JHC app has been calibrated for use with wired Apple EarPods using the threshold-
determination method [1, 2]. Using a group of normal-hearing subjects, the Reference Equivalent 
Threshold Sound Pressure Levels (RETSPL) for Apple EarPods have been determined. 

In [3], we have shown auditory thresholds determined by JHC self-assessment and clinical 
audiometry did not differ significantly for each tested frequency. Furthermore, test–retest reliability 
for 1641 app users was found to be comparable to results published in the literature regarding test–
retest reliability. The work presented did not consider EC data from users who did not repeat a hearing 
test. Likewise, we did not analyze the hearing thresholds in terms of demographic data such as age 
group or gender.  

The JHC sign-up process comprises a questionnaire in which every user self-reports demographic 
information such as age, gender, and perceived hearing loss. In the present work, we aim at analyzing 
users hearing thresholds stored in EC for an extended number of users and study the distribution of 
these thresholds depending on self-reported age group and gender information. 

2. METHOD 
We identify self-assessment sessions stored in EC where 11 frequencies were tested for each tested 

 
 



 

 

ear. The tested frequencies are: 125, 250, 500, 750, 1000, 1500, 2000, 3000, 4000, 6000, 8000 Hz. 
While the JHC users’ measurements are anonymized prior to further analysis, we keep a coarse-
grained summary of each user demographics: each session is labeled with a user decade range (e.g., 
20-30, 30-40 years) and a gender. For each decade range and gender, we compute the average and 
standard deviation of hearing thresholds at each tested frequency. 

The baseline for comparing the extracted thresholds is given in [4], where a statistical model for 
computing hearing thresholds related to age and gender of an otologically normal population is 
presented. For each gender and decade range, the median thresholds corresponding to this gender and 
an age equal to the decade range middle value are computed. Therefore, for each gender and decade 
range, we can compare the distribution of hearing thresholds obtained with JHC with the thresholds 
of a normal hearing individual for the same gender and comparable age. 

3. RESULTS 
We collected and analyzed hearing thresholds from 5496 full audiograms (3935 from male users, 

1561 from female users). In Figure 1., we show the hearing thresholds distributions computed from 
EC session (left) and compare them with values predicted by ISO 7029 for the same gender and 
comparable age (right). 
 

 

 Figure 1. Comparison of median hearing thresholds among gender and age: EC versus ISO-7029:2017. 

Earcloud data originates from 5496 audiograms in which 11 frequencies (125, 250, 500, 750, 1000, 1500, 

2000, 3000, 4000, 6000, 8000) Hz were tested. 
  



 

 

3.1 DISCUSSION 
We observe some level of agreement between EC thresholds, and the data predicted by [4]. In 

particular, we observe a general trend of higher thresholds with increasing frequency and a similar 
distribution of thresholds based on age groups. This observation suggests that both users self-reported 
age data and hearing thresholds obtained with JHC self-test tend to be accurate. The comparison 
between EC and ISO data also shows discrepancies. The hearing threshold distribution appears to be 
shifted to higher thresholds compared to the threshold distribution given in [4]. For young subjects, 
ISO data predicts median thresholds around 0 dB HL (by definition). In contrast, because JHC only 
tests hearing thresholds comprised between 10 and 85 dB HL, even normal hearing subjects would be 
assigned hearing thresholds of 10 dB HL. Additionally, users that decided to perform a self-assessment 
of hearing thresholds using JHC may, as a population, have higher hearing thresholds than an 
otologically normal population. Further statistical analysis will attempt at identifying possible bias 
and confounding factors. 
 

4. CONCLUSIONS 
Using gender and age range information, we observe that the distribution of hearing thresholds 

extracted from Jacoti home-based hearing assessment platform share similarities with the distribution 
of hearing threshold in an otologically normal hearing population. Those similarities suggest our 
platform offers potential for conducting population-based hearing studies. 
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ABSTRACT 

We have for a long time focused on ensuring successful real-life hearing for hearing aid users. In previous 

research, we have learned about everyday signal-to-noise ratios and classified listening tasks that people 

perform in real life. During Ecological Momentary Assessments (EMA), this classification has been used to 

study people’s auditory reality. This knowledge about the average hearing aid user has been valuable in 

hearing aid design. However, hearing aid users can have individual and specific needs. New interactive 

technology has given hearing aid users a chance to create their own hearing aid programs while in a specific 

listening situation. Here we report on a different interactive approach, where a 2-week EMA trial was used 

to learn about hearing aid users’ good and difficult listening experiences. While reporting on these 

experiences, hearing aid data were logged. Contrasts in hearing aid data between good and difficult situations 

could be identified. For a subset of participants, hearing aids were fine-tuned based on the acquired data. A 

week-long follow-up EMA period showed that the data-driven fine tuning was successful for all but one test 

participant. In conclusion, moments of hearing aid data combined with subjective reports of real-life listening 

experiences offer valuable insights for a data-driven hearing aid fine-tuning process. 

 

Keywords: EMA, Hearing Aids, Data-Driven Fine-Tuning 

1 INTRODUCTION 

Ecological Momentary Assessment (EMA) has become an increasingly popular research tool in 

hearing research. EMA involves repeated sampling of test participants’ experiences in their natural 

environment. The method aims to minimize recall bias and maximize ecological validity (1). By using 

EMA in hearing research, we have learned about people’s auditory reality, perceived hearing difficul-

ties, and hearing device use and benefit (2). 

1.1 Auditory reality and hearing aid preference 

Our own EMA work has focused on studying people’s auditory reality and understanding hearing 

aid preference in everyday listening situations. In a literature study, Wolters et al. (3) investigated 

common listening situations that people encounter, and in the Common Sound Scenarios (CoSS) 

framework these situations were categorized into seven “task categories”. In subsequent EMA studies, 

we have learned about how often these situations occur in peoples’ everyday life, how important they 

are to hear well in, and how difficult it is to hear in the situations (4). 

We have also used EMA to evaluate people’s preferred hearing aid settings in everyday life using 

direct paired comparisons (4). The advantage of using EMA was that evaluations were made in the 

participants’ everyday listening situations. Two hearing aid settings were implemented in two hearing 

aid programs, and the participants indicated their preferred program in the moment when they were 

prompted to report. The EMA questionnaire was implemented on a smartphone using Google forms. 

Switching between hearing aid programs was done using a traditional remote control, and there was 

no connection between the smartphone and the hearing aids. 

Later, we developed a proprietary smartphone app that could administer the EMA protocol. With 

the new app, the smartphone and the hearing aids were connected. In a subsequent study, the app was 



 

 

evaluated (5) using similar research questions as in our previous work. For the auditory reality 

investigations, the new app provided information about the environment, such as sound levels 

(registered by the hearing aid microphones) and sound classes (as detected by the hearing aid’s sound-

classification system). For the hearing aid program preference, the new app could provide randomized 

and blinded paired comparisons. From this and similar studies, we have acquired knowledge about 

the average hearing aid user’s auditory reality and hearing aid setting preference. However, hearing 

aid users can have individual and specific needs. Below, we describe the traditional hearing aid fitting 

process and how individual needs are usually dealt with. 

1.2 Traditional hearing aid fitting 

When fitting hearing aids, the end goal is that each client will get hearing aids with the settings 

that are the most appropriate. Traditionally, a combination of methods is used to reach this goal. Early 

in the process, a theoretical, prescriptive approach is used. A prescription makes it possible to calculate 

initial hearing aid settings based on characteristics related to the client, most commonly the audiogram. 

The audiogram data are combined with psychoacoustical theories and large data sets to calculate the 

initial hearing aid settings, which should be appropriate for an average hearing aid user with the stated 

audiogram. Subsequently, the fitting process enters an empirical phase, where the client uses the 

hearing aids in everyday life. During this period, the client likely experiences situations when the 

hearing aids function well and others where they do not. When the client comes back to the hearing 

care professional (HCP), there is a focus on the situations where the hearing aids did not work well, 

and the hearing aids are fine-tuned to alleviate the problems experienced in these situations. 

There are several difficulties associated with this fine-tuning process. First, clients need to 

remember the situations in which there were difficulties during the home-trial period. Next, they need 

to be able to describe both the situation and the perceived problem. Then, the HCP needs to understand 

both the description of the listening environment and the description of the problem and transform the 

described difficulty into actionable fine-tuning adjustments. However, it is not always easy for the 

client to accurately describe real-life moments of hearing difficulties or for the HCP to transfer these 

verbal descriptions into meaningful hearing aid adjustments (6). 

From modern hearing aids, we can retrieve both data that describe the listening environment and 

data that show the hearing aid settings in that environment. Ideally, these data could help the HCP in 

the fine-tuning process. However, to be helpful, these hearing aid data need to be tied to subjective 

evaluations of the situations. 

1.3 Good and difficult listening experiences 

Lelic et al. (7) found a way of using EMA to tie hearing aid data to subjective experiences. They 

investigated if contrasts between good and difficult listening experiences could be identified in 

objective hearing aid data. Sixteen participants were instructed to report, using the provided EMA app, 

when they experienced a listening situation that was either difficult or exceptionally good. When the 

participants started an EMA survey, they first indicated if it was a difficult or good situation by 

pressing on a sad or happy emoji. Then they described the listening environment and activity in their 

own words. If a difficult situation was indicated, the participants were also asked to describe why it 

was difficult. 

While the participants answered the questionnaire, hearing aid data were logged at a time 

resolution of two seconds. The collected data included information about the acoustic environment, 

such as the sound level, the hearing aid detected sound classes, as well as presence of speech and 

transient sounds. Further, the app logged information about the hearing aid settings, such as the gain 

in each compression channel, hearing aid program, and whether certain adaptive features were active 

or not. 

On a group level, the results showed that difficult listening situations were characterized by higher 

sound levels and more frequent activation of high-level noise reduction and directional microphones. 

The hearing aids also classified the situation as Party more frequently for the difficult situations. 

However, for 14 out of the 16 participants, Lelic et al. found individual contrasts that deviated from 

the group data for at least one hearing aid parameter. The authors suggested that this type of hearing 

aid data, together with the subjective evaluations, could be used when fine-tuning hearing aids. The 

rest of this paper will report on a pilot study, where a subset of the participants in the Lelic et al. study 

received hearing aid fine-tuning based on their momentary reports. 



 

 

2 METHODS 

Eight participants from the original study had their research hearing aids fine-tuned based on their 

reports and the collected hearing aid data. The fine-tuning was done immediately after the initial two-

week trial period. After the fine-tuning session, the participants used the hearing aids for another week, 

where they again reported difficult and good situations using the EMA app. After the one-week period, 

an exit interview was conducted to understand experiences with the fine-tuned hearing aids. 

2.1 Participants 

From the original study, all participants who had at least as many difficult reports as good ones 

were included (4 people). In addition, participants who had a larger number of good than difficult 

reports were included if they had more than 5 reports of difficult situations (4 people). There were 5 

females and 3 males who completed the current study, and their average age was 65 years (ranging 

from 55 to74 years). 

2.2 Hearing aids 

The participants were fitted with Widex EVOKE 440 receiver-in-canal hearing aids. For details 

related to the baseline fitting, see reference (7). Central to the study, a MATLAB script was used to 

modify the hearing aids by enabling an extended logging functionality, called the Eventlog.  

2.3 EMA app setup 

The EMA app setup is described previously (7). The logged hearing aid parameters included: 

• Sound level in 15 frequency bands with center frequencies 125, 250, 350, 500, 630, 800, 1000, 

1250, 1600, 2000, 2500, 3200, 4000, 6000, and 8000 Hz 

• Speech detection in the input signal (binary variable – yes or no) 

• Transient activity in the input signal (binary variable – yes or no) 

• Detected sound class corresponding to those available in the test HAs (8) 

• Insertion gains in 15 frequency bands (listed above) 

• High-level noise reduction activity (binary variable – yes or no) 

• Low-level noise reduction activity (binary variable – yes or no) 

• Wind noise reduction activity (binary variable – yes or no) 

Once the participant started the study app, the Eventlog was simultaneously initiated and recorded 

one sample of hearing aid data every two seconds for a maximum of 70 samples. Additionally, volume 

control use during the entire hearing aid wear time was recorded, although these data were not pub-

lished in the original work of Lelic et al. 

2.4 Fine-tuning strategy 

An experienced audiologist (the third author) performed the fine-tunings. Before each fine-tuning 

session, the participant’s field data were analyzed, and potential fine-tuning adjustments were 

considered. When the participant arrived, the audiologist showed the summary graphs of the collected 

hearing aid data together with subjective reports of difficult situations. The participant could verbally 

supplement the descriptions retrieved through the app. The audiologist then performed the fine-tuning 

based on the data-driven dialogue. In most cases, the fine-tuned hearing aid settings were implemented 

in a new hearing aid program to not disrupt the good listening experiences. This was particularly 

important for participants who had submitted a substantial number of good reports. 

3 RESULTS 

The following fine-tuning actions were the most common: adding pre-defined hearing aid programs 

available in the fitting software, creating a personalized hearing aid program, or adjusting the overall 

gain or the gain in a particular frequency range. 

3.1 Group results 

Seven of the participants thought the fine-tuning adjustments were helpful. One person (participant 

8, Table 1) was not content with the fine-tuned hearing aids. The number of positive and negative 

reports as well as participant comments from the exit interview are presented in Table 1. During the 

second field-trial period, some participants focused mainly on the difficult situations, which had been 

the focus of the fine-tuning session. 



 

 

 

Table 1 – Summary of the number of submitted reports by each participant during the first field -

trial period, the fine-tuning actions, the number of reports during the second field-trial period and 

comments given after the second field-trial period. 

 
Partic-
ipant 

Before  
Fine-Tuning 

Fine-tuning actions After Fine-Tuning 

 Good 
reports 

Difficult 
reports 

 Good 
reports 

Difficult 
reports 

Comments after fine-tuning 

6 25 7 Party program (P2) 
 

Social program (P3) 

8 5 Thinks it works better than before. It was fun trying 
the 2 programs. With one program he could hear 

more of what was going on around him and with 
other the person in front of him. Selected program 
based on intention. In many cases he could use the 

Universal program, but in other occasions he chose to 
use the special programs. There were no situations 
where he had a lot of difficulty after he tried one of 

the special programs. 

13 61 10 Microphone set to omni-
directional mode (P2) 

52 2 Has been testing mostly the omni program, which has 
really improved her speech understanding, 

localization, and separation of sounds. Even in dance 
classes, with loud music, she could hear the instructor 
with the omni program, which she could not do with 

the Universal program. 

15 25 10 Comfort program (P2) 16 14 Her hearing experience has improved. She really likes 

the Comfort program, uses it 1-2 hours a day, mainly 
in situations with many people. It helps with both 
comfort and speech understanding. She has been 

turning down the volume less often and is reporting 
good situations that were previously uncomfortably 
loud. She still has some speech understanding 

difficulties, mostly where there is poor acoustics. 

16 14 12 -5 dB (250-2500 Hz) (P2) 
 

Comfort program (P3) 

12 1 Switched to Comfort program in the kitchen to reduce 
noise. Switched back to program 2 or Universal so she 

could understand her husband. It has gone much 
better this week since the adjustments. She has used 
all 3 programs, depending on the situation. She used 

Comfort in the store and on the golf course, which 
made it much more comfortable. Has not 
experienced the same speech understanding 

difficulties as during the first 2 weeks. 

4 2 17 +5 dB overall gain 

 
Transport program (P2) 
 

Social program (P3) 

0 2 He was overall happy with the fine-tuning. Overall 

gain was perfect. Liked the Transport and Social 
programs when they were appropriate. He tried the 
Transport program in a train. He tried the Social 

program in shopping mall, supermarket and at a 
party/ wedding event where it helped him. 

10 3 4 +5 dB for soft sounds 

(1000-2500 Hz) and -3 
dB (350-500Hz) 
 

Urban program (P2)  
 
Party program (P3)  

1 5 She confirmed that the adjustments in gain improved 

her speech understanding in meeting situations, and 
on Skype. Substantially better but not optimal. Also, 
the reduction of gain in the low frequencies reduced 

the “reverberant” sound quality that she was 
experiencing a lot in the beginning. The special 
programs did not help much in difficult situations. 

14 4 5 -5 dB overall (P2) 
 

-3 dB for loud sounds 
(P3) 
 

-3 dB for loud and 
normal sounds (800-
2000 Hz) (P4) 

5 2 She reported good situations when watching TV and 
understanding speech in groups – situations that 

were difficult before. She reported two difficult 
situations, both because the sound level was too 
high. As observed in objective data, she had not tried 

to decrease the volume in these two situations.  

8 7 10 Comfort program (P2) 
 
Party program (P3) 

3 8 The fine-tuning was not successful. The Party 
program only helped when the sound level was not 
very high. The Comfort program dampened all sounds 

too much. This participant had many difficulties in 
very loud situations because it was too loud. 

 



 

 

3.2 Fine-tuning examples 

Below, two fine-tuning examples are given. A large amount of hearing aid data was collected during 

each EMA report. Here, examples of data that informed the fine-tuning process are presented. The 

participants’ identifying numbers are the same as in reference (7). Hence, it is possible to look at Table 

2 in that publication to see individual hearing aid data. 

3.2.1 Participant 13 
Participant 13 (female, 61 years) submitted 71 reports during the first field-trial period. Ten were 

in difficult situations. She described the difficult situations in the following way: 1. The sound is 

muffled, 2. Surrounding sounds from different directions are a “mish-mashed”, 3. When there are 

more inputs from different directions at one time, it is difficult to separate words. 

When looking at her hearing aid data, we could see that she had reported difficult situations when 

the directional microphone was particularly active (Figure 1). Based on this and her subjective reports, 

the suggested solution was to provide the participant with an extra program where the microphone 

was locked in omni-directional mode. 

In the week following the fine-tuning, the participant reported 54 situations. Only two of these 

were difficult. One was a phone conversation at the office, which was perceived as very loud, and one 

was in the back seat of a car, were it was difficult to hear the conversation from the front of the car. 

After the last field-trial week, she reported that she had mainly used the second program where the 

microphone was in omni-directional mode. This was confirmed by the objective hearing aid data, 

which showed that program 2 was used 70% of the time. This program had improved her speech 

understanding, localization, and separation of sounds. 

 
 

Figure 1 – Hearing aid data for participant 13 showing the directional microphone activity in 

good and difficult situations.  

 

3.2.2 Participant 4 
Participant 4 (male, 55 year) submitted 19 reports during the first field-trial period. Only two were 

of exceptionally good situations and 17 situations were reported to be difficult. The subjective reports 

of hearing difficulties included: 1. When there is traffic noise, 2. When a soft-spoken person talks, 

and 3. When many people are around, with multiple conversations outside and in living rooms. 

His hearing aid data revealed that he particularly struggled when the detected hearing aid sound 

class was Urban or Traffic (Figure 2). The Urban sound class is flagged in situations with varied and 

diverse sounds and the Traffic sound class is flagged in situations with low-frequency noise. This is 

in line with the difficult environments that the participant described. Further, he had increased the 

volume control in some situations and for the most part reported difficult situations when the volume 

control was at the default (Figure 3), which indicated that he might need more amplification. The 

suggested solution was to increase the overall gain by 5 dB. In addition, two new programs were 

provided, Transport and Social. The Transport program is optimized for situations with low-frequency 

sounds, such as car noise. The Social program is optimized for situations characterized by multiple 

conversations at the same time. 

 



 

 

 
Figure 2 – Hearing aid data from participant 4 showing the sound classes which were flagged 

while the participant was reporting. For all samples during one reported situation (judged to be 

either good or difficult), the percentage of samples (vertical axis) in the different sound classes 

(horizontal axis) was calculated. For the difficult situations, the bars represent the mean of these 

percentages, and the error bars the standard error of the mean. For the good reports, the individual 

percentages are depicted by the diamonds. The numbers next to the diamonds indicate which of the 

two good reports the data belong to. The Quiet sound class was mainly detected during the first 

report, and the Social sound class was mainly detected during the second report. 

 

 
Figure 3 – Hearing aid data for participant 4 showing the participant’s use of the volume control 

during the two-week trial. In the top row, the registered sound levels are shown and below is the 

self-selected volume control setting. The time stamps of his 17 reported difficult situations are 

marked on top in red, and the time stamps of the two reported good situations are marked below the 

level graph in green. 

 

In the week following the fine-tuning, the participant reported only two difficult situations: conver-

sation over a mobile phone with wind noise present, and a one-to-one conversation with wind noise 

present. Hence, both situations related to difficulties in wind noise and were different from the diffi-

culties he expressed during the first two weeks of the trial.  

After the last field-trial week, he commented that he had used the Transport program when he was 

outdoors. Here the program had helped a lot. Speech was heard more clearly, and the program did not 

muffle the sounds. He visited a big shopping center with lots of people and found that the Social 

program gave a clear improvement in speech understanding. 

  



 

 

4 DISCUSSION 

The work of Lelic et al. (6) showed that by using EMA and an Eventlog, which logged hearing aid 

parameters, subjective evaluations of good and difficult listening situations could be meaningfully 

linked to data collected from the hearing aid at the time of reporting. It was suggested that this 

information could be useful for hearing aid fine-tuning. In the current paper, we have presented a pilot 

study where a subset of the participants from the first study had the research hearing aids fine-tuned 

based on the momentary data they submitted. 

Generally, the data-driven fine-tuning process worked well. Seven out of the eight participants 

were happy with the fine-tuned hearing aid settings. The one participant who was not satisfied would 

likely have benefitted from at least one additional follow-up session to improve his hearing aid fit. 

However, iterative fine-tuning until reaching the most appropriate hearing aid settings was beyond 

the scope of this study. The goal was to investigate whether hearing aid data coupled with subjective 

reports had the potential to be used for fine-tuning. 

Most fine-tuning adjustments were implemented in an extra program. The use of several programs 

seemed to work well. It is probably beneficial not to introduce several programs to first-time hearing 

aid users at the first fitting visit since it can be difficult to know when to use the various programs. 

However, when a certain situation is described as difficult after a home-trial period and a special 

program is created for that situation, it becomes easier to understand when to use the program. 

The now suggested fine-tuning strategy is thought to be used by HCPs when fine-tuning their 

clients’ hearing aids. In modern hearing aids, there is often a possib ility for clients to fine-tune their 

hearing aids themselves by, for instance, creating own programs for certain situations using machine-

learning algorithms and paired comparisons (9). The two strategies are complementary and might be 

preferred by different client groups. 

In addition to the difficult situations, the participants in this study were asked to report the 

situations they experienced as exceptionally good. The purpose of this design was to better understand 

how the hearing aids could be personalized to improve the difficult listening situations while not 

compromising on the good ones. However, it was inspiring that many participants reported such a 

high number of exceptionally good listening experiences. Encouraging hearing aid users to focus also 

on good listening experiences may strengthen the realization that hearing aids positively impact 

everyday life. This, in turn, can lead to increased satisfaction with and appreciation of the hearing 

aids (10, 11). 

5 CONCLUSIONS 

In conclusion, EMA data constituting self-reported subjective experiences and objective hearing 

aid data offered valuable insights that could be used for data-driven fine-tuning. 
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ABSTRACT 

Many hearing aids are fitted with multiple programs that the user can choose between in different situations. 

In the H2020 EVOTION project hundreds of hearing aid users were fitted according to their audiogram with 

Oticon VAC rationale with four adaptive programs that differed in the noise management profile. The 

programs differed on how much the noise was attenuated and the threshold at which the device started to 

remove noise. The hearing aids also transmitted continuous data about the sound environment and the 

operation of the hearing aid to a dedicated app on a smartphone. The participants had a wide range of hearing 

losses and was recruited from amongst new and experienced hearing aid users in six different clinics in UK, 

Greece, and Denmark.  

 

The data from the hearing aid users was collected for up to a year to investigate relationships between clinical 

factors and usage patterns. The data enables a detailed investigation of the complexity of sound environments 

throughout the day, relation between complexity as function of time to the clinical factors including and 

beyond the audiogram.  

 

Keywords: Real world hearing aids usage, clinical data, hearing aid logging data 

1. INTRODUCTION 

This paper covers the early exploration and modeling of a joint analysis of continuous hearing aid 

data, fitting data, and clinical data for a subset of the participants of the EVOTION project. The 

EVOTION project had the objective to develop tools and demonstrations of big data supporting public 

hearing health policies. Among key questions for public hearing health policies is the ability to predict 

the effect of hearing health care with respect to both the standard intervention and variations of the 

standard intervention. In this paper daily use of the hearing aids acts as the proxy for quantifying the 

effect of the standard intervention, and it is analyzed as function of both contextual data characterizing 

every hearing day life of the participants and clinical data describing the participants.  

2. PARTICIPANTS 

The participants in came from hearing clinics in United Kingdom, Greece, and Denmark that all 

followed the same clinical protocol(1). However, this paper only deals with the data from the Danish 

participants. This imposes some limitations on the data analysis, as the number of participants is only 

26 out of the 400, and moreover, the participants at the Danish site also have, narrower range of 

audiograms, more experience in using hearing aids, more experience from participating in hearing 

research. Thus, the present results must be interpreted with these limitations in mind. 

Upon enrolling in the study participants in the project was 2 initial visits for collecting the clinical 

data, fitting the hearing aids, and instructing the participants in the use of the hearing aids and the 
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companion mobile phone app. Participants was fitted according to their individual audiogram 

following Oticon’s proprietary fitting rational with the Oticon EVOTION hearing aid prototype 

specially developed for the EVOTION project. Real ear measures were performed to verify the fit. 

All participants were fitted with 4 programs that provided increasing levels of help from the spatial 

noise reduction system in the devices. The default program was the default setting of the fitting 

software, and 2 programs provided more help than the default program, and fourth program provided 

less help than the default. Upon completing the two initial visits, the participants used the hearing 

aids and companion mobile app for 9-12 months in their daily lives.  

3. Data 

One type of data available for this analysis comes from clinical records describing the participants 

and their hearing. This includes age, audiogram, previous use of hearing aids, Glasgow Hearing Aid 

Benefits Profile (GHABP)(2), Montreal Cognitive Assessment (MoCA)(3), Hospital Anxiety and 

Depression (HADS)(4), etc. The other type of the data comes from continuous logging data collected 

from the participants’ hearing aids during use. This data contains characteristics of the encountered 

sound environments, e.g. sound pressure level, noise floor, signal to noise ratio as estimated inside 

the hearing aid, the data also provides a four class classification of the sound environment and selected 

program. Sample hearing aid data is available for download (5) and described in the companion data 

report(6). When the participant had their hearing aids connected to their smartphone running the 

companion app the detailed HA logging data was collected once every minute from both hearing aids. 

All clinical and hearing aid logging data was associated with a randomized identifier such that clinical 

data and hearing logging data can be jointly analyzed.  

The present data set which is a subset of the full data consists of data from 26 participants providing 

6 MIO logging points from the hearing aids. The counting the unique combinations of participants 

and dates shows that more than 3000 unique user-days was logged. 

4. PREPROCESSING 

When combining the responses from several questionnaires across a number of participants along 

with other descriptors like age, correlation among the variables must be accounted for before the data 

can be analyzed with linear mixed model methods. With the limited number of participants in the 

sample, GHABP and MoCA, is represented by the aggregated total score, and HADS represented by 

one total score for the anxiety and one for depression. The second step in the preprocessing aims to 

account for correlation between Age, GHABP, MoCA, and HADS and reduce the dimensionality with 

Principal Components Analysis (named USER_DATA_PCA).  

The data from the hearing aids is first aggregated to compute the daily duration of use for everyone 

for each day with sufficient data along with daily averages of the contextual parameters.  

Correlation is also an issue with the aggregated logging data from the hearing aids where the 

correlation can originate from the design of the estimators and from the inherent correlations between 

the estimators caused by the sound environments, and thus in the modeling this space is reduced 

(named dailyuse_PCA). 

4.1 USER DATA 

Five parameters: Age, GHABP, MoCA, HADS (Anxiety), and HADS (Depression) was 

individually scaled to remove mean and normalize the variation. The 5 eigenvalues out of the PCA 

followed a linear trend ranging from 6.8 to 2.7 thus the dimensionality was not reduced however, the 

subsequent modeling can happen without correlation between the variables. The clinical records also 

store information about participants hearing status, in the modeling here, we include the presence of 

tinnitus, previous experience with hearing aids, and the audiogram summarized by the WHO 

classification(7).  

4.2 DAILY USE DATA 

The hearing aids store 20 contextual parameters on the smartphone every minute. For estimating 

the duration of daily use, we assume that each datapoint accounts for one minute of usage whilst also 

accounting for overlaps between data from left and right hearing aids. Thus, the estimate of the daily 

usage is almost a count of datapoints stored for everyone each day. The contextual parameters are: 

Sound Pressure Level, Signal-to-noise ratio, Noise floor, Modulation envelope (supplement to Sound 



 

 

Pressure Level), and Modulation Index (supplement to Signal-to-noise ratio) in the full frequency 

range 0-10 kHz, and three frequency ranges from 0-1.4 kHz, 1.4-4.1 kHz, and 4.1-10 kHz. Since this 

is just a preliminary analysis the number of components is fixed to 5 for the subsequent modeling, 

and inspection of the eigenvalues shows that this accounts for 97% of the variability in the input space 

5. LINEAR MIXED MODELS 

The linear mixed model analysis is performed with R in Rstudio using the LME4 package.  

Model: scale(dailyuse) ~ factor(TINNITUS_BOTH) + factor(PREVIOUS_AID) + 

USER_DATA_PCA1 + USER_DATA_PCA2 + USER_DATA_PCA3 + 

USER_DATA_PCA4 + USER_DATA_PCA5 + dailyuse_PCA1 + dailyuse_PCA2 + 

dailyuse_PCA3 + dailyuse_PCA4 + dailyuse_PCA5 + (1 | pta4_who) 

The results of the mixed linear modeling is summarized in Table 1 and Table 2 that indicate that 

previous experience with hearing aids, 3 out of 5 USER_DATA principal components, 2 of 5 dailyuse 

principal components, and the degree of hearing loss a have a significant impact on the daily use with 

significance lower than 0.01. The model also outputs the intercepts for the categories of the hearing 

loss according to WHO(7), estimated as 0.11 for Normal, -0.19 for Slight, 0.03 for Mild, and 0.04 for 

Moderate.  

  

Table 1 - Fixed effects 

 Estimate Std. Error df t value Pr(>|t|) 

(Intercept) -7.518e-01 1.424e-01 3.742e+01 -5.279 5.77e-06 *** 

TINNITUS BOTH Ears (Yes) -1.980e-02 5.468e-02 1.082e+03 -0.362 0.717376 

PREVIOUS AID EITHER (Yes) 8.375e-01 1.258e-01 3.513e+03 6.657 3.22e-11 *** 

USER_DATA_PCA1 -5.591e-02 8.732e-02 3.310e+03 -0.640 0.521994  

USER_DATA_PCA2 -3.192e-01 1.057e-01 6.502e+02 -3.020 0.002627 ** 

USER_DATA_PCA3 1.956e-03 9.019e-02 3.527e+03  0.022 0.982701 

USER_DATA_PCA4 -5.896e-01 9.860e-02 1.812e+03 -5.980 2.68e-09 *** 

USER_DATA_PCA5 8.751e-01 1.019e-01 1.054e+03  8.590 < 2e-16 *** 

dailyuse_PCA1 -1.634e+01 1.430e+00 3.488e+03  11.427 < 2e-16 *** 

dailyuse_PCA2 1.269e+00 1.397e+00 3.522e+03  0.908 0.364063 

dailyuse_PCA3 -1.466e+00 1.444e+00 3.529e+03 -1.015 0.310073 

dailyuse_PCA4 -4.510e+00 1.903e+00 3.520e+03 -2.369 0.017873 * 

dailyuse_PCA5 5.029e+00 1.411e+00 3.465e+03  3.564 0.000371 *** 

--- 

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 

 

Table 2 - Random effects 

 Npar logLik AIC LRT Df Pr(>Chisq) 

<none> 15 -4883.4 9796.8    

(1 | pta4_who) 14 -4900.4 9828.8 33.97 1 5.598e-09 *** 

--- 

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1  

 



 

 

Since the analysis is not done on the full data set, and since there might be some biases related to 

the participants in the current sample further interpretation of the data is not performed. However, the 

preliminary analysis suggests that the daily use is a function of the contextual parameters logged from 

the hearing aids, data from hearing aid fitting process (the WHO hearing loss type), previous 

experience with hearing aids, and age, and finally clinical data which describes the individual 

according to GHABP, MoCA, and HADS questionnaires.  

6. FINAL REMARKS 

As this analysis only covers a subset of our joint data and with the assumption that it is not covering 

the full data set, we have not drawn firm conclusions from the analysis. Instead, this paper serves as 

a tangible example of joint analysis of continuous hearing aid logging data and clinical data  

The preliminary analysis indicates that the daily use of hearing aids can be predicted based on 

clinical user characteristics measured with standard questionnaires like GHABP, MoCA, and HADS 

combined with continuous contextual data logged from hearing aids, and fitting data. Further work 

will combine the data from more clinical sites to provide a full demonstration of the opportunities 

arising from combing continuous, fitting, and clinical data.  
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ABSTRACT 

Humans can extract specific sounds from spatially distributed distractors. However, hearing impaired 
listeners experience challenges in this regard. Thus, it is important to apply the underlying mechanism of this 
effect to assistive hearing devices. One of the most important factors in this mechanism is auditory selective 
attention. This study investigated the characteristics of auditory selective attention in a spatial domain. During 
the experiment, four-mora word sequences uttered by a male speaker were presented by 12 circularly 
arranged loudspeakers. Furthermore, other four-mora words were uttered by a female speaker, replacing some 
of the four-mora words presented by the 12 loudspeakers randomly. The listeners were asked to direct their 
attention to one of the loudspeakers and respond by identifying whether the word uttered by the female 
speaker was the target word. The results revealed that the correct identification response rate was higher when 
the word uttered by the female speaker was presented from the direction of increased auditory attention. 
Moreover, the shape of the spatial window of auditory selective attention was broader in the sideways than 
in the frontal direction. These results can be used effectively to determine the shape of the spatial window in 
the speech enhancement algorithm. 
 
Keywords: Auditory spatial attention, cocktail party effect, auditory scene analysis 

1. Introduction 
People are exposed to sounds from their surroundings daily. Furthermore, people can extract a 

specific sound from the spatially distributed distractor sounds despite the complexity of the situation. 
This phenomenon is known as the cocktail party effect [1]. Several studies on the cocktail party effect 
have investigated how people can perceptually extract a desired sound from other sounds [2-5]. 
However, hearing impaired listeners experience immense challenges extracting target sounds from 
other distractors. Thus, it is important to understand the mechanism underlying this phenomenon to 
develop advanced hearing assistive devices. One of the most important factors associated with this 
phenomenon is auditory selective attention which refers to the enhanced extraction of a specific sound 
characteristic based on increased attention. Frequency [6], time [7] and several other factors have 
been reported as examples of these characteristics. 

This study highlights the effects of auditory selective attention in the spatial domain. Sound from 
the direction where listeners’ attention is directed can be heard easily in noisy environments. A 
previous study reported that the effect of auditory spatial attention depends on the listening task [8]. 
The word intelligibility of the four-mora target words increased with increased attention to the 
direction in which the words were presented to the listeners from spatially distributed distractors. 
However, the detection threshold of the narrow-band noise was not significantly influenced by 
attention. Furthermore, this study found a spatial spread of attention, represented by a U-shaped 
function with a maximum value in the direction of attention. 

The spatial pattern of auditory selective attention would likely vary depending on where listeners 
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direct their attention. Studies have researched several auditory phenomena with directional 
dependency [9-11]. It is crucial to accurately estimate the directional dependency of the spatial pattern 
associated with auditory selective attention to ensure that binaural hearing devices can appropriately 
generate the optimum width of the beamforming. 

Thus, this study investigated the characteristics of auditory spatial attention and how attention to 
various azimuthal angles affects the performance of target sound extraction, especially when the 
directions of the attention and sound source are different. 

2. Experiment 
This experiment comprised 30 participating listeners (19 

males and 11 females, average age: 21.7 years) with normal 
hearing acuity. During the experiment, four-mora word 
sequences uttered by a male speaker were presented by 12 
circularly arranged loudspeakers (Fig. 1). The inter-stimulus 
interval (ISI) of the words in the word sequence presented by 
each loudspeaker ranged from 0 to 400 ms. These words were 
regarded as distractors. Furthermore, four-mora words were 
uttered by a female speaker, replacing some of the four-mora 
words presented by the 12 loudspeakers. The timing and 
direction of the four-mora words expressed by the female 
speaker were randomly decided. Before starting each session, 
the target word was indicated by using a display set in front of 
the listeners. In the random condition, the listeners were asked merely to judge whether the word 
uttered by the female speaker was the target word as fast as possible. Similarly, the listeners were 
asked to direct their attention to one of the loudspeakers and identify the target word in the attention 
condition. The percentage of correct identification of the target word was calculated and converted 
using arcsine square root transformation [12]. The difference in the converted percent correct between 
the random and attention conditions reflected the magnitude of the effect of auditory spatial attention. 

3. Results and Discussion 
Figure 2 shows the calculated difference in percent 

correct between the random and the attention conditions 
in the frontal region (−90°~90° ). The difference was 
plotted as a function of the sound source direction 
relative to the direction of the attended loudspeaker. As 
shown in Fig. 2, the difference in the correct response 
rate was higher when the word was presented from the 
attended direction of the listeners. Furthermore, the 
shapes of spatial windows formed by attention varied 
based on the direction of attention. The shape of the 
spatial window of auditory selective attention is broader 
when their attention is directed to the sides than to the 
front. This result suggests that listening on the sides is 
largely affected by spatial attention while attending to 
the front significantly suppresses the ability to listen to 
the target sound presented from the sides. A similar 
directional dependency has been observed for various 
auditory characteristics such as the minimum audible 
angle (MAA) [9]. The MAA in the frontal region was 
smaller than that in the lateral region. Based on this 
directional dependency, the width of the spatial window of speech enhancement or noise suppression 
can be appropriately determined. 

4. Conclusion 
In this study, the spatial characteristics of auditory spatial attention were investigated. The results 

of the experiment revealed that the width of the spatial window of auditory spatial attention depends 

Fig. 1 Experimental setup 

Fig. 2 Difference of the percent correct 
between the random and the 
attention conditions 

Note: Data are presented as a function of 
sound source direction relative to 
the attended direction. The 
percentage is converted using 
arcsine square root transformation. 



 

 

on the direction in which listeners direct their attention. The width of the attentional window is 
narrower when attention is directed to the frontal region in contrast to the side region. Analyzing brain 
waves [13], gaze direction, and head orientation [14], among others, enhances the ability to sense the 
desired direction of the listener. By combining this knowledge with the findings of this study, the 
appropriate width of the beam forming created by binaural hearing devices can be optimized. 
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ABSTRACT 
Modern hearing aids offer a great deal of automatic parameter adjustment in response to dynamic and wide-
ranging acoustic environments. Nevertheless, hearing aid wearers have the ability to override current 
parameter settings through the utilization of on-device controls to adjust volume levels, switch between pre-
programmed memories of environment-specific parameters, and invoke specific processing features of their 
devices. In addition, modern hearing devices contain wireless communication capabilities that allow them to 
be connected to and controlled by devices such as smartphones. This capability greatly enhances the types 
and range of control hearing aid wearers can have on their hearing aids. The current study uses data collected 
through hearing device data logs and connected smartphone apps to analyze user behavior and interactivity 
with their hearing aids. Individual user control behavior is examined, and on-device control patterns are 
compared to app-based control patterns. We also consider demographic and audiologic factors as potential 
inputs in an attempt to model user control behavior patterns. 
 
Keywords: Hearing Aids, User Interaction 

1. METHOD 
We use hearing aid data logging records to examine the amount of time hearing aid wearers spend 

in their default memory relative to time spent in specialized memories and use this measure as a proxy 
for hearing aid memory interaction, i.e., the more time spent outside the default memory correlates 
with more interaction with hearing aid memory controls. Additionally, we can examine how often 
hearing aid wearers activate specific features in the hearing aid and how much they utilize the 
companion mobile app. 

2. RESULTS 
Figure 1 shows data on hearing aid memory usage as a function of the utilization of Starkey’s Edge 

Mode hearing aid feature. Edge Mode provides users with instantaneous context-dependent parameter 
adaptation. The data indicate that users who make use of their specialized memories are also more 
likely to utilize hearing aid features Edge Mode to customize hearing aid settings. The data also show 
many hearing aid wearers do not make use of specialized memories or hearing aid features at all. 

 
Figure 1. Bars show the percentage of devices in categories of default memory usage. The left bar shows devices whose users 

have not used Starkey Edge Mode; the right bar shows devices whose users have used Edge Mode. 
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Figure 2 (left panel) shows how often hearing aid wearers activate Edge Mode from their default 
memory as a function of time spent in their default memory. The diagonal band of users going from 
bottom left to upper right activate Edge Mode from their default memory in a manner proportional to 
the default memory use. The users in the upper left part of the plot activate Edge Mode from their 
default memory at a greater proportion than the time they spend in their default memory. Finally, users 
in the lower right part of the plot activate Edge Mode from their default memory at a smaller 
proportion than the time they spend in their default memory. The relatively large number of users in 
the lower right part of the plot is consistent with the idea that users tend to utilize their specialized 
hearing aid memories before activating Edge Mode and then activate it from the specialized memory. 

Figure 2 (right panel) shows data for two groups of hearing aid wearers: 1) those with mild to 
moderate hearing loss; 2) those with severe to profound hearing loss. The data show the median 
number of daily Edge Mode activations as a function of median daily companion app events (e.g. 
screen view, button press, etc.). Bootstrapping[1] our data shows significant differences across the 
groups, where those with mild-moderate hearing loss activate Edge More often and utilize the 
companion app slightly less than the severe-profound hearing loss group. These differences in 
interactivity types across hearing-loss groups may stem from the specific benefits each group receives 
from the specific types of interactions. Further investigation is required to specifically identify these 
possible causes. 

 

 
Figure 2. Left panel shows the number of Edge Mode activations as a function of time spent in default memory, per user (each 

point represents a single hearing aid wearer). Right panel shows the median daily Edge Mode activations vs the median daily 

companion app events for two groups of users: 1) mild to moderate hearing loss; 2) severe to profound hearing loss. 

Bootstrapping the median values revealed significant differences in the group medians for daily Edge Mode activations 

(p<0.01) and median daily companion app events (p<0.05). 

3. CONCLUSION 
Our data show that a large portion of hearing aid users do not interact with their devices to take 

advantage of specialized memory settings or adaptive hearing aid features. Those that do interact with 
their device tend to utilize multiple customization methods. Finally, hearing loss degree may play a 
role in the specific type of interaction and customization that hearing aid wearers utilize most. 
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ABSTRACT
The interactions between humans and music are often studied through an impulse-response paradigm where the
human response is considered purely a reaction to the present signal, hence neglecting more subtle relations and
underlying patterns. In this paper a portable biomonitoring and music playback system will be presented, study-
ing the correlation between humans and music, with a more in-depth focus on analysing and characterising this
interaction based on embodiment and bio-feedback. A Raspberry Pi environment is extended with an 8 channel
16kHz ADS-chip, capable of mobile high sample rate capture of EEG data from cEEGrid-electrodes, which
holds future extension possibilities to heart rate, saturation and movement. Furthermore, a high amplification
is present to allow subcortical signal capture along with adaptive music playback to alter and monitor playback
synchronised with data capture. This permits on-board analysis of the music interaction and response-based
playback adaptation. The system provides EEG data capture with a 3400Hz 3dB-bandwidth and RMS input-
referred noise of 0.503µV. A comparison was made with state-of-the-art cortical capturing devices through an
ABR measurement with stationary Biosemi EEG equipment. Additionally, an overview will be presented of the
aimed interaction and performance with regard to synchronisation of audio and EEG measurements and their
analysis.

Keywords: Bio-feedback, interaction, EEG

1 INTRODUCTION
Stemming from the shown positive sociological, medical and health oriented influence of sound and music on a
human being (1, 2, 3, 4), there currently is an omnipresent interest in the characterisation of these interactions
(5, 6, 7, 8). For example, their influence has been found to be beneficial for both rehabilitation in general (26)
as specifically in treatment of the Parkinson’s disease (27, 28), mental diseases (autism spectrum disorder) (29,
30) as well as general well-being (31). Said interactions are evaluated during presentation through bio-markers
(EEG, heart rate, saturation, movement and etc.) which then provide a more in-depth view of how the sound is
perceived and is responded to (9, 10, 11). However, the response is often considered a pure stimulus response,
i.e. a pure one way result of the input. Neglecting then any interaction or more intricate relations which may
be present in human-machine or human-human music interactions, as have been reported by mathematician,
philosophers, musicologist and other scientists (12, 13, 14). Additionally, motivation in test subjects may be
limited due to the lack of interaction potential.

In line with the above reasoning a more human-like adaptive music playback system, based on bio-markers,
is hence preferred. Although the idea of altering playback based on human response in general is not innovat-
ing, as multiple implementations have been made based on brain potentials, heart rate and others (32, 33, 34,
35), their implementations do often not consider the resulting interaction which is realised between both listener
and sound or do this to a limited extend. It should however be stated that work by Dasenbrock et al. (38)
provides a similar feedback aimed implementation as the presented work. However, here a more standalone
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system is aimed for playback and capture, suited as well for sub-cortical EEG capture, for example the Audi-
tory Brainstem Response (ABR). The latter presenting higher demands on playback together with a more clear
emphasis on interaction.

In this paper a proof of concept system (POC) is presented, which is aimed at overcoming these limitations
by offering a portable and light-weight system for in-depth real-time analysis of the interaction as it manifests
itself between bio-markers (internally recorded EEG or acquired through I2C or SPI communication) and sound.
The analysis here will be based on spectral and temporal properties of both. The system is furthermore
capable of adapting the music playback based on mentioned analysis, thus creating an adaptive loop. In turn,
a more human-like interaction between man and machine will be aimed for, better suited for human-like music
responses and realising an adaptive engaging environment which can be evaluated in real time.

2 SYSTEM DESIGN
2.1 Hardware layout
The system layout is presented below in Figure 1 and consists of two main components 1) An EEG capture
module containing a preamplifier, low pass filters, an ADC and optional capabilities of microphone integration
and 2) A central computing Raspberry Pi 3b+ module, for processing, external device communication over I2C
and SPI, storage and an audio playback module.

Figure 1. Overview of hardware layout (upper) and data flows (lower) inside the proof of concept system,
based on illustrations provided by and used with permission of Van Den Broucke (15). Process 1a) capture of
biomarkers, Process 1b) storage of biomarkers, Process 2) interaction analysis, Process 3) adaptive playback.

2.1.1 EEG capture
The EEG capture and its subcomponents (Process 1a, Process 1b), providing signal processing and storage, are
shortly discussed below. Additional documentation and evaluation of the EEG capture can be found in (15).

The auditory evoked potentials (EEG) are recorded by cEEGrid electrodes consisting of 8 electrodes placed
around the ear, developed by the group of Bleichner and Debener (17, 18). Which, due to their shape and
placement, are dedicated to hearing diagnostics and in particular the evaluation of them through the capturing of
Envelope Following Response (EFR) and ABR signals. Second, the captured activity is amplified through low-
noise (7nV/Hz, 3400Hz 3dB bandwidth) preamlifiers with a gain factor of 100, which ensures being capable of
capturing subcortical EEG data. The preamplifiers furthermore possess a common mode rejection ratio (CMRR)
of -110dB and an offset voltage of 0.5µV and were equipped with a driven-right leg feedback loop to ensure a



proper range for the preamplifiers. Third, the amplified signals are passed onto the motherboard through a low-
pass anti-aliasing filter before being processed by a 16kHz analog-to-digital 24bit ADS1299 chip designed for
medical instrumentation studies. This also includes portable EEG measurements due to its low cost and power
usage (15). An external trigger input can also be provided to the ADS-chip to allow full ABR measurements
on the system. A 7.4V, 6000mAh lithium battery was furthermore connected to the motherboard serving as the
main power supply during operation for both the motherboard and processing unit.

An overview of the specification of the EEG-system may be found below in Table 1 taken from the in-
depth performance analysis and discussion in Van Den Broucke (15). It should however be stated that the main
processing in the latter paper for EEG-measurement is evaluated and controlled through an ESP32-WROOM-32
(19) chip from the Espressif Company. Alternatively, communication and storage will here be handled through
a Raspberry Pi. Nevertheless, this should not influence the actual functioning of the EEG capture.

Table 1. Specification of EEG-system as taken from Van Den Broucke (15)

Specification System performance

Maximum sample rate 16000Hz

Sample rate accuracy < 200ps

Sampling skew 25ps

Bandwidth (-3dB) 3400Hz

Total input ref. noise 0.5µVrms

Harmonic distortion < 0.001%

Resolution 24bit

CMRR(at 50Hz) > 110dB

2.2 General interaction system and human
The main processing unit consists of a Raspberry Pi 3B+ from Raspberry Pi (21) running Debian 10. The
system contains a 64-bit quad-core processor running at 1.4GHz, with 1GB of ram and a 128GB micro-SD
card. Furthermore, besides the included 2.4GHz and 5GHz Wi-Fi 802.11n and Bluetooth 4.1 Low Energy
(BLE) (20), a multitude of 40 GPIO pins is present for external communication, providing future extension to
other hardware for bio-marker input. Likewise, the Serial Peripheral Interface (SPI) communication to the ADC-
chip is handled over said GPIO pins. Additionally a 3.5 mm stereo jack is available with PWM-regulated audio
playback which currently serves as the main playback module (21). The Raspberry Pi, the main processing hub,
controls the different processes of the system. These being then Process 1a) capture and Process 1b) storage of
both internal (EEG) and external bio-markers, Process 2) providing analysis of the recorded responses in relation
to presented sound and lastly Process 3) playback and altering presented sound in a real-time manner to create
an engaging and adaptive environment as illustrated in figure 1. Care was expressed in the implementation of
said processes here towards ensuring real-time synced accessibility of data and responsiveness of the system
in its audio playback. All processes are written and implemented in C, C++ or Python. Furthermore, the
measurement data recorded in Process 1a is shared between processes and sub-processes through a circular
buffer. Here read and write communication is managed by semaphore and read/write indexes onto the circular
buffer with implemented overflow and underflow signaling should a process or sub-process lag.

3 Evaluation of the current system
To evaluate performance of the system as a whole, the processes are individually assessed. This being, for
Process 1, an EEG measurement with comparison to state-of-the-art. Process 2 and Process 3 will be evaluated
through data-flow observations and overflows in the circular buffer during processing and synchronised playback.



3.1 Process 1 evaluation
The comparison for a proper EEG measurement is made to an ActiveTwo Mk2 BioSemi system (37) in a
laboratory setup through an ABR measurement. The reference system captured evoked potentials around the
head through active electrodes (sintered Ag-AgCl) operating at 24bit resolution with a sampling rate of 16384Hz
and was secured onto the head via a 64 channel Biosemi headcap.

The experiment followed the measurement procedure as outlined in Bleichner et al. (18). Test subjects (5
participants) were positioned inside of a double-walled and electrically shielded listening booth. Each participant
took place in a reclining share after which electrodes were attached to the participant’s head. For the Biosemi
measurement the central-midline electrode Cz (10-20 system) and two earlobe electrodes (EXT1 and EXT2), one
placed on each earlobe, are recorded. The common CMS and driven-right-leg (DRL) electrodes were connected
to forehead and nose respectively. The Cz measurements were afterwards referenced to the average of EXT1
and EXT2. Alternatively the cEEGrid electrodes were placed around the right ear with a double-sided sticker
using the same DRL and CMS positioning serving as main reference. The cEEGrid channels were referenced
as well, but to other cEEGrid channels in line with (16). For both electrode setups conductive gel was applied.

The stimuli consisted of 4000 clicks of alternating polarity and presented to the right ear via an in-ear
speaker. These clicks occurred at an average rate of 10Hz with a uniformly distributed jitter up to 10% in pe-
riod. The click itself consisted of an 80µs pulse followed by silence and calibrated to a 100dB peak-equivalent
sound pressure level presented inside the outer ear. The clicks and triggers were generated in MATLAB at a
sampling rate of 48kHz and stored together with the EEG data for evaluation.

The processing of the ABR results was done offline in Python for both Cz Biosemi measurements and the
POC. A low-pass and high-pass 4th order Butterworth filter were applied to the signals with respective cutoff
frequencies of 2000Hz and 100Hz. Afterwards 20ms epochs were taken, with the onset corresponding to the
trigger signal and epoch removal of the 15% with the highest amplitudes. The latter then being attributed to
artifacts of head movement and others. The mean of the remaining epochs along with bootstrapped statistical
noise floor and confidence interval of the mean (16), were calculated and are depicted in Figure 2.

Figure 2. Recorded and processed mean ABR response of 4000 clicks together with its calculated statistical
noise floor and standard error of 1 standard deviation for a single subject recorded via the POC and reference
Biosemi system.

3.2 Process 2/3 evaluation
To ensure a proper time synced system, both processing and audio playback will be run, managed and main-
tained in Python to control both time-accurate data processing and audio playback. Here, playback is realised
using the Psychtoolbox-3 library inside PsychoPy (36) for Python.

Data processing was evaluated under combined load of both Process 1a and Process 1b to serve as an initial
verification of correct real-time communication under limited load. A time-stamped 0.5s circular buffer was
implemented for data-communication and was allocated in the shared memory directory (dev/shm). Furthermore,
access to the buffer was restricted through semaphores and checked for discrepancies in data between both



capture and processing. However, an initial verification of data integrity was first performed through comparison
of measurement data as stored directly via Process 1a as well as though the circular buffer Process 1b. This
double storage only served as an initial verification of data and the added storage in Process 1a was deactivated
for all other measurements. A timestamp was furthermore provided every 0.5s for syncing inside the shared
memory structure of Process 1. The measurement window contained a 400s interval to ensure a full ABR
measurement could be performed with a 10Hz stimulation frequency and a maximum of 4000 repetitions, which
should moreover be sufficient to capture a full musical interaction with songs of lengths less than 6.5 minutes.

Once content was verified as correctly transferred, overflow in Python is examined under load. Here the
readout of the shared circular buffer in Process 2 into an array was executed by Python while a simple peak
detection algorithm ran on the last 1024 recorded values per channel (8 electrode channels from the cEEGrid),
serving as initial load. Maximal offset between total written samples to the buffer by Process 1a and evaluated
samples by Process 2 was measured over a 400s interval as well.

Figure 3. Audio offset and response time illustration, left and right respectively, of the POC. With the original
planned audio "Scheduled" and the measured potentials by the ADS-chip "Recorded" and "Alteration".

Evaluation of audio playback is performed to assess both audio consistency of playback as well as respon-
siveness, i.e. the observed delay to signalled audio changes. As for audio consistency to the internal clock,
offset in time between expected presentation time (output through audio jack), based on sample rate and buffer
length as predicted by Psychtoolbox, is compared to the arrival time as recorded by the ADS chip. Audio
output is directly looped back and connected to the preamplifier input of the system to evaluate the latter offset.
Sound production itself was setup with a 4096 sample buffer together with a sample rate of 48kHz. An excerpt
was taken from Johnny Nash’s "I Can See Clearly Now" as presented audio. The resulting delay for acoustic
playback between command execution and sound presentation, based on buffer length and sample rate, should
hence not exceed 85.3ms.

Additionally, response time is evaluated between recorded potentials and an associated introduced level
change of the presented audio (setting a non-zero amplitude). For the latter a threshold detection was imple-
mented on the recorded potential in Python, which upon activation altered the presented playback level. Figure
3 illustrates both the later recorded audio offset (left) as well as the response time (right). Both figures present
scaled versions of presented and recorded signals to increase visibility of the main delays.

4 DISCUSSION AND FUTURE CONSIDERATIONS
4.1 Process 1 EEG acquisition
Comparing the measured EEG responses in Figure 2 to a reference ABR measurement performed as well with
cEEGrid (16) similar trends can be observed. Overlaying with the Cz measurement, performed after the cEEGrid
measurement to avoid interference, Wave-I, Wave-III and Wave-V can be identified. The latter being character-
istic deflections within the first 10ms after stimulus presentation stemming from ascending relay stations of the
auditory pathway (22). A clear identifiable Wave-I, Wave-III and Wave-V is present at 2.5ms, 5ms and 7ms



respectively in both measurements. However for the Wave-I, this peak is less visible and seems to be shifted
compared to the expected Cz timing, potentially being a consequence of the measurements not being performed
simultaneously but in concession. Furthermore, delays as observed are in line with expectations for a 100dB
SPL knowing a 1 millisecond audio presentation delay is present in the system (23, 24). Additionally, ampli-
tudes, as observed here for the cEEGrid recording, also agree in magnitude ( 0.1µV) to the findings in Garrett
et al. (16). This also applies to the noise floor measurements (+/-0.05µV), which agree with both recorded
measurements via the Biosemi system as well as with findings by Garrett, hence our proof of concept performs
equally well to the latter setup and the Biosemi system. This proof is furthermore backed up by similar results
presented in (15).

4.2 Process 2 data processing and storage
Observing then data-flow as a whole within the system, an overall loss-free communication is established be-
tween processes. An initial assessment confirmed that a 400s measurement can be recorded between ADS chip
and the main computer without a single lost sample for all 8 channels. Real-time data transfer of this collected
data was successfully accomplished during a 100s measurement (16kHz, 8 channels) over the cyclic buffer be-
tween processes Process 1a and Process 1b, with a character match for each individual line written to both .txt
files before and after the cyclic buffer. The latter confirms a perfect data transmission over the circular buffer.

Extension however to larger measurement intervals caused cyclic buffer overflows and associated loss of data
between processes. This is likely a consequence of the limited memory availability under load as the current
implementation buffered the full measurement in Process 1a for verification here. Alternatively, the continuous
write function in Process 1b may require too much processing time during recording, resulting in a data overflow
in the data collection. Further optimisation to this process as well as a planned hardware upgrade to a Raspberry
Pi 4 will likely solve this limitation. Alternatively a binary format storage of the data is considered to avoid
redundant bit writing and reduce writing load.

Evaluation under a limited load (only Process 1a and no storage Process 1b) of Python Process 2 furthermore
illustrated that the system was capable of keeping up with the real-time provided data, acquire and process it
from the circular buffer with no loss of data (400s, 8 channels at 16kHz). The amount of read-in unprocessed
samples (for each of the 8 read in channels) never exceeded 450 which, translated to time, results in a time-
delay of 28.1ms when sampled at 16kHz. As the delay is considerable and comparable in magnitude to the
unavoidable delay introduced by the audio-buffer (∼80ms) the prior value was found lacking and currently
unacceptable. The combined delay (∼108ms) of both exceeds tolerable values audio music interactions (25) of
a maximal 50ms delay and is thus insufficient. A smaller audio-buffer will also be essential here to allow to
achieve this 50ms goal which is currently impossible without introducing audible playback glitches.

It should additionally be noted that under the presented limited load, with no storage yet introduced, the
communication with the ADS chip suffered from loss of a samples 32 in 6.400.000. The EEG capture can suffer
undesired frequency shifts and hence corrupt the measured brain activity data. A 0-loss ADS communication
will be aimed for. Further optimisation of resource management along with improved hardware is expected to
solve the above mentioned issues and allow perfect communication with the ADS under load.

4.3 Process 3 audio playback
Lastly, regarding audio playback, the offset between planned playback time and actual playtime is illustrated
in Figure 3. The offset between both seems to be more or less consistent over time and marginal (5ms) in
comparison to the delays introduced by both processing and audio buffering. Nevertheless a compensation of
the average offset for said delay will be included in the final audio playback.

In addition the response time, as illustrated in Figure 3, seems to be consistent with the observations made in
section 4.2. A clear time-delay is present between the detection of a high signal by the Python script (Alteration
= 0.3), which is situated at 3.54s, and the following change of playback amplitude at 3.71s. Resulting in a
total response time of 170ms. Additionally the audio offset seems to have been altered and thus also requires
further investigation. Made observations confirm the present delay inside the system between measured response
(recorded by the ADS chip) and audio adaptation is currently to high to allow the system to be operated in real
time in an adaptive manner compared to the desired 50ms delay (25).



The main limitations of the current proof of concept, being response times above 50ms, sample loss and data
buffer overflow, seem to be mainly a consequence of sub-optimal resource management, too large audio buffer
and code optimisation. A more efficient file storage (binaries) is aimed to be implemented along with reduced
audio-buffer sizes to create more headroom for actual processing. Furthermore, a dedicated core assignment,
optimised processing and a hardware improvement into a Raspberry Pi 4 will be implemented. Optionally a
dedicated sound card is considered.

5 CONCLUSIONS
In this paper a proof of concept system is presented and evaluated aimed at realising adaptive and interactive
music interaction based on recorded EEG data or other biomarkers. The system is currently capable of real-time
capture and storage of filtered and digitised EEG data at 16kHz with 8 channels via cEEGrid electrodes up to
400 seconds. A real-time analysis and capture of the EEG data time-synced to presented audio is implemented
allowing peak detection and further processing. Moreover, a reliable audio stream at 48kHz is produced by
the system capable of adapting playback to real-time captured brain activity. Hardware improvements and code
optimisation will be implemented to ensure loss free data capture and lower response time to real time (50ms).
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ABSTRACT 

Noise reduction schemes (NR) in hearing aids (HA) can improve speech understanding for people with 

hearing impairment (HI). Until now, the audio-only presentation has dominated laboratory tests in hearing 

science. The visual component, however, is known to affect sound perception and human behavior. In this 

study, two speech-in-noise tests, one using audio-only presentation (Test 1) and the other using Virtual-

Reality (VR)-based audiovisual presentation (Test 2), were administrated on twenty-seven HI participants to 

explore the effect of NR via a range of HA settings. The participants were instructed to fix their gaze (and 

were not instructed on head movements) in Test 1, but could freely move their heads in Test 2. Moreover, in 

Test 2, a binary head movement classification (HMC) was recorded, and a simulator sickness questionnaire 

(SSQ) was used to assess the cybersickness. The result indicated that NR was a significant factor in both tests, 

which agreed with its appreciation found in earlier studies. However, the effect size in Test 2 was smaller. 

When involving HMC, a significant interaction between HMC and NR was found. Namely that for the 

participants classified as with head movement, NR was found not significant. Moreover, HMC was found 

significant in explaining all cybersickness symptoms. That is the participants classified as with head 

movement experienced greater cybersickness. 

 

Keywords: Noise reduction scheme, Virtual reality, Behavior 

1. INTRODUCTION 

Noise reduction schemes (NR, hereafter NR stands for both beamforming and postfilter) in hearing 

aids (HA) can improve speech understanding for people with hearing impairment (HI). On one hand, 

the size of the effect is more pronounced in laboratory tests over field tests (e.g.,  [1]). The reasoning 

for such differences remains unclear. For example, the audio-only presentation has dominated 

laboratory tests in hearing science until now. The visual component, however, is known to affect sound 

perception and human behavior. To understand the underlying mechanism of communication success 

in multi-dimensional real-life cases, it is vital to learn the effect of potential dimensions and how they 

affect speech understanding. On the other hand, the effect of NR was often evaluated in a manner of 

comparing on versus off states (e.g., [2]). Despite the different approaches to NR’s implementation 

[3], it is commonly believed that NR is beneficial for HI [4]. Therefore, NR is often applied (i.e., on 

state) in clinical practice. Modern HA provides multiple levels of NR (e.g., [5]) to help HA users to 

different degrees. The exploration of the effect of NR at different levels remains nevertheless limited. 

With these in mind, we designed two speech-in-noise tests in this study to investigate the effect of 

multiple HA features including NR on speech intelligibility (SI). Test 1 used an audio-only 

presentation while Test 2 used audiovisual stimuli. In total, 27 HI participants with mild -to-moderate 

hearing loss were included in both tests. It is hypothesized that the benefit of increasing level of NR 

differs in the two tests due to stimulus format differences. 
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2. METHOD 

2.1 Programs 

Three HA features in device Oticon Opn S were included and configured from Oticon fitting 

software Genie. Next to NR, feature B concerns frequency-specific amplification in fine-tuning. While 

feature C is related to compensation in loudness perception for soft sounds. Two variables (min and 

max, which stands for the lowest and highest possibility when this feature is turned on ) were taken 

for each feature. The combination of the features and their variables formed the 8 programs in this 

study (Table 1). As a reference, a medium setting for all three features, often referred to as the 

“common seen” setting, was also taken (program medium). Other HA settings in the device and the 

apparatus (speaker unit, dome, etc) were kept identical to the participants’ own individual HA settings 

(default program). All programs were applied in both tests. 

 

Table 1 – HA programs and corresponding feature settings 

Features | Program 1 2 3 4 5 6 7 8 medium 

Noise Reduction min min min min max max max max medium 

Feature B min min max max min min max max medium 

Feature C min max min max min max min max medium 

 

2.2 Setup 

 

Test 1 
Fig. 1 illustrates the experimental setup in Test 1. All loudspeakers formed a circle of 1.2m radius. 

Each masker loudspeaker played a 4-talker babble noise. The masker noise level was fixed at 65 dB 

SPL. The target loudspeaker presented the Danish DAT corpus [6]. Participants first obtained their 

individual SRT50 (Speech Recognition Threshold) with the HA program medium as reference. The 

signal-to-noise ratio (SNR) was then fixed for the rest of the test (see Procedure). For each program, 

the speech intelligibility (SI) data was then collected relative to the medium baseline (50%). 

Calibration was made at the participant’s seat position at the same height as the loudspeakers, using 

a B&K 2250 sound level meter (Brüel & Kjær, Denmark). During the test, the participants sat in a 

height-adjustable chair where their ears are set at the loudspeaker level.  Participants were instructed 

to fixate their gaze during the task, but no instruction on head movement was given. Test 1 was 

conducted in a sound-proofed booth. 

 

 

Figure 1 – Experimental setup (top view) in Test 1. 

 

 

Target (0°) 

Maskers (±90°, ±150°) 

65 dB 
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Test 2 

Fig. 2 [down] illustrates the experimental setup in Test 2. A loudspeaker array (formed by 24 

loudspeakers) played a pre-recorded cafeteria scene (Fig. 2 [up]) which contained 4 actors surrounding 

the recording position. Note that the experimental setup in Test 2 was different from in Test 1 since 

the intention was to visually only use the front half plane in Test 2. During the playback, the scene 

sound level was fixed at 65 dB SPL. The front loudspeaker presented the Danish HINT corpus [7], 

which was then augmented with the recorded scene via convolution with prerecorded room impulse 

responses. During the test, the participants wore an Oculus VR headset, which visually presented the 

recorded scene and synchronized the audio playback. Details of the pre-recording, laboratory 

implementation, and augmentation could be found in [8]. 

Like Test 1, the calibration was conducted at the participant’s seat and a height-adjustable chair 

aligned the participant’s ear level at the loudspeaker level in Test 2. Test 2 was conducted in an 

anechoic chamber. The procedure and data collection were also identical to Test 1. However, no 
instruction on gaze or head fixation was given in Test 2 . Participants were free to rotate and check the 

scene in the VR headset at their wish during the whole test. 

Moreover, the cybersickness of the test paradigm in Test 2 was investigated via a simulator sickness 

questionnaire (SSQ). Four principal symptoms (nausea, oculomotor, disorientation, and total score) 

of cybersickness were measured. Details of the cybersickness measures could be found in [8]. 

 

 

 

Figure 2 – [down] Experimental setup in Test 2 (Left: top view sketch of the setup; Right: illustration of a 

participant during the test); 

[up] Pre-recorded scene presented in the VR headset (Left: top view of the actors and recording position; 

Right: the recorded view from the point of the A/V recorder, i.e., the participants’ view in the test.). 

 

2.3 Ethics and Procedure 

An exemption letter from the Regional Ethical Committee of the Capital Region (Hovedstaden), 

Denmark was obtained prior to the investigation (H-20068237). The participants signed a consent 

1.4m 

T 



 

 

form after receiving oral and written information, including the continuous option of retracting their 

consent. All personal data were treated confidentially according to the Danish Data Protection Law.  

In both tests, participants were instructed to perform a speech-in-noise task to evaluate HA settings. 

For each program, a list of 20 sentences was presented. The exact settings were single -blinded, and 

the order of the programs was randomized and balanced (in both tests). The two tests were performed 

on different days. Participants were not informed that the programs set in the two tests were identical. 

Two lists for the adaptive procedure with the medium program were conducted. Only the SRT from 

the second list was taken as the SNR for the rest of the test. The two adaptive lists also served as 

training lists for participants to familiarize themselves with the task. 

 

3. RESULTS AND ANALYSIS 

3.1 Speech intelligibility 

Fig. 3 shows the SI result for all the programs (Table 1) in Tests 1 and 2. In Test 1, 3 programs (P5, 

P7, P8) obtained higher mean SI than the medium program, up to 9.1% (P7). A clear deviation (up to 

20.8% between P3 and P7 in mean score, the same hereafter) of SI between all programs could be 

found. In Test 2, 2 programs (P6, P7) obtained a higher mean SI than the medium program, up to 1.7% 

(P6). In comparison with Test 1, a smaller deviation of (up to 8% between P1 and P6) of SI between 

all programs could be observed. The SI result suggested that a bigger difference between programs 

could be found in Test 1. Meanwhile, all programs in Test 2 showed a limited difference from the 

medium program (grey line). 

 

 

Figure 3 – SI results (mean and 95% CI) for all programs in both tests. Note that results were taken as 

relative to SI in the reference (medium program, marked as the grey line in this figure). 

 

To investigate the effect of NR in SI, an analysis of variance (ANOVA) test was applied. NR was 

found a significant factor in both Test 1 (𝐹1,214=51.644, 𝑝<0.001) and Test 2 (𝐹1,214=4.497, 𝑝=0.035), 

as shown in Fig. 4. Clearly, the SI increased with the increasing level of NR (from min to max). 

However, the SI increase (14.3% in Test 1 and 4.9% in Test 2) was smaller in Test 2. Moreover, the 

other two HA features (feature B and C, Table 1) individually were not found significant in both Tests 

1 and 2 (not shown). Agreed with recent findings (e.g., [9]), NR was perceived as useful and bringing 

the most contrast among other explored HA features. The benefit of NR, however, was found less 

pronouncing in field tests than in laboratory tests. Interestingly, with the increase of stimulus 

dimensions (audiovisual in Test 2 over audio-only in Test 1) in this study, this trend was found again. 
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Figure 4 – Effect of NR on SI results (mean and 95% CI) in both tests (relative to initial medium program). 

 

3.2 Test 2: Head movement 

Since participants could freely move their heads in Test 2 and browse the recorded scene in the VR 

headset, their head movement behaviors were captured during the test. Two distinct groups – one who 

never turned their head during the whole test (12p, 45%) and those who did so regardless of the 

frequency and time (15p, 55%) – were identified. The binary head movement classification (HMC) 

was then labeled as one participant variable. Using HMC and NR as factors, an ANOVA test was 

applied to the SI results in Test 2 (Table 2).  

Similar to Fig. 4, NR was a significant factor, while HMC was not. Interestingly, a significant 

interaction between HMC and NR (𝑝=0.029, Fig. 5) was found. Specifically, for participants with no 

head movement in Test 2, a clear SI increase (10.7% in mean score) with increasing NR level could 

be observed. The other group, who had head movement, did not show a clear difference in SI (0.4%) 

when NR was set at the min or max level. Since the results were calculated relative to the program 

medium individually, it only enabled the comparison between the medium, max, and min within the  

same group. In Fig. 5, readers are recommended to compare the effect of NR in each group internally, 

i.e., not across the two groups at the same NR level. 

The stimulus format in Test 2 evoked uninstructed head movement behavior, which was closer to 

real-life situations instead of constantly facing toward the target talker in Test 1. Though only checked 

by a binary classification (HMC), this human behavior might provide a possible perspective to explain 

the limited effect of NR found in field studies. 

 

Table 2 – ANOVA test result on SI in Test 2. 

Cases Sum of Squares df Mean Square F p 

Noise Reduction 0.162 1 0.162 5.636 0.018 

Head movement 0.046 1 0.046 1.582 0.21 

NR*HMC 0.139 1 0.139 4.847 0.029 

Residuals 6.097 212 0.029   

Note: Type III Sum of Squares. 
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Figure 5 – Interaction between HMC and NR in SI (mean and 95% CI) in Test 2. 

 

3.3 Cybersickness 

Via the cybersickness questionnaire (SSQ), a score for all principal symptoms of cybersickness 

was collected and computed for each participant in Test 2. Among all principal symptoms, Nausea 

concerns general discomfort, increased salivation, sweating, and stomach awareness; Oculomotor is 

related to fatigue, headache, and eyestrain; Disorientation directs to fullness of head, dizziness, and 

vertigo; and Total score is the sum of the above three. Though participants showed high appraisals 

and acceptance levels of the test paradigm, and limited cybersickness symptoms on average (see [8]), 

there was still an individual difference in cybersickness among the participants. To further explore the 

two distinct groups in HMC, an ANOVA test was applied to all principal symptoms of cybersickness 

using HMC as a factor. HMC was found significant in explaining all symptoms (Fig. 6) including 

Nausea (𝐹1,214=56.781, 𝑝<0.001), Oculomotor (𝐹1,214=79.151, 𝑝<0.001), Disorientation 

(𝐹1,214=36.995, 𝑝<0.001), and Total score (𝐹1,214=72.276, 𝑝<0.001). Namely, the participants with 

head movement experienced greater cybersickness (Fig. 6). 

Cybersickness is distinct from motion sickness in that the user is often stationary but has a 

compelling sense of self-motion through moving visual imagery. Earlier research (e.g., [10]) indicated 

the Postural Instability Theory [11] and the relative position of the participants might contribute to 

cybersickness. Though VR technology has been rapidly advanced in recent decades, technical aspects 

such as visual lag due to visual transitions (even though the recording in Test 2 was stationary itself) 

might also contribute to cybersickness. Therefore, the effect of HMC on cybersickness agreed with 

previous knowledge. 
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Figure 6 – Effect of HMC on principal symptoms in cybersickness 

(y axis: 100% indicates the highest degree). 

 

4. DISCUSSION AND CONCLUSION 

This study presented two Tests. Tests 1 and 2 were not only different in stimulus format (audio-

only versus audiovisual) and fixation instruction (yes versus no), but also in experimental setup and 

acoustical setting (Fig. 1 and 2). The study reported that NR was a significant factor in affecting the 

SI regardless of the test difference. Specifically, the SI increased with the increasing level of NR. This 

increasing benefit was however more pronounced in Test 1, which used an audio-only presentation 

and contained gaze fixation instruction. In Test 2, which used audiovisual stimuli and contained no 

instruction in gaze or head movement, the SI increase with the increasing level of NR was smaller. 

Such results could be explained by a binary head movement classification (HMC), particularly by 

participants who were classified as the head movement group. Moreover, HMC was found significant 

in all principal symptoms of cybersickness. Specifically, participants who had head movement 

experienced greater cybersickness in all components. 

Though Test 2 was still far from field tests in terms of stimulus matrix, it nevertheless demonstrated 

the decreasing SI benefit of NR while the head movement was not instructed. Such user behavior 

captured in the study illustrates the possible real-life scenarios of how HA devices are used, which 

increases the ecological validity of Test 2 [12]. User behavior is important to consider when testing 

e.g., HA signal processing and VR experience.  

The difference between Tests 1 and 2 in the effect of NR could potentially be driven by fixation 

instruction, stimulus format, stimulus material, and setup. It remained discussion which one (ones) 

caused the behavior difference fundamentally. Further investigation on the effect of these items could 

be of benefit. Furthermore, despite the HMC being addressed by the cybersickness, a continuous 

measure of head movement is desired and would further examine the correlation between SI, head 

movement, and cybersickness. In general, motion tracking of human behavior in laboratory tests is 

getting popular in recent years. It comes as a good tool to reveal the underlying mechanism of, for 

example, the human perception and benefit of HA features.  
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ABSTRACT 
This paper offers a humanities-based perspective on autoethnographic data collection from long-term d/Deaf 
wearers of hearing aids. Smart hearing aids afford the d/Deaf wearer enhanced sociality as well as close 
interaction with smart acoustic agents that are shaped by the wearer’s habits and needs. The wearer is in turn 
shaped by these technologies down to the neurological level, keeping speech processing centers active to 
enable social and mental health. Such long-term, successful adopters are contemporary cyborgs, humans 
whose bodies integrate compulsory technological components. These experienced users often construct 
listening ecologies that incorporate a variety of analog and digital acoustic components that include speakers, 
directional mics, smart phones, mylar balloons, and simply sensing vibrations in addition to their hearing 
aids or cochlear implants. Autoethnographic methods can capture the nuanced, subjective experiences of 
cyborgs who work closely with acoustic devices across multiple decades and in highly variable environments. 
Among other things, autoethnography offers data on the ways highly functional wearers use aids to manage 
disability disclosure and inequity and create highly specific listening ecologies.  
 
Keywords: Hearing Aids, Qualitative Research Methods, Ecological Validity 

1. INTRODUCTION 
This paper offers a Humanities perspective on research methodology and ethics in interactive 

acoustics research. The authors’ home discipline is rhetorical studies, a field that is broadly concerned 
with the ways that effective persuasion functions within cultural contexts. Primary investigator 
Kennedy’s research focuses on the ways that humans use technology persuasively and are persuaded 
to use technologies, particularly in disability contexts. A deaf scholar and hearing aid wearer of more 
than four decades, they are particularly interested in the ways that hearing aid wearers use interactive 
acoustics technologies to persuasively navigate social contexts, negotiate disability disclosure, and 
maintain neurological auditory processing health in ways that facilitate rhetoricability [1], or the 
ability to be considered persuasive in social exchanges. Only extended abstract written in the English 
language will be accepted for inclusion in the Proceedings. Technical Program Committee reserves 
the right to reject any extended abstract considered inappropriate for the Proceedings, even if the 
abstract was previously accepted. 

In this paper, we discuss autoethnographic methods as a way of working with long-term hearing 
aid wearers 2  to develop useful, ethically harvested data. As Rapport and Hughes have argued, 
qualitative methods have vital implications for understanding nuanced experiences of disability and 
disease, including “people’s emotions, relationships, decisions, and support needs, and can report on 
a range of difficult subjects, such as anxiety, stigma, and pain” [3]. Autoethnography is an important 
addition to the qualitative toolbox that they describe, offering a way of listening closely to long-term 
d/Deaf people. Given the decades of lived experience that these hearing aid wearers have with 
negotiating a wide variety of dynamic, real-world acoustic environments, autoethnography has much 
to offer as a means of gathering qualitative data that has applications for ecological validity as 
described by Keidser, et al [4]. 

 
1 krista01@syr.edu. Pronouns: they/them. 

2 Following Liza Potts' assertion that "while referring to people as users is easy, doing so undermines the notion of how centrally important participation has 

become in systems," (8) [3], we use the term "wearer" rather than "patient" or "user" to emphasize bodily and active engagement in socially-focused choices. 
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2. EXPERIENCED WEARERS: STUDYING CYBORGS  
Much of the audiological and, to some extent, related acoustic literature focuses on two central 

populations: pediatric and geriatric. This is appropriate, given that language acquisition and language 
retention, respectively, are paramount concerns for these populations in order to develop and maintain 
neurological and social health. However, these hearing aid wearers tend to have little to moderate 
experience with successfully using amplified sound, given the fact that young users simply have not 
had much time to experience negotiating the use of an aid while older users are typically late-deafened 
and thus become new users of hearing aids later in life. Neither population typically encounters the 
widely varied acoustic environments that mid-life professionals may encounter. As study participants, 
members of pediatric and geriatric populations can offer rich data but within relatively narrow 
contexts.  

However, another population that remains understudied has deeply contextual data to offer: long-
term hearing aid wearers who have decades of experience with using assistive listening devices to 
negotiate rich, varied social contexts in their personal and professional lives. Such long-term, 
successful adopters are contemporary cyborgs, humans whose ‘bodies’ integrate compulsory 
technological components in order to maintain basic, everyday functionality [5]. While hearing aids 
are less physically integrated than cochlear implants, both types of assistive devices directly impact 
the listener’s neurological health, providing a stream of social data that strengthens the auditory cortex 
and, consequently, auditory processing. This in turn shapes sociality, access to education and 
economic security, and access to safety. Without this deep entanglement and collaboration with their 
listening devices, these wearers simply would not be the people they are or live the lives they are 
living.  

These experienced wearers are, by necessity, agile users of assistive devices, often constructing 
listening ecologies that incorporate a variety of internal and external acoustic components that include 
speakers, directional mics, mylar balloons [6], and smart phones alongside hearing aids or cochlear 
implants. Well aware of their cumulative strengths and limitations, experienced wearers are also adept 
at attentive listening in a wide range of acoustic environments and often (but not always) cognizant 
of the cognitive and physiological fatigue that results from listening strain. Their long-term experience 
has given them extensive knowledge about navigating social aspects of aid visibility, use, and failures. 
In short, this population has a tremendous amount to contribute to research on ecological validity. 

3. ETHICAL CONSIDERATIONS  
Human subjects research requires the careful negotiation of risk to the well-being of study subjects. 

While Institutional Review Boards may approve research as meeting baseline ethical standards and 
researchers may indeed fully intend to respect their patients, patient dignity is always at risk when 
patients are under study—particularly when subjects are members of marginalized communities [7]. 
One example of this risk is algorithmic data collection from smart hearing aids, which offers 
significant benefits to wearers, researchers, and manufacturers but also imposes dignitary harm by 
compulsorily harvesting data (including geolocation data) for biocapitalistic purposes that 
compromise wearer dignity, privacy, and security [8-10]. Current U.S. Health Insurance Portability 
and Accountability Act (HIPAA) and E.U. General Data Protection Regulation (GDPR) doctrines do 
not adequately address these consent issues [11]. As a result, wearers of smart hearing aids can often 
be treated like data rather than humans, continuing a trajectory of what disability scholar Mike Oliver 
terms “research as alienation” for disabled people. “Disability research should not be seen as a set of 
technical objective procedures carried out by experts but as part of the struggle by disabled people to 
challenge the oppression they currently experience in their daily lives,” writes Oliver [12]. Acoustic 
scientists, as researchers in a vital field that impacts the daily lives of d/Deaf people, can be important 
allies through their work and their decisions about research methods. 

Acoustics researchers who investigate issues of ecological validity have deployed a wide range of 
other research methods that offer varying degrees of direct involvement to their study subjects, 
including participant diaries. These methods exist on a spectrum of not only data types, but of respect 
that invites a deeper investment from disabled study participants while simultaneously recognizing 
their dignity as humans who co-create data and research. Including autoethnographic methods 
repositions hearing aid wearers as “agents of study” [13], recognizing that the usefulness of acoustic 
technologies emerges through the negotiated, active experiences of users. Such methods offer ways 
of ethically listening to disabled patient populations and creating partnerships that further the 



 

 

development of interactive acoustic devices. In particular, autoethnography can offer nuanced insight 
into the embodied experiences of marginalized groups [13], including disabled or non-normate 
bodyminds. 3  By bringing critical attention to these embodied experiences, this method gives 
researchers and readers alike the opportunity to interrogate their interpretive assumptions and broaden 
their conceptions of what is needed and what is possible. In the case of experienced wearers with 
decades of negotiating listening situations under their belts, more is often possible than one might 
suppose.  

4. AUTOETHNOGRAPHY AS EMPIRICAL METHOD 
While other patient-centered methodological approaches such as diaries produce valuable data, we 

suggest that autoethnographic methods have the potential to produce data that even more directly 
involves the wearer and their insights in complex aspects of validity. Autoethnography also offers an 
ethical approach that both values and centers disabled experiences of impairment and of using 
listening aids to negotiate social situations, including managing disability disclosure, individual ethos, 
and the complexities of social interaction in variable contexts. 

Autoethnography has long been deployed as a valid empirical method by researchers in the fields 
of sociology and anthropology [15-16]. More recently, it has been taken up in educational research 
[17], health environment design [18], and architectural soundscape design [19]. This method is 
sometimes misunderstood as being extended personal narrative or simply relying on the interpretation 
of diaries. However, the practice of autoethnography moves beyond those elements to incorporate 
rigorously gathered, critically analyzed subjective data that connect personal experiences to broader 
social contexts and present sociological insights [20]—some of the central elements that comprise 
investigations into ecological validity. As Leon Anderson notes, an autoethnographer’s involvement 
in the experience being studied grants an “added vantage point for accessing certain kinds of data,” 
eliciting questions that may only emerge from personal, “insider meanings” [21]. O’Hara characterizes 
autoethnographic writing as a “scientific method” for contextualizing and analyzing the experiences 
which underlie an individual clinician’s assumptions [18]. Ellis and Bochner propose “systematic 
sociological introspection and emotional recall” as methods for understanding a subjective experience 
[16]. While experience and memory are central data collection methods for this approach, 
autoethnographers also ground their experiences in other data gathered through artifacts, interviews, 
and written self-observation, reflection, and analysis [20].  

Other forms of quantitative data are often incorporated into successful autoethnographic studies. 
In a study directly tied to acoustic considerations, Gunnar Cerwén’s hybrid autoethnographic study of 
soundscapes in landscape design [19] employs an analytical autoethnographic approach [21] to 
discover ways the Soundscape Actions design tool can improve soundscape design. Cerwén argues 
for this hybrid approach in investigating soundscape design in Japanese gardens because it allows for 
consideration of the subjective “interplay between the senses” perceived within a specific environment, 
noting how subjective, autoethnographic representations can be compared to gain further insights with 
the potential for generalizability [19]. The study integrates autoethnographic sensory accounts of 
Japanese gardens with field recordings, sound pressure level readings, photographs, and other research 
artifacts to study the effects of layered auditory and visual masking strategies (water features, birds, 
vegetation, moss, walls, etc.). The researcher’s autoethnographic vignettes capture complex embodied 
experiences (such as the disturbing feeling of a bus rattling past, breaking through the garden’s visual 
and auditory masking features) that might otherwise be considered outliers, yet impact a visitor’s 
experience of a garden’s tranquility. Such grounded, data-based narratives of this sort of embodied 
experience uncover much about the real-world acoustic impact of garden design features and have 
solid potential to do the same in studies of ecological validity for interactive acoustic devices. Through 
juxtaposition and comparative analysis of autoethnographic narratives from long-term hearing aid 
wearers, what pertinent yet unaccounted-for factors might acoustic researchers uncover? 

5. CYBORG AUTOETHNOGRAPHIC DATA 
The cyborg listeners—long-term hearing aid and cochlear implant wearers—described in section 

two are well positioned to offer insight into subjective aspects of interactive acoustic device use. For 

 
3 Price developed “the term bodymind to emphasize that although 'body' and 'mind' usually occupy separate conceptual and linguistic territories, they are deeply 

intertwined” [14]. 



 

 

example, commonplace pandemic elements of social space include masks that obscure facial 
expressions and lips, plexiglass barriers that both impede and bounce sound, and social distancing 
that necessarily separates the listener from sound sources. Wearers with sufficient pre-pandemic 
experience of navigating social situations know not only the practical differences that these changes 
imposed, but also the ways that these necessary changes impacted their d/Deaf anxiety, listening 
fatigue, sociality, and mental health. They likely have visceral examples of the ways that masks have 
changed their health care experiences and the emotional energy needed to navigate those contexts and 
retain their ethos as persuasive self-advocates. They have stories about how friends have been willing 
or not willing to work with their requests for repetition, to speak up, or to meet for coffee or meals in 
outdoor environments that impose a different set of challenges than the challenges of a restaurant 
environment. They know what app settings they choose for their smart aids in order to better handle 
a visit to the bank or whether they’ve simply opted to handle their monetary transactions entirely 
online now. This is only one small example of a problem set: others might include professors 
navigating lecture halls, auditoriums, meeting rooms, offices, outdoor events, and dining settings; 
parents acting in a range of social contexts on behalf of their children; or deaf audiophiles (they exist; 
Kennedy is one) who create listening environments in their houses, attend concerts, or listen to music 
in cars and throughout their houses. In each case, autoethnography can be deployed as a sole method 
or in hybrid approaches that include interviews, acoustic data, and other research methods. 

6. CONCLUSION 
In this paper, we examined the potential of autoethnographic research methods as an ethical 

approach for studying the subjective experiences of long-term hearing aid and cochlear implant 
wearers. This method, whether used alone or in a hybrid design, offers a uniquely ethical, empirical 
approach for listening closely to the lived experiences of disabled research subjects while respecting 
their dignity and involving them in interpretation of the research. It also yields rich data concerning 
the nuanced, contextualized experiences of research participants who are accustomed to navigating 
practical and emotional aspects of varied, high-stakes listening environments.  
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ABSTRACT 

Auditory models have been used for decades to develop audio signal processing algorithms in hearing aids. 

Here, we used a biophysically-inspired auditory model, in a differentiable convolutional neural-network 

(CNN) description (CoNNear), to train different end-to-end machine-learning- (ML) based audio signal 

processing algorithms that maximally restore cochlear synaptopathy (CS) affected auditory-nerve (AN) 

responses. Based on the reference normal-hearing (NH) model and a hearing-impaired (HI) model, we used 

backpropagation to design several ML-based algorithms, using the same CNN encoder-decoder architecture 

but different loss functions focusing on different aspects of the AN responses. Processing of pure tones and 

words by the ML-algorithms showed enhanced AN responses to both low- and high-frequency pure tones, 

and to vowels and consonants in quiet, but responses were usually not restored to the NH-level. The 

algorithms generally sharpened the onset response to speech and improved the stimulus dynamic range. In 

an unconstrained operation, the ML-algorithms added more energy to the higher frequencies, degrading 

speech quality and intelligibility. We will objectively assess the effect of these compensation algorithms on 

sound quality and speech intelligibility in future clinical experiments.  

 

Keywords: Cochlear Synaptopathy, Machine-Learning, Hearing-Aid Processing 

1. INTRODUCTION 

Exposure to noise or ototoxic drugs and ageing are common causes of sensorineural hearing loss 

(SNHL) in humans, and often result in irreversible damage of the outer hair cells (OHCs) or synapses 

to the auditory nerve (AN), i.e. cochlear synaptopathy (CS) (1, 2, 3). Several studies have suggested 

that CS results in a loss of the low- (LSR), medium- (MSR) and high-spontaneous rate (HSR) AN 

fibers (ANFs), in which the LSR and MSR are the first to be lost (2). CS degrades encoding of the 

temporal envelope in sound, which may contribute to a variety of perceptual abnormalities such as 

speech-in-noise difficulties and decreased speech intelligibility (2, 4, 5).  

However, pure tone audiometric thresholds, related to OHC loss, are not affected in CS, therefore 

CS is referred to as “hidden hearing loss” (6). Studies on animal models have shown that the loss of 

ANFs and synapses to the AN, related to cochlear neuropathy and synaptopathy, are the first signs of 

permanent hearing damage and occur earlier in time than OHC loss (1, 7). Since the audiogram is an 

insensitive marker for damage to the AN and loss of synapses, patients suffering from CS will 

experience difficulties understanding speech in challenging situations while their hearing thresholds 

remain normal. Thus, it is expected that a large group of the noise-exposed or ageing population 

suffers from CS, which still remains undiagnosed based on their audiogram and will therefore not be 

treated properly. Non-invasive diagnostic techniques of CS have been recently proposed based on 

auditory-evoked potentials (AEPs) (8). 

The current hearing-aid (HA) algorithms focus on compensating for the elevated audiometric 

thresholds, but do not specifically compensate for the hearing difficulties related to CS, and therefore 

offer no treatment to patients who suffer from CS. The non-linear dynamic-range compression strategy 

of current hearing aids even reduces the amplitude fluctuations of the temporal envelope, what might 

even worsen the hearing ability in case of CS (9, 10, 11). HA algorithms aiming to compensate for 
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OHC loss and CS-related hearing impairment hence need to be computationally more complex than 

standard HA algorithms, in order to be able to grasp the complex non-linear working mechanism of 

the auditory system.  

Auditory models have been used for decades to develop audio signal processing algorithms in HAs. 

Typically, the difference signal between a normal-hearing (NH) and hearing-impaired (HI) model is 

used to design such algorithms, but only recently machine-learning (ML) methods have made their 

entry in this field. Specifically, when adopting differentiable descriptions of biophysical models of 

hearing-impairment, it is possible to fully backpropagate through the models and design a new type 

of ML-based audio signal processing that compensates for different aspects of SNHL (12, 13). The 

objective of this work is to investigate several ML-based HA algorithms able to restore CS, based on 

a convolutional neural network (CNN) description of a NH and HI auditory model.  We will also 

investigate which sound and speech features are modified when letting several ML algorithms decide 

the most-optimal solution to compensate for CS. 

2. METHODS 

2.1 CoNNear Auditory Model  

 We used a convolutional neural network model of the auditory periphery, CoNNear (14, 15, 16), 

that was developed starting from a biophysically inspired computational model of the human auditory 

periphery (17). The CoNNear model provides a fast and differentiable description of the auditory 

stages (basilar membrane (BM) vibrations, auditory nerve firing, inner-hair-cell (IHC) potential) of 

the computational model across 201 simulated tonotopic cochlear locations , with center frequencies 

(CFs) spaced according to the Greenwood place-frequency map of the cochlea (18).  

The NH CoNNear model is shown in Figure 1, and simulates the AN response 𝑟F to an auditory 

input 𝑥, sampled at a rate of 20kHz since the CoNNear model operates at a sampling frequency of 

20kHz. The CoNNear model consists of three distinct modules: the cochlear stage (CoNNearcochlea), 

IHC stage (CoNNearIHC), and ANF stage. The ANF stage is subdivided in the three different types of 

ANFs: CoNNearANfH, CoNNearANfM and CoNNearANfL for the HSR, MSR and LSR ANFs, respectively. 

The responses of the three ANF types are combined together to yield the final summed AN response 

𝑟F, by using weights HNH, MNH and LNH that correspond to the number of HSR, MSR and LSR fibers 

in a NH periphery (HNH = 13, MNH = 3 and LNH = 3 as reported in Verhulst et al. (17)). The 

CoNNearcochlea, CoNNearIHC and CoNNearANf modules comprise encoder-decoder CNN architectures 

that have the advantage to backpropagate across them, facilitating the development of individualized 

audio-enhancement methods. 

Figure 1 – CoNNear model of the NH auditory periphery (12) 

2.2 DNN-Based CS-Compensating HA Algorithms 

From the NH CoNNear model, we can obtain a HI CoNNear model by retraining the CoNNearcochlea 

stage via transfer learning to simulate OHC loss (19), and by changing the weights of the different 

types of ANFs in the CoNNearANf stage to model AN fiber loss, related to CS. The CoNNear HI 

periphery model can be individualized based on frequency-dependent degrees of OHC loss and CS. 

The individualized degree of CS and OHC loss of a listener can be obtained from diagnostic 

measurements using the rectangular amplitude-modulated envelope-following responses (RAM-

EFRs) and distortion-product oto-acoustic emissions (DPOAEs), respectively (20, 21).   

Consequently, based on the reference NH model and a HI CoNNear model, we can use 

backpropagation to design ML-based audio signal processing algorithms that optimally compensate 

for CS (12, 13). The training procedure for a deep-neural-network- (DNN) based HA algorithm has 



 

 

been explained by Drakopoulos et al. (12, 13) and goes as follows: the DNN-HA model processes the 

input speech 𝑥 into �̂� such that the difference between the NH CoNNear model response 𝑟𝐹 and the 

HI CoNNear model response 𝑟�̂�  is minimized. Different CS-compensating HA algorithms can be 

designed in this way by defining a different loss function (12, 13). These functions can focus on 

minimizing different aspects of the AN responses (e.g. free training, using more or less cochlea r 

channels, limiting the frequency range, time-domain and frequency representations, also summed 

across CFs). Thanks to the modular nature of CoNNear, the loss functions can be fine-tuned for each 

of its distinct modules to optimally compensate for hearing-impairment in each of the modules. 

In this work, we trained three DNN-HA models (CS_vow, CS_vow_cons and CS_freq) that to 

compensate for a hearing-impairment with a CS profile of HHI = 7, MHI = 0 and LHI = 0 ANFs, and no 

OHC loss. A CNN encoder-decoder architecture was used that comprised 16 layers (8 in the encoder 

and 8 in the decoder) as described in (12). The three HA models were trained using different loss 

functions, which are listed in Table 1. A more detailed explanation of the different components of the 

loss functions that can be used during training is given by Drakopoulos et al. (13). In the CS_vow 

model, the time-domain AN responses were squared (loss function 𝑙𝑟
2 in (13)) and only AN responses 

above a certain threshold were minimized (threshold 𝑇𝑟 in (13)). The squaring of the time-domain 

responses was done to emphasize the temporal contrast of the speech envelope modulation to focus 

the optimization on the enhancement of the most excited regions, since temporal envelope coding is 

essential for robust speech intelligibility (22, 23). The loss function that focused on only minimizing 

the AN responses above a specific threshold was applied to further focus on the temporal peaks of the 

responses. In the CS_vow_cons model, the AN response threshold 𝑇𝑟 was applied as well, and an 

additional loss function was included between the root-mean-square (RMS) difference of the 

unprocessed and processed signals to ensure that restoration can be achieved without amplification of 

the stimulus. In the CS_freq model, the loss function 𝑙𝑟
2 was used and a frequency-weighting was 

applied to emphasize the processing of the low-frequency CFs (𝑓𝑟𝑒𝑞. 𝑒𝑚𝑝ℎ𝑎𝑠𝑖𝑠 in (13)), so that the 

high frequencies were processed less than the low. Emphasizing the low CFs in the optimization might 

achieve better benefits in speech intelligibility since the speech corpus mostly contains energy at low 

frequencies.  

Table 1 – Loss functions used per DNN-HA model 

Loss function CS_vow CS_vow_cons CS_freq 

Low-frequency CFs emphasized   x 

Squared time-domain AN responses x  x 

AN response threshold x x  

RMS difference - processed and unprocessed signals  x  

2.3 HA Model Evaluation 

The three trained HA models were evaluated on their ability to compensate for the considered CS 

profile of HHI = 7, MHI = 0 and LHI = 0 ANFs. Post-mortem data from recent temporal-bone studies 

have shown that NH people have lost more than half of their AN innervations after the age of 50, 

therefore we chose this CS profile of severe AN fiber loss (24, 25). 

Pure tone stimuli and a battery of words in quiet were processed with the three trained DNN -HA 

models, to evaluate the auditory feature restoration capabilities of the ML algorithms using transfer 

functions and auditory model simulations. The DNN-HA processed stimuli were given to the HI 

CoNNear model with the considered CS profile, in order to compare the simulated AN responses of 

the NH CoNNear model to the responses of the HI CoNNear model, with and without applying the 

HA processing. This way, we could investigate the difference in responses between the NH and HI 

models, and see how the HA processing affects the output for the HI case, aiming to restore the AN 

responses to the NH level. In this work, we present the processing outcomes for several pure tones 

and the word ‘David’, extracted from the Flemish Matrix corpus (26). The three pure tones used as 

input to the DNN-HA models respectively had a frequency of 500Hz, 2kHz and 8kHz with a duration 

of 404.6ms and an initial silence of 5ms, and were presented at a level of 70 dB SPL relative to the 

reference pressure p0 = 2 ∙ 10−5Pa, with a sampling frequency of 20kHz. The word ‘David’ was also 

presented at 70 dB SPL, with a sampling frequency of 20kHz, and had a duration of 516ms. The DNN-

HA models require an input that is a multiple of 256 samples, hence zero-padding was applied at the 



 

 

end of the ‘David’ stimulus. 

In order to investigate the transfer-function characteristics of the three HA models, the magnitude 

spectra of the unprocessed and processed pure tones were visualized. For the word ‘David’ as input 

stimulus, we analyzed several outputs obtained from the simulated CoNNear AN responses . The first 

of the three presented outputs is the excitation pattern at the level of the basilar membrane, reflecting 

the root-mean-square (RMS) over time of the vibration of the BM per CF. The BM excitation patterns 

shows the vibration amplitude of the BM in function of the CFs along its length, in response to the 

full input stimulus ‘David’. The second presented output is the excitation pattern at the level of the 

AN, reflecting the RMS over time of the summed AN response, which is the sum of the simulated 

firing rates of the HSR, MSR and LSR ANFs, each weighted by their respective number of fibers 

present (for the HI CoNNear model: HHI = 7, MHI = 0 and LHI = 0; for the NH CoNNear model: HNH = 

13, MNH = 3 and LNH = 3), per CF. The third presented output is the wave-1 (W-1) response, which is 

the sum of the summed AN response across the different frequency channels (CFs), in time, calibrated 

by a factor in order to match experimentally recorded wave-1 amplitudes. 

3. RESULTS 

3.1 HA Processing Analysis 

We evaluated the auditory feature restoration capabilities of the three trained ML-based HA 

algorithms, using transfer functions and auditory model simulations as described in the Methods. We 

present the processing outcomes for several pure tones and a speech stimulus and investigate which 

auditory features the different HA processing algorithms focused on to compensate for CS.  

3.2 Processing of Pure Tones 

The magnitude spectra in Figure 2 show the difference in processing between the three HA models 

CS_vow, CS_vow_cons and CS_freq for pure tones of 500Hz, 2kHz and 8kHz, compared to the 

unprocessed pure tones that were given as input to the HA models . It can be seen from the plot of the 

500Hz pure tone that the processing by the CS_vow model largely enhances the low frequencies and 

adds energy to the high frequencies in response to a low-frequency stimulus. In the plots of the 2kHz 

and 8kHz pure tones, the blue curve corresponding to the processing by the CS_vow model is almost 

zero dB SPL or lower for all frequencies, this HA model hence suppresses high frequencies above the 

phase locking limit. In the plots of all three pure tones, it can be seen that the CS_vow_cons model 

adds energy to the high frequencies in the processing to minimize the AN response difference. For the 

pure tone inputs of both low and high frequencies, this HA model tries to restore the AN response by 

exciting the CF regions that were not excited by the stimulus before processing. Hence, in this 

unconstrained operation, the CS_vow_cons model adds more energy to the higher frequencies, which 

created audible high-frequency tonal components. This effect could be reduced by applying a 

frequency weighting to the loss functions, which was done in the model CS_freq. It can be seen from 

the plots that the CS_freq model enhances the low-frequency pure tone of 500Hz, compared to the 

unprocessed case, and also still enhances the high-frequency input tones of 2kHz but not of 8kHz (due 

to the frequency weighting). The CS_freq model does this without the addition of high-frequency 

components. This CS_freq model clearly excites the CF regions closer to the input stimulus 

frequencies, compared to the CS_vow and CS_vow_cons models.  

From these magnitude spectra, we can learn that the combination of loss functions used in the 

CS_vow model only enhanced the low-frequency pure tones, and failed to enhance the high-frequency 

tones. The CS_vow_cons and CS_freq models enhanced both low- and high-frequency content, but 

the lower frequencies in a lesser extent than in the CS_vow model. An additional frequency weighting 

applied to the loss functions in the CS_freq model avoided the HA model to add too much energy to 

the high frequencies in the aim to compensate for CS, by focusing the optimization more on the low-

frequency CFs. The CS_freq model shows a better energy distribution after processing, this HA model 

focuses on enhancing the frequencies more close to the input frequency in comparison with CS_vow 

and CS_vow_cons. 

3.3 Processing of a Speech Stimulus 

Figure 3 shows the excitation patterns to the input stimulus ‘David’ for the basilar membrane 

vibration, and Figure 4 shows the excitation pattern of the summed AN response. The different curves 

on the plots respectively show the simulated response of the NH CoNNear model, the impaired 



 

 

response of the HI model without processing the input stimulus, and the response of the HI model 

after processing the input stimulus by the three HA models, i.e. the HA-processed responses.  

 

Figure 2 – Magnitude spectra of unprocessed pure tones of 500Hz, 2kHz and 8kHz and their processed 

versions for the CS_vow, CS_vow_cons and CS_freq HA models 

 

As can be seen from the excitation patterns of the BM vibration in Figure 3, the curves of the NH 

and unprocessed HI excitation patterns overlap, since the used HI CoNNear model only included CS 

and no OHC loss. The BM vibration excitation patterns show that the CS_vow model processing 

amplified all frequencies compared to the unprocessed condition, while this amplification is less 

pronounced in the CS_vow_cons and CS_freq models. Similar to what we observed in the pure tone 

magnitude spectra, the CS_vow_cons model added more energy to the high frequencies (above 2kHz), 

while this effect was reduced in the CS_freq model.  

Figure 3 – Excitation patterns showing basilar membrane vibration to the input stimulus ‘David’ for the 

CS_vow, CS_vow_cons and CS_freq HA models 



 

 

The excitation patterns of the summed AN responses in Figure 4 already show a clear difference 

between the NH and HI responses to the unprocessed stimulus. The severe loss of ANFs in our chosen 

HI CoNNear model significantly decreased the AN responses compared to NH. The summed AN 

response shows that the CS_vow_cons and CS_freq models slightly increased the firing rate of the 

ANFs across all frequencies, compared to the unprocessed HI case. We observe again the addition of 

high-frequency firing in the CS_vow_cons model, creating audible high-frequency tonal components 

that degraded speech quality and intelligibility. In the CS_vow model, the firing rate is in general 

attenuated for frequencies below around 2kHz, but the higher frequencies are enhanced, compared to 

the unprocessed case. 

 

 

Figure 4 – Excitation patterns showing summed AN response to the input stimulus ‘David’ for the CS_vow, 

CS_vow_cons and CS_freq HA models 

 

From the plots in Figure 3, it can be observed that all HA models increased the BM vibration over 

all frequencies, compared to the NH case, but the excitation patterns at the level of the AN in Figure 

4 show that the enhancement obtained by the HA processing does not restore the summed AN response 

to the level of the NH condition at all. We can learn from these Figures that the combination of the 

loss functions used in the CS_vow model was not able to enhance the firing rate at the level of the 

AN for low frequencies (below around 2kHz). The CS_vow_cons and CS_freq models better enhanced 

the excitation at the level of the AN across all CFs, probably due to the restriction of the RMS of the 

processed output (CS_vow_cons) and the emphasis on the low-frequency content (CS_freq). The 

frequency weighting in the CS_freq model emphasizing the low frequencies had not much impact on 

the suppression of the enhancement of the AN firing at high frequencies, compared to CS_vow_cons.  

Figure 5 shows the time-domain waveform of the input stimulus ‘David’ and the wave-1 responses 

to this input stimulus for the three different HA models, compared to the NH and HI unprocessed 

responses. The occurrence of vowels and consonants is indicated in the plots.  From the plots in Figure 

5, it can be observed that CS_vow, CS_vow_cons and CS_freq all enhance the wave-1 response to the 

vowels ‘a’ and ‘i’, compared to the unprocessed HI response. The CS_vow model shows the largest 

enhancement of vowels, for the vowel ‘i' even to the level of NH, but this HA model shows no response 

to the consonants ‘d’ and ‘v’, the consonant response is even reduced compared to the HI unprocessed 

response. The CS_vow_cons model and CS_freq model both show vowel and consonant enhancement, 

but the wave-1 responses were not restored to the level of NH.  

From the plots in Figure 5, we can learn that simultaneous vowel and consonant enhancement could 

only be obtained when using the combinations of loss functions of the CS_vow_cons and CS_freq 

models. The algorithms generally sharpened the onset response to speech and improved the stimulus 

dynamic range. The onset response to both vowels and consonants was especially enhanced in the 

CS_freq model, by using a loss function of the squared time-domain response that emphasized the 

temporal contrast of the speech envelope modulation. 



 

 

4. CONCLUSION 

In line with findings of two other studies (12, 13) on ML-based end-to-end CS-compensating 

algorithms, of which this work is a further application, we showed that such HA algorithms can be 

designed through backpropagation in a fully automized way, without the need for prior assumptions 

on the signal processing. The constraints in the loss functions of the trained algorithms cause 

differences in restored auditory features to compensate for CS. Specifically, the used loss functions 

influence whether the HA algorithms focus on enhancing low and/or high frequencies, and vowels 

and/or consonants. Different combinations of loss functions were used to investigate which spe ech 

features were enhanced after processing. The CS_vow HA model, trained with a loss function of the 

squared time-domain responses and that minimized the AN response only above a specific threshold, 

was only able to enhance the low-frequency pure tones, and the AN response to vowels, not to 

consonants. The CS_vow_cons model, trained with a loss function on the RMS difference between 

the processed and unprocessed signal, and that minimized the AN response only above a specific 

threshold, was able to enhance both low- and high-frequency pure tones and AN responses to both 

vowels and consonants, but with addition of unwanted high-frequency tones that degraded sound 

quality. Enhancement of both low- and high-frequency pure tones as well as vowels and consonants 

was also obtained for the CS_freq model, trained with a loss function that emphasized the low-

frequency CFs and that had a loss function of the squared time-domain responses. The latter CS_freq 

model was the best performing HA model, its loss functions focused most on the low-frequency 

content, which is most present in the speech corpus, sharpened the onset of the AN response, and 

emphasized the temporal contrast of the speech envelope modulation, which is beneficial for speech 

intelligibility. Moreover, the emphasis of the lower frequencies in the CS_freq model reduced the 

addition of unwanted high frequency components, such that the sound quality was less degraded than 

in the CS_vow_cons model. However, none of the designed HA models was able to restore the AN 

response to speech close to the level of NH for the used HI CoNNear model with a severe loss of 

ANFs. The outcomes of this work suggest that an optimal compensation of such a severe loss of ANFs 

might not be possible using HA strategies, so the restoration of perceptual-relevant aspects can be a 

better solution. 

In future work, we will objectively assess the effect of these compensation algorithms on sound 

quality and speech intelligibility in clinical experiments (e.g. Flemish Matrix SRT task). From 

DPOAEs and RAM-EFRs measurements, we will first assess the patient’s CS profile and degree of 

OHC loss in order to create their individualized HI CoNNear model to use in the backpropagation 

loop for the design of their individualized DNN-based HA model. Before we can start creating these 

individualized HA models, we should first optimize the design of the loss functions of the DNN -HA 

models such that they can optimally compensate for different types of hearing loss. A complete 

restoration of the severe loss of ANFs that was presented in this work might not be possible, instead 

we can focus on restoring relevant auditory aspects as much as possible.  The CoNNear model can also 

be expanded with a brainstem processing module in order to more precisely individual ize the HI model 

and restore hearing loss.  
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Figure 5 – Time-domain waveform of input stimulus ‘David’ and the wave-1 responses before and after 

processing with the CS_vow, CS_vow_cons and CS_freq HA models  
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ABSTRACT 

As a vibrator needs to be pressed onto the osseous parts of the head, bone conduction is often accompanied 
by pain and esthetic problems. To solve these problems, a “distant presentation” that involves presenting 
vibrators to the neck, trunk, or upper limb was proposed. Our previous studies focused on the perceptual and 
propagation characteristics of distantly presented bone-conducted sounds in the ultrasonic range. However, 
only a few studies have been conducted in the audible-frequency range. In this study, to examine the basic 
properties of distantly presented bone-conduction perception in the audible-frequency range, hearing 
thresholds, difference limens for frequency, and temporal modulation transfer functions were measured with 
insulated air-conducted sounds. The results indicate that the distance attenuation is much larger than that in 
the ultrasonic range, and the degradation of frequency and temporal information occurring in the propagation 
process of bone-conducted sounds is sufficiently small for the transmission of sound information. 
 
Keywords: Bone conduction, Distant presentation, Audible-frequency range, Hearing thresholds, Frequency 
and temporal resolution 

1. INTRODUCTION 
Several studies have reported that high-frequency sound above 20 kHz can be perceived clearly 

via bone-conduction (BC). This audible ultrasound through BC is referred to as bone-conducted 
ultrasound (BCU) (1–3). Generally, BC sounds are presented to the osseous parts of the head. However, 
BC sounds can also be perceived even when presented to body parts distant from the head, such as 
the neck, trunk and upper limbs4). This “distant presentation” is expected to be applied to novel BC 
devices. 

Our previous studies focused on the perception and propagation characteristics of distantly-
presented BCU (4-6). On the other hand, although it is indispensable to investigate also in the audible-
frequency range to elucidate the essential mechanisms of distant presentation of BC, a limited number 
of studies have been conducted (7).  

In this study, to examine the basic perceptual characteristics of distantly-presented BC sound in 
the audible-frequency range, hearing thresholds, difference limens for frequency (DLFs), which 
reflect the frequency resolution, and temporal modulation transfer functions (TMTFs), which reflect 
the temporal resolution, were measured. 

All experiments were approved by the Institutional Review Board of the Life Science Research of 
Chiba University. Necessary information about the experiments was provided to the participants and 
informed consent was obtained from each participant before the experiments. 

2. METHODS 
Seven males (21-26 years) with normal hearing participated. BC stimuli were presented to the 

following body parts by a BC vibrator (Radioear B-81): (a) Mastoid, (b) Sternocleidomastoid, (c) 
Clavicle, (d) Acromion (only for the hearing threshold measurement) (Fig. 1). In all experiments, to 
evaluate only BC sounds, air-conducted (AC) sounds radiated from the vibrator were insulated 

ABS-0363



 

 

strongly by wearing urethan earplugs, silicone earplugs and an earmuff (except for the mastoid) 
together. All experiments were conducted in an anechoic room. 

2.1 Experiment Ⅰ: Measurement of hearing thresholds 

As the stimuli, 250, 500, 750, 1000, 2000, 3000, 4000 Hz tone bursts with a duration of 800 ms 
including 75 ms rising/falling ramps were used. Hearing thresholds were measured using a 1 up-2 
down three-alternative forced-choice (3AFC) adaptive procedure with a decision rule that estimated 
the 70.7% correct point on the psychometric function (8). 

2.2 Experiment Ⅱ: Measurement of DLFs  

As the stimuli, tone bursts with the center frequencies (CFs) of 250, 500, 750, 1000, 2000, 4000 
Hz including 30-ms rising/falling ramps were used (duration: 400 ms). DLFs were measured using a 
1 up-2 down 2AFC adaptive procedure. Stimulus output levels were set to 10-15 dB SL. In each trial, 
two tone bursts that were equally spaced in linear frequency on either side of the CF were presented, 
and participants were requested to respond to the stimulus with higher frequency. The deviation from 
the CF (Δf) was varied adaptively. 

2.3 Experiment Ⅲ: Measurement of TMTFs  

TMTF shows the threshold of sinusoidal amplitude-modulation (SAM) detection as a function of 
modulation frequency. The SAM detection threshold is determined systematically by measuring the 
detection of modulation depth. A double sideband amplitude modulation was applied to 1000-Hz and 
4000-Hz sinusoidal carriers. SAM stimuli are expressed as follows: 

𝑓 𝑡 1 𝑚 sin 2𝜋𝑓 𝑡 sin 2𝜋𝑓 𝑡 1  

Here, m is the modulation depth, and fm and fc are the modulation and carrier frequency, 
respectively. 

TMTFs were measured using a 1 up-2 down 3AFC adaptive procedure. Stimulus output levels were 
set to a level at which each participant could detect modulation sufficiently, based on 25 dB SL. In 
each trial, three BC stimuli (duration: 800 ms including 75 ms rising/falling ramps) were presented 
sequentially. One of the three stimuli was modulated, and the others were unmodulated. Participants 
were requested to respond to the modulation interval. The modulation depth in the target intervals was 
varied adaptively. 

3. RESULTS 

3.1 Experiment Ⅰ: Measurement of hearing thresholds 

Figure 2 shows relative thresholds when the threshold for the mastoid served as the reference. The 
hearing thresholds increased as the stimulus placements got further from the head. Additionally, in 
the distal parts, the relative thresholds increased as the stimulus frequency increased. 

3.2 Experiment Ⅱ: Measurement of DLFs  

Figure 3 shows DLFs in each stimulus placement. In the mastoid, the DLF was about 0.3% at all 
CFs, and no significant differences were observed between the mastoid and distal parts at 500-3000 
Hz. However, the DLF was increased at 250 and 4000 Hz in the clavicle. 

(a) Mastoid (b) Sternocleido 
mastoid 

(c) Clavicle (d) Acromion 

Figure 1 – Stimulus placements used in the experiments. 

Vibrator 



 

 

3.3 Experiment Ⅲ: Measurement of TMTFs  

Figure 4 (a) and (b) show modulation thresholds in each stimulus placement using the 1000-Hz 
and 4000-Hz sinusoidal carriers, respectively. In the case of the 1000-Hz carrier, no significant 
variations depending on increasing modulation frequency were observed in all stimulus placements. 
Additionally, no significant increases as the stimulus placements got further from the head were 
observed. In the case of 4000-Hz carrier, the modulation thresholds increased at a modulation 
frequency of 100 Hz or higher, however, no significant differences were observed among the stimulus 
placements. 

4. DISCUSSIONS 
In our previous study on the hearing threshold of distantly-presented BCU4), the increase in the 

hearing threshold from the mastoid was only about 5 dB in the sternocleidomastoid, 20 dB in the 
upper arm. On the other hand, in this study, the increase in the hearing threshold was about 20-40 dB 
in the sternocleidomastoid, 35-65 dB in the clavicle and acromion. These results indicated that 
distance attenuation is much larger in the audible-frequency range compared to the ultrasonic range. 

At the mastoid and sternocleidomastoid, the DLF was the same as that of AC sound at all CFs9). 
In addition, no significant differences in DLF were observed among stimulus placements at almost all 
CFs. These results indicated that degradation of frequency information occurred in the propagation 
process of BC sounds is sufficiently small. 

No significant differences of TMTF were observed among stimulus placements at all modulation 
frequencies regardless of the carrier frequencies. This result indicated that no degradation of temporal 
information of BC sounds occurred in the propagation process in the human body. 

 

Figure 2 - Relative threshold of the distantly-presented bone-conducted sound.  
The threshold for the mastoid in each participant served as the reference (0 dB). 

Figure 3 - Frequency difference limens (DLF) for each stimulus placement. 
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ABSTRACT 

Insomnia becomes a common disorder nowadays. Since pharmacological treatments for insomnia have the 

risk of an addiction, developments of nonpharmacological tools to improve sleep disturbance are needed. 

According to the brainwave-entrainment hypotheses, it is thought that acoustic stimuli with rhythms imitating 

brainwaves during sleep can improve sleep quality. However, former studies showed that the effects of 

acoustic stimuli with δ-rhythm were insufficient. In this study, we proposed a novel acoustic stimulus that 

stepwisely changes its tempo after sleep onset, from θ-tempo (4 Hz) to δ-tempo (0.8 Hz), and examined 

whether it shortens sleep latency and increases slow-wave sleep (SWS) duration. Sleep states of participants 

were examined by EEG in three stimulus conditions: (i) δ-tempo; (ii) changing tempos from θ to δ at 60 min 

after lights-out; (iii) no stimulus (control condition). Experiments were carried out in a soundproof room and 

started at 15:00. The stimulus began to be presented 1 min after lights-out and continued for 120 min. 

Apparent changes of brainwave oscillation were observed after onset or change of each stimuli, however, no 

significant improvements were observed in the sleep latency and the SWS duration even in the conditions i 

and ii. Time of the experiment may affect the results, however, further investigation is needed. 

 

Keywords: Acoustic stimulation, Sleep, EEG  

1. INTRODUCTION 

Sleep disorders, including insomnia, cause a reduction in quality of life, which is thought to be a 

problem around the world. People with sleep disorders have trouble falling asleep or getting restorable 

and comfortable sleep. Pharmacological treatment is the most effective way, however, it has the risk 

of a decrease in effects caused by long-term use and an addiction, so developments of 

nonpharmacological tools to improve sleep disturbance are needed. 

Listening to sedative music is thought to be one of the useful way to improve sleep. Actually, the 

positive effects of listening to music on subjective ratings of sleep have been reported by some 

researchers (1, 2, 3). On the other hand, in contrast to the subjective ratings of sleep, consistent effects 

on objective sleep quality measured by polysomnography have not been reported so far. Lazic and 

Ogilvie (4) did not observe significant effects of music listening in physiological indices. Similarly, 

Kuula et al. (5) did not find significantly positive effects of sedative music on sleep-quality indices; 

sleep onset latency (the time needed to fall asleep after lights-off) and duration of deep sleep. Unlike 

them, however, Chen et al. (6) reported that they observed positive effects of music on objective sleep 

parameters: listening to music after falling asleep enhanced the duration of deep sleep only in a group 

of participants with long sleep onset latencies. In Addition, Cordi et al. (7) showed that relaxing music 

during the nap shortened the first stage of sleep and enhanced the duration of deep sleep and delta  

band power of EEG in participants with low suggestibility. 

According to a literature reviewing compiling hypotheses about mechanisms of how acoustic 

stimulation such as music aids sleep, it is  possible that the rhythmic structure or tempo of an acoustic 

stimulus entrain the listener’s brainwaves (8). It is well known that the rhythm of brainwaves of 
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animals and humans during sleep changes stepwisely: as stages of sleep become deeper, the rhythm 

slows down like α (8-13 Hz, awake) – θ (4-8 Hz, stage 1 and early stage 2) – δ (0.5-4 Hz, late stage 2 

and stage 3 called slow-wave sleep: SWS). Hence, acoustic stimuli with tempos imitating brainwaves 

during sleep may affect the sleep state and induce deep sleep when stimuli have slow tempos.  

Although some researchers (4,8,9) examined effects of music with a slow tempo (< 4 Hz), none of 

them showed results which supported brainwave-entrainment hypotheses. However, music has a lot 

of acoustic features, for example, loudness, pitch, timbre, and so on. Besides, listener’s musical 

preference is also related to whether the listener can relax and sleep well with the music [10]. These 

factors make it difficult to identify the mechanism of the way music help people sleep, therefore, it is 

needed to exclude these factors except tempo from acoustic stimuli to examine the brainwave-

entrainment hypotheses. 

Ngo et al. (11) examined whether brainwaves can be induced by rhythmic pink noise bursts 

fluctuating at 0.8 Hz. They showed that the stimulation significantly increased and entrained 

endogenous slow oscillation of brainwaves but it delayed sleep onset latency. Schade et al. (12) 

assessed the ability of pink noise to elicit delta power and SWS. They reported that a pink noise 

fluctuating at 0.8 Hz enhanced low-frequency power, however this effects appeared even when sounds 

designed for disrupting sleep played. Considering these reports, a pink noise fluctuating at 0.8 Hz 

seems to be an effective way to improve sleep, but its effects are not sufficient and the limited number 

of the former studies have shown similar results.  

In this study, we proposed a novel acoustic stimulus that stepwisely changes its tempo after sleep 

onset as changes of endogenous brainwaves, from θ-tempo (4 Hz) to δ-tempo (0.8 Hz), and examined 

whether it shortened sleep onset latency and enhanced SWS.  

2. METHODS 

2.1 Participants, experimental design and procedures 

Participants were assigned and examined in three experimental conditions: (i) δ-tempo (4 males; 

mean age = 22.3 ± 0.415 years); (ii) θ to δ at 60 min after lights-out (at 15:00) (4 males and 2 females; 

mean age = 22.2 ± 0.344 years); (iii) no stimulation (control condition) (4 males and 1 female; mean 

age = 22.4 ± 0.245 years). In each condition, participants were asked to sleep in a soundproof room 

(see Figure 1). Previously, all participants were required to go to bed at 11:00 PM-0:00 AM and get 

up at 7:00 AM-8:00 AM since two days before the experiment. Additionally, participants were not 

allowed to ingest alcohol and caffeine and take a vigorous exercise on the experiment day.  

In the condition (i) and (ii), a pink noise burst was presented to the participants with a constant 

tempo of 0.8 Hz, stimulus onset asynchrony (SOA) of 1.25 s, which was equivalent to a frequency of 

brainwaves during SWS. In the condition (ii), a stimulus with a constant tempo of 4.0 Hz, which was 

equivalent to a frequency of brainwaves during an early stage of sleep, was also presented. Acoustic 

stimulus started 1 min after lights-out and continued for 120 min. 

 

 
 

Figure 1 – Sleeping in the soundproof room.  



 

 

2.2 Acoustic stimulation 

The acoustic stimuli were bursts of pink noise of 50-ms duration, with a 5-ms rising- and falling-

ramps. Sound intensity was adjusted not to disturb each participant’s sleep before the sleep session 

started using an attenuator (System 3, Tucker Davis Technologies). Stimuli were presented binaurally 

via insert earphones (E-A-RTONE 3A, 3M). 

2.3 Questionnaire 

After the sleep experiments, participants were asked to answer a simple questionnaire to confirm 

how they subjectively evaluated their sleep. The questionnaire consisted of following questions; [1] 

“Did you have a good sleep?”, [2] “Did you fall asleep early?”, [3] “Was there any factor to prevent 

you from sleeping?”. In the questions of [1] and [2], participants were required to answer in five-point 

scale; (a) Agree (score: +5), (b) Slightly agree (score: +4), (c) Neutral (score: +3), (d) Slightly disagree 

(score: +2), or (e) Disagree (score: +1). The questions of [3] was open-ended. 

2.4 Sleep recordings, scoring and EEG data analysis 

EEG during sleep were recorded from single channel (C4 in the int’l 10-20 system) referenced to 

the right ear-lobe (A2) using Ag-Cl electrodes and an EEG system (MEB-2312, Nihon Kohden). 

Impedance of each channel was kept less than 5 kΩ. Signals were first analog-filtered between 0.1 

and 50 Hz. All recordings were sampled at 400 Hz and stored in order to analyze offline. A horizontal 

EOG was measured for detecting rapid-eye-movement (REM) sleep and artefact during experiments.  

Offline scoring of sleep was done for 30-s epochs according to the standard criteria (13) by one of 

experimenter. Following parameters were used as indices for sleep quality; total sleep time (TST), 

sleep latency (SL), and the percentage of the duration of SWS in TST (%SWS). TST was defined as 

a sum of the duration of each sleep stage. SL was defined as the interval in which stage 1 occurred at 

first. 

EEG power analyses based on fast Fourier transformations (FFT) were performed with MATLAB. 

We applied a band-pass filter to EEG signal in range of 0.5-30 Hz. The data was segmented into 1600 

data point wide epochs (4 seconds) with an overlap of 160 data points and applied Hamming-window 

of 10%, then the FFT was calculated. We obtained the average power in each frequency band; delta 

(0.5-4 Hz), theta (4-8 Hz), and the total power (0.5-30 Hz). 

2.5 Statistical analysis 

Consecutive spectrum was segmented into epochs of 10 min and an effect of the stimulus condition 

on each index of sleep quality was analyzed by the one-way ANOVA in each segment using R software  

(14). A Bartlett-Test was conducted to check the homoscedasticity prior to the one-way ANOVA. After 

the one-way ANOVA, a Bonferroni’s multiple comparison test was applied. The level of significance 

was set to p = 0.05.  

3. RESULTS 

3.1 Sleep quality 

No significant differences were found in either TST (F[2, 12] = 0.719, p = 0.507) or %SWS (F[2, 

12] = 2.579, p = 0.117) among three conditions. We found a significant difference only in SL (F[2,12] 

= 7.493, p = 0.00773, see Table 1) between condition (i) (δ-tempo only) and condition (ii) (θ→δ-

tempo) (p = 0.00659) and between condition (i) and condition (iii) (control)  (p = 0.0401, see Figure 

2). Although there were no significant differences, %SWS in condition (ii) showed the highest 

percentage among three conditions. In contrast to the former report (11), stimuli with only δ tempo 

did not increase the amount of SWS.  

 

 

 

 

 

 

 

 



 

 

Table 1 – Sleep indices in three stimulation conditions. 

 
δ-tempo 

(n = 6) 

θ→δ-tempo 

(n = 6) 

Control 

(n = 5) 
Sum Sq Mean Sq F-value P value 

TST [min] 102 ± 3.09 110 ± 2.67 103 ± 8.23 201.2 100.6 0.719 0.507 

SL [min] 15.4 ± 1.50 5.58 ± 1.04 7.90 ± 2.53 238.6 119.32 7.493 0.00773 

%SWS 9.80 ± 3.21 23.8 ± 5.29 17.1 ± 3.70 476.2 238.12 2.579 0.117 

 

 
 

Figure 2 – Sleep indices in three stimulation conditions. 

3.2 Spectral analyses 

In order to verify effects of the tempo of acoustic stimuli on brainwaves during sleep, we compared 

power spectrum of brainwaves related to sleep between three conditions. The total power (0.5-30 Hz) 

did not differ significantly among conditions through 120 min sleep (see Figure 3). Also, the theta 

power (4-8 Hz) did not show significant differences except the last 10 min (δ versus control; p < 2e-

16, θ→δ versus control; p < 2e-16). The theta power in condition (i) was slightly higher than the 

power in condition (ii) in the first 60 min after lights-out although the difference was not significant  

(see Figure 4). 

 

 
 

Figure 3 –Time courses of the total power in each condition (Mean ± SD). 

 



 

 

 
 

Figure 4 – Time courses of the theta power in each condition (Mean ± SD). 

 

 
 

Figure 5 – Time courses of the delta power in each condition (Mean ± SD). 

 

The delta Power (0.5-4 Hz) significantly differ in some time segments, 20-30 min (δ versus control; 

p < 2e-16, θ→δ versus control; p < 2e-16) and 90-100 min (δ versus θ→δ; p < 2e-16, control versus 

θ→δ; p < 2e-16). Through the experiment time, the power of the delta wave in condition (ii) was 

higher than that in other conditions (see Figure 5). 

3.3 Questionnaire 

The Average scores of each question are shown in Figure 6. All participants filled out the 

questionnaire about their sleep. In the question [1], “Did you have a good sleep?”, most of the 

participants in each condition evaluated their sleep affirmatively. There was no difference of the 

average score among the conditions, however, the average score in condition (i) was the highest. In 

the question [2], “Did you fall asleep early?”, the majority of the participants in each condition agreed. 

Similar to the result of the question [1], the average score in condition (i) was the highest although 

there was no difference. In addition, in the question [3], “Were there any factors to prevent you from 

sleeping? Some answers saying “The mattress was not soft enough.”, “I got thirsty.”, or “The cables 

of electrodes were annoying.” were found. 

 



 

 

 
 

Figure 6 – The average scores for the questionnaire in each condition 

4. Discussion 

We proposed a novel acoustic stimulus that stepwisely changes its tempo after sleep onset as changes of 

endogenous brainwaves, and examined its effects on the sleep onset latency and the SWS. Our results showed 

there were some effects of the tempo of stimuli, however, no significant improvements of the sleep quality 

were observed. 

The stimuli with the only δ tempo (0.8 Hz) which former researchers used in their experiment (11) 

delayed SL compared to other conditions. This corresponds to the former report (11), however, the 

stimuli with only the only δ tempo did not increased the amount of SWS compared to the condition 

with no stimuli. It is difficult to conclude the effects of the stimulus with θ tempo, this inconsistency 

between the former report and ours may arise from the difference of the experiment time. Ngo et al. 

examined the effects of the pink noise with 0.8-Hz tempo on sleep at night (11:00 PM), whereas our 

experiments were conducted at daytime (3:00 PM). Melatonin, the one of sleep-promoting substances, 

increases at night based on circadian rhythm, so humans generally get sleepy at night. Therefore, it is 

possible that enough amounts of SWS did not appear in the daytime sleep among the group of 

participants in our study. Besides, it is said that the amount of SWS depends on the hours of advance 

wakefulness (15); the more one spends time staying awake before going to bed, the deeper one can 

sleep. Considering this, it is difficult to deny the possibility that the experiment time affected the 

results.  

The stimulus we proposed in this study, the tempo changes from θ (4 Hz) to δ (0.8 Hz), shortened 

SL and increased the amount of SWS compared to the control condition although the differences were 

not significant. In our expectation, SL would be shortened when brainwaves during sleep entrain the 

tempo of the stimulus, however, there was no significant increase in the θ power caused by the 

stimulus with the θ tempo. It is difficult to give an explanation to this result, it might be that the θ 

tempo is inappropriate for brainwaves to entrain. There has been no study examining the effects when 

the stimulus with the θ tempo were presented during sleep, therefore further studies are needed.  

By the open-ended questionnaire, some participants pointed that there were several defects in the 

experiment environment. Since most of the participants experienced the sleep in the soundproof room 

with EEG recordings for the first time, they became nervous during the experiment. We may need to 

familiarize the participants with environments of the experiment.  

5. CONCLUSIONS 

Based on the brainwave-entrainment hypotheses, we proposed a novel acoustic stimulus with 

changing the tempo from θ (4 Hz) to δ (0.8 Hz) and examined its effects on the daytime sleep. 

Although the stimulus shortened SL and increased the amount of SWS compared to the control 

condition, the θ power was not significantly increased by the stimulus with the θ tempo. In this study, 

it is difficult to conclude the effects of the stimulus with the θ tempo, therefore, it may be necessary 

that we conduct experiments using stimuli with the only θ tempo to examine its effects on sleep. In 

addition, review of the experiment conditions and further investigation are needed. 
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ABSTRACT

Despite technological advances, the main function of hearing aids remains sound
amplification. To avoid overamplification, hearing aids use wide dynamic range compression

(WDRC), which allows for controlling the amount of gain depending on the input sound
level. As a side effect of these non-linear modifications, WDRC introduces undesired
distortions, especially when applied to sound mixtures. In this study, we introduce an

alternative approach, in which individual sound objects are separated prior to compression.
Although the potential benefit of such processing has been discussed previously, perceptual
evidence has not been investigated to date. We created a virtual reality (VR)-based listening

experiment in which conventional, scene-based WDRC is compared with the proposed object-
based WDRC, via measures of speech intelligibility, listening effort, comfort, and preference.
Acoustic scene analysis is designed to capture the known detrimental effects of conventional

WDRC: level fluctuations of the target signal interrupted by a competing masker; lack of
adequate target gain; when the target signal is buried in noise; and decreased long-term signal-

to-noise ratio (SNR) due to amplification of low-level background noise. Preference ratings
and objective intelligibility scores indicated benefit and motivate further development of

object-based approaches.

Keywords: Hearing Correction, Wide Dynamic-Range Compression, Virtual Reality

1 INTRODUCTION
Hearing loss is one of the most prevalent chronic health conditions in older adults. The World 

Health Organization estimates that by 2050 at least 700 million people will require hearing 
rehabilitation (7). Apart from the obvious perceptual consequences, unaddressed hearing loss may 
negatively impact cognitive, social, and economical aspects of life at the individual level. Although 
a universal cure for hearing impairment does not yet exist, assistive listening devices have 
demonstrated reduction of negative consequences (2, 26). Hearing aids help by capturing sound in 
listener’s surroundings and delivering the amplified acoustic signal to their ears. 

1  joa.luberadzka@gmail.com



Hearing loss leads to reduced audibility of soft sounds, but it does not lower the sensitivity to loud 
sounds. On the contrary, reduced dynamic range of audible sounds increases susceptibility to changes in 
sound levels for people with hearing impairment (23). As a result, there are limits to the amount of 
amplification a hearing aid can provide while avoiding excessive amplification. 

Use of input-level-dependent amplification (gain) rather than a fixed gain for all sounds is one of the 
fundamental principles of modern hearing correction. Current hearing aids are typically equipped with 
dynamic range compression (WDRC), which automatically adjusts gain based on input signal level. More 
gain is applied to low intensity sounds to improve audibility, and no or less gain is applied to high sounds 
to prevent uncomfortable and painful presentation levels. 

When low or high intensity sounds appear in isolation, the appropriate amount of amplification can be 
provided with this approach. However, in many common acoustic environments, sound sources with 
different intensities are present at the same time. In such listening scenarios, WDRC acts on the 
superposed mixture signal captured by the microphone. This means that, most of the time, the function of 
the compressor is triggered by the loudest sound source present in the scene and the gain determined for 
this signal is applied to the whole mixture. 

There are several detrimental effects related to applying dynamic range compression to the sound 
mixtures, which have been previously discussed in the literature (4, 5, 14, 21, 25). The first effect, here 
referred to as the insufficient gain effect occurs when a signal of interest has a lower intensity than a 
masking signal. In this case, the masker triggers WDRC and the resulting gain is lower than the gain that 
would be triggered by the target signal in isolation (See Fig. 2.A.). As a result, the target signal is not 
provided with a sufficient gain. The second effect, here called the aggravated long-term signal-to-noise 
ratio (SNR) effect occurs in conditions with low-level background noise. When higher-level target signals 
are not active, amplification is adjusted based on soft noise signals (See Fig. 2.B.). Even though the signal 
of interest is not influenced directly, the level of irrelevant information in the pauses is magnified, which 
in the long term can make the listening situation more challenging. The third effect, here termed the 
fluctuating level effect occurs when a signal of interest is occasionally interrupted with a higher intensity 
masker. The loud masker triggers the compressor which decreases the gain for the time during and shortly 
after the masker’s activity. This causes fluctuations in the level of the target signal, which are especially 
perceivable for compressors with a long release-times as gain lags behind dynamic change of the envelope 
and cuts the onsets of lower-level target signals (See Fig. 2.C.).

The above discussed effects are caused because in conventional scene-based amplification the gain is 
determined jointly for all the sound sources in the mixture. Recent technological advances in the field of 
binaural source separation and spatial filtering (3, 8, 17) permit possibilities of alternative approaches in 
which the signals of individual sound objects are separated from the mixture prior to amplification (See 
Fig.1). The potential of these approaches in limiting detrimental effects of compression has been 
investigated previously. Corey and Singer (2017) showed that a multi-source compressor is less 
susceptible to noise and co-modulation effects than a conventional compressor. Despite encouraging 
results of the objective evaluations, the perceptual consequences of the object-based compression scheme 
have not been studied extensively so far. 

The validity of perceptual studies related to hearing aid benefit has been revisited in several recent 
studies (12, 15, 22). The literature suggests consensus regarding the importance of addressing the aspect of
ecological validity when designing listening experiments in the lab. Emerging virtual reality technologies 
are often mentioned as an approach to achieve a higher degree of realism in the lab (9, 11, 18). There are a 
few examples of studies adopting virtual reality in listening tests with hearing aids (10, 19, 20, 24). 

This study contributes to understanding the potential real-life benefits and limitations of object-based 
amplification schemes in hearing devices. The aim of our listening experiments was to quantify the benefit

Figure 1: Illustration of the difference between the conventional scene-based compression and the investigated
object-based compression. Figure inspired by (6). 



of object-based compression with respect to scene-based compression in a simulated virtual reality 
environment. We assumed a perfect source separation and compared compression strategies in two 
listening experiments performed by participants with hearing impairment. Both experiments were 
performed in virtual reality using headphones, a head-mounted display, and contained stimuli for which 
the levels were chosen to reflect the three detrimental effects of the scene-based method detailed above. 
We measured objective intelligibility scores and subjective ratings of intelligibility, listening effort, 
willingness to listen and preference.  

2 METHODS

2.1 Experiment A

Procedure:
The first experiment was designed to measure objective intelligibility scores in an acoustically 

controlled audio-visual scene using a balanced speech corpus. The procedure consisted of a training block 
followed by the experimental blocks. Each block consisted of 5 sentences from the Connected Speech Test 
(CST) corpus. The CST test is used to measure intelligibility of everyday speech and is intended primarily for 
quantifying hearing aid benefit (27). The test consists of 48 lists of connected sentences, each passage concerning 
a familiar topic. Sentences in each list become gradually specific. 

The task of the participant is to repeat each sentence. At the end of the block, there was a questionnaire 
comprised of 3 questions: 1. How many words do you feel you recognized correctly?, 2. Approximately how long 
would you be willing to sustain listening in this scenario? 3. How much effort did you have to use to understand 
the sentences? Each question had 5 possible ordered responses (See Fig. 3.A.). 

Intelligibility scores and self-reported ratings were collected in the following combinations of conditions: 2 
WDRC strategies: object-based, scene-based, 2 interferer types: diffuse cafeteria background noise, competing 
talker, 2 different SNRs: -5dB SNR, +10 dB SNR, and 2 visual representations of the target talker: with lip-
reading cues (video of a person), and without lip-reading cues (oval) (see Fig.3.B.) . In total there were 16 
experimental conditions. 

Conditions were randomized for each participant. We chose CST passages with average difficulty as 
determined in a preliminary experiment. Sentences were randomized across experimental conditions. Total test 
time was 15-20 minutes per participant. 

Hypotheses:
The combinations of SNR and interferers were designed to reflect the 3 detrimental effects of the WDRC 

applied to the mixture (See Fig. 3.C.). Competing talker at poor SNR represented the  fluctuating level effect, in 
which the interferer triggers compression an causes distortion in the lower-level target signal.  In this 
condition we expected the object-based compression to provide benefit. Competing talker at good SNR 
represents the  fluctuating level effect, however here the situation is flipped: the target signal triggers the 
compression and causes distortions in the interferer. In this condition we expected the object-based WDRC
to lead to the same or worse results as the scene-based compression. Diffuse interferer  at poor SNR 
represents the  insufficient gain effect. We expected object-based WDRC to provide benefit as it applied 
more gain to the target signal than the scene-based WDRC.  Diffuse interferer  at good SNR represented the 
aggravated long-term SNR effect. We expected object-based compression to provide benefit as it did not 
amplify background noise in speech pauses. We additionally expected that the visual condition without lip-
reading cues would demonstrate benefit of object-based compression.

Figure 2: Schematic representation of three detrimental effects that
might occur when applying WDRC to sound mixtures.



2.2

Experiment B

Procedure:
The second experiment was designed to capture the preference of the participants in a less acoustically 

controlled audio-visual scene with recorded natural conversations. The procedure consisted of a training 
scene, followed by 3 test scenes with simultaneous conversations. In each scene, participants were 
instructed to follow one conversation. Their task was to switch between two signal processing options (A 
and B) while following the conversation and when ready, submit their preference using a slider (See Fig. 
4.A.). The slider offered discrete responses on a Likert scale.  There were 3 test scenes, which differed in 
the arrangement of the target versus masker conversations: Target Right Soft, Target Front Soft, Target 
Front Loud (See Fig. 4.B.). After each scene there was a control multiple-choice question about the topic 
of the followed conversation. The level ratio between target and masker conversation was varied by 
placing them in different spatial locations of the scene.  Each scene contained looped speech material of 
approximately 1-2 minutes in duration. A low-level cafeteria background noise was present in all scenes. 

Hypotheses: 
The scenes were designed to reflect the 3 detrimental effects of the WDRC applied to the mixture (See Fig. 

4.C.). However, in contrast to Experiment A, in Experiment B we did not create a separate condition to reflect 
each effect. We were rather interested in measuring a cumulative influence of all potential effects on participants’ 
preferences. In general, the Target Right Front scene and the Target Front Soft scene reflected a condition 
with a competing interferer at poor SNR, in which the fluctuating level effect is likely to occur, thus we 
expected preference for object-based WDRC. At times when the louder interfering conversation was very 

Figure 3: Experiment A: Speech intelligibility and subjective ratings with CST speech corpus.

Figure 4: Experiment B: Preference rating with natural conversations.



busy, we could have observed the insufficient gain effect in the scene-based WDRC, which could shift 
participants’ preferences towards object-based WDRC. The Target Front Loud scenes reflects the condition
with a competing interferer at good SNR, in which we expected the preference for the scene-based WDRC.
All scenes contained low-level background noise responsible for the aggravated long-term SNR effect, 
which could shift preferences in favor of object-based WDRC. 

2.3 Participants and WDRC presets 

The amount of amplification in the WDRC had to be matched with the degree of hearing loss. To achieve 
this, we created 4 gain presets: N0, N1, N2, and N3. They were based on 4 standard audiograms (1) and 
the gain characteristics in each category were computed with the NAL-N2 procedure (16). A total of 27 
participants with varying degrees of symmetrical hearing impairment were invited to take part in the study.
participants were recruited using an online questionnaire. An audiogram was measured for each participant
the day before the experiment. Based on the average hearing threshold from 1, 2, and 4 kHz, each 
participant was assigned to one gain preset group (<18=N0,18-28=N1,29-40=N2,41-60=N3). There were 2
participants in the N0 group, 15 participants in the N1 group, 3 participants in the N2 group, and 7 
participants in the N3 group. In all groups, attack time was set to 10 ms and release time to 200 ms. 
Participants who used hearing aids were asked to remove them prior to the experiment. 

2.4 Setup and equipment

Both experiments were performed using the Oculus Quest Headset connected with the Bayerdynamic 
DT 770 Pro Headphones. The audiovisual restaurant scene was created using Unity game engine. We used 
the Unity Experiment Framework open source package for data logging and control of the experimental 
procedure. For acoustic simulations we used the Oculus Spatializer Plugin for Unity, which implements 
head-movement dependent distance attenuation and HRTF-based spatialization. Room acoustics modeling 
was not included in the simulations. The recorded cafeteria noise was added in a first order ambisonics B-
format. The two WDRC methods were implemented by importing the same C++-based DSP plugin at 
different sound processing stages of the Unity scene (See Fig. 5). For object-based WDRC, the plugin was 
applied at the level of the source, before spatialization; for scene-based WDRC, the plugin was applied at 
the level of the listener, after the mixing of the spatialized signals.  Compression parameters were identical
for both ears.

In Experiment A the playback system was calibrated using the KEMAR head and torso simulator. We 
determined the digital level of speech-shaped noise played back with the Quest 2 playback system at 
maximum volume which corresponds to 70 dB SPL headphone output. Speech-shaped noise was generated
using the CST speech corpus and the physical level was computed by comparing the measured output with 
the 1 kHz Bruel&Kjar calibrator. The target level was kept constant and the level of the competing talker 
and diffuse noise maskers were varied to achieve the required SNR at the virtual listener. 

In Experiment B the digital levels were adjusted manually at the maximum system volume to achieve 
naturally sounding scenes. 

Figure 5: Setup (Oculus Quest 2 + headphones) and signal
processing flow in Unity for object- and scene-based WDRC.



3 RESULTS

3.1 Experiment A
Scoring was conducted by counting the number of correctly identified words out of the total possible 

target words per sentence. Since words can only be correct or incorrect and the scoring is count-based, a 
binomial model was appropriate for analyzing the resulting data. The results of experiment A were 
analyzed using a hierarchical binomial model, which estimates the probability of correct word 
identification, under a Bayesian framework. Self-report ratings were collected with a 5-point ordinal 
response scale, so outcome data were best considered and modeled as ordered categorical (ordinal) 
responses. For these data, we constructed a hierarchical ordinal multiple regression model under a 
Bayesian framework. 

Figure 6 presents the results for two interferer types at two SNRs for the WDRC conditions. We 
observed the expected tendency demonstrating benefit of object-based WDRC for most gain preset groups 
under competing talker and poor SNR conditions. However, significant performance differences were only 
observed for the N2 group without lip-reading cues. Object-based WDRC provided more benefit when no 
lip-reading cues available. There were no significant performance differences between object- and scene-
based WDRC under competing talker and positive SNR conditions; most of the predicted responses were 
close to 100 %, which suggests participants encountered ceiling effects caused by insufficient difficulty in 
the speech stimuli at +10 dB SNR. Object-based WDRC tended toward to higher intelligibility for the N3 
group, which conflicts with our initial hypothesis for this condition. 

Our expectations were confirmed in the diffuse noise condition at poor SNR. We observed a significant 
benefit of object-based WDRC in 3 participant groups (N0, N2, N3). Although the tendency is visible for 
all groups, the results for the largest group of listeners (N1) were not considered significant. 

Results for the diffuse interferer at high SNR were influenced by ceiling effects. The task in this 
condition may have been too easy to measure differences between WDRC strategies. Additionally, 
tendencies confirming the influence of SNR, and greater difficulty for the competing talker, and greater 
difficulty without lip-reading cues was observed. In contrast to the objective intelligibility scores, no clear 
tendencies confirming the advantage of object-based WDRC was observed in self-reported ratings. 

3.2 Experiment B
Preference ratings in Experiment B were collected with a 5-point Likert response scale. A hierarchical 

ordinal multiple regression model under a Bayesian framework was used. The upper panel of Figure 7 
plots raw counts of responses together with the predicted response counts from the model. The lower panel

Figure 6: Results of intelligibility scoring in Experiment A. Points represent 
median probability of correct word recognition and error bars represent the 
89% highest density credible interval surrounding the median values. 
Statistically significant differences between Scene and Object are marked with 
asterisks. Symbol of lips represents conditions with video of a person in which 
lip reading was possible. 



of Figure 7 plots aggregated responses, computed as a weighted sum of individual response probabilities, 
which can be interpreted as a measure of central tendency (similar to mean scores).

Object-based WDRC was slightly preferred by participants in the N1 and N2 groups. Participants in 
these groups preferred object-based WDRC in all scenes, but particularly in scenes where the interfering 
conversation was louder than the target conversation. 

Figure 7: Results of preference rating in Experiment B. Upper
panel plots counts of responses together with the predicted

response counts from the model. Bars represent the observed
quantity of each response category as a function of Scene. Points
depict the median posterior predicted count and error bars depict
the 89% highest density credible interval surrounding the median
predicted counts. Lower panel plots aggregate ratings for each

scene, which can be interpreted as mean scores. Points represent
the median rating, error bars depict the 89% highest density

credible interval.



DISCUSSION

The goal of the experiments presented in this study was to quantify the potential benefit of object-based 
WDRC. Objective scores in Experiment A showed promising results in favor of object-based WDRC. 
Results indicated that object-based WDRC improved speech intelligibility, especially in poor SNR, diffuse
noise, and when visual cues were not present. Subjective ratings in Experiment B confirmed this 
advantage. In the Experiment B paradigm with a more realistic sound material and without lip-reading 
cues N1 and N2 participants tended to prefer object-based WDRC, especially in poor SNR. Conversely, 
subjective ratings in Experiment A did not align intelligibility scores. Participants reported no changes in 
intelligibility, listening effort, or willingness to listen. It is possible that the ratings failed to capture the 
differences between the methods because listeners rated the sound material after each block of 5 sentences 
independently. No direct comparisons between methods were made and participants may have changed 
their rating criteria throughout the experiment, depending on the topic of the list, for example. The 
advantage of object-based WDRC was not demonstrated in preference ratings in the N3 group. A larger 
effect was expected in this group because amplification had the strongest effect on the signal (this group 
had the most gain). The preference task required participants to simultaneously follow the conversation, 
switch between the signal processing strategies, and rate the sound material. Several participants found 
this task confusing. An additional aspect was the confusion of the spatial location of the sound sources 
with the spatial location of A/B switches in the user inferface. Another possible explanation is that N3 
group participants found following the target conversation too difficult with either WDRC scheme, so they
had no preference. 

Our paradigm had several limitations. An important factor in the study design is the choice of the gain 
presets. Although gain presets were computed based on audiograms representing the most common hearing
loss types, no personalization in the gain/frequency responses was used in these experiments. The degree 
to which individuals’ hearing impairments were matched with the prescribed gain preset likely varied 
between participants bringing an additional source of variability in the data. Another limitation lies in the 
gain calculation methods between schemes. Object-based WDRC is computed based on the level of the 
signal at the source whereas in the gain of scene-based WDRC is computed based on the signal level at the
listener. This could lead to lower gains applied in the object-based method and hence, an overall better 
audibility in the scene-based method. In this study we assumed perfect source separation prior to 
compression. In real-world scenarios the quality of source separation would certainly influence benefit 
from the object-based WDRC. Each source separation method may introduce specific artifacts, which 
could interact with non-linear amplification and should be investigated in further research.

Despite advances in technology and medicine, sound amplification remains the main strategy to address 
hearing loss. Limitations of conventional scene-based processing are likely one of the reasons why people 
with hearing difficulties leave their hearing aids at home. Although object-based amplification alone does 
not solve the dilemma of only amplifying desired sounds, the data presented in this work suggest that it 
can still provide benefit. While the results in diffuse noise reflect benefit from denoising (or the lack of 
noise amplification) and can be understood as a demonstration of the commonly known disadvantages of 
the scene-based processing, the results in competing talker conditions demonstrate benefit from object-
based processing. Listening experience can potentially be improved by applying amplification separately 
to each source through object-based processing without knowledge of the desired source (intended 
speaker). These results can motivate development of object-based approaches prior to solving the complex 
desired-source detection problem.
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ABSTRACT 

This paper presents a six-month exploratory case study on the evaluation of three Haptic Music Players 

(HMPs) with four pre-verbal children with Profound and Multiple Learning Disabilities (PMLD). The 

evaluated HMPs were 1) a commercially available haptic pillow, 2) a haptic device embedded in a modified 

plush-toy backpack, and 3) a custom-built plush toy with a built-in speaker and tactile shaker. We evaluated 

the HMPs through qualitative interviews with a teacher who served as a proxy for the preverbal children 

participating in the study; the teacher augmented the students’ communication by reporting observations from 

each test session. The interviews explored functionality, accessibility, versus user experience aspects of 

respective HMP and revealed significant differences between devices. Our findings highlighted the influence 

of physical affordances provided by the HMP designs and the importance of a playful design in this context. 

Results suggested that sufficient time should be allocated to HMP familiarization prior to any evaluation 

procedure, since experiencing musical haptics through objects is a novel experience that might require some 

time to get used to. We discuss design considerations for Haptic Music Players and provide suggestions for 

future developments of multimodal systems dedicated to enhancing music listening in special education 

settings. 

 

Keywords: tactile sound, haptics, accessibility 

1. INTRODUCTION 

Listening to music is a multisensory experience; musical experiences involve both perceiving 

airborne acoustic waves and vibratory cues conveyed through air and solid media  (1). Musical Haptics 

is an emerging interdisciplinary field that focuses on investigating such experiences of touch and 

proprioception in music scenarios (1). Playing a musical instrument requires a complex set of skills 

that depend on the brain’s ability to integrate information from multiple senses (2). Acoustic 

instruments intrinsically provide vibratory feedback during sound production and these vibrations are 

utilized for self-monitoring in acoustic performance, see e.g. (3). The haptic sense has been shown to 

play an important role in musical interactions with acoustic instruments such as the piano (4–6), the 

violin (7,8), and percussion (9). Research has also suggested that vibrations play a significant role in 

the perception in music; amplifying certain vibrations in a concert venue or music production system 

can improve the musical experience overall (10,11).  

The current study focuses on Haptic Music Players (HMPs), i.e., devices that can process an audio 

signal to extract musical information and translate the information into a vibratory signal. HMPs can 

be considered sensory substitution systems, i.e., systems that translate sensory information that is 

normally available via one sense to another (12), in this case from hearing to touch. HMPs allow for 

enhancement of music listening experiences through simultaneous playback of haptic feedback; haptic 

signals passed through a HMP system are put in contact with a users’ skin and body to enrich music 
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activities. A review of Haptic Music Player technology was recently published in (13). Examples of 

HMPs include fixed setups or installations such as haptic chairs (14) and platforms (15); wearable 

systems covering skin surface such as bracelets (16), gloves (17), belts (18), or whole-body suits (19); 

systems intended to be held in the hands (20); and more complex setups combining several of above 

mentioned mechanisms (21). Examples of commercially available HMPs include the Ultrasonic Audio 

Syntac4 , the SubPac5  and the Soundbox and MiniBox from Soundbeam6 . In the review of HMPs 

published in (13), the authors describe four main components that are necessary to provide vibrotactile 

rendering of musical elements in HMPs: audio signaling processing software, a digital to analog 

converter (DAC), amplifier(s), and actuator(s). Crossmodal mapping techniques, which involve  

identifying sound descriptors to be mapped to properties of vibrotactile feedback (22), can be used to 

translate elements of music into coherent haptic signals. Knowledge about the psychophysical 

similarities and differences of the auditory and tactile modality can help developing perceptually 

optimized algorithms for such music-related vibration generation (11). Examples of methods used for 

a haptic chair described in (11) were low-pass filtering, reduction to fundamental frequency, octave 

shifting, substitution of signals, and compression of dynamic range of an audio source. Results from 

an experiment revealed a general connection between vibrations and the perceived quality of the music 

reproduction, but that it might not be necessary to code all available auditory information into the 

tactile channel to improve the perceived quality of music.   

In this paper we present a six-month study exploring different types of Haptic Music Players 

(HMPs) for pre-verbal children with Profound and Multiple Learning Disabilities (PMLD). Pre-verbal 

children do not yet have verbal communication skills. The term PMLD is commonly used to describe 

a person with severe learning disabilities who most likely has other complex disabilities and health 

conditions, although there is no single universally agreed definition of the term (23). Children with 

PMLD may express themselves through several different communication methods depending on what 

is most efficient for them at the time. Examples include bodily gestures, nonverbal sounds, pointing, 

and facial expressions. Previous research focused on the role of music for children with PMLD has 

emphasized the importance of music education (24) and musical play (25). A study exploring the role 

of music within the home-lives of young people with PMLD through parental perspectives was 

presented in (26). Findings outlined the positive role of music in contexts where music was used for 

enjoyment, to support mood-regulation, and to add structure to the lives of the children. As pointed 

out in (1), musical haptics could potentially facilitate access to music for persons affected by 

somatosensory, visual, and hearing impairments. The potential of multisensory experiences to enrich 

the lives of people with profound and multiple disabilities has been stressed (27). However, few 

studies have yet explored the role of haptic feedback for people with multiple disabilities, especially 

in the context of music (see e.g. 28,29).  

The goal of the work presented in this paper was to allow for rich multisensory experiences and 

multiple modes of interaction for users with various abilities and needs, as suggested in (30). The 

work is part of a larger research project  aimed to improve access to music-making through the 

development of novel accessible multimodal music interfaces, see (31). As suggested in (32), design 

of technology should make sure that users have control of, and not only are passive recipients of, 

developed technology. The disability rights movement motto "Nothing about us without us" (33) 

highlights that people with disabilities know what is best for them and their communities. In our 

research we have tried to include the children as informants in the design process using user-centered 

(34) and participatory (35) methods. Participatory development processes should enhance the voice 

of the participants, considering their ideas, desires, and needs (36). Existing co-design methods may 

need to be adapted to fully incorporate users with disability into user-centered design processes (37). 

Such adaptations are particularly important when including children with PMLD in design and 

evaluation processes since the communication between designers and the users can be affected. 

Alternative methods for augmented communication, such as PODD (Pragmatic Organisation 

Dynamic Display7), a way of organizing word and symbol vocabulary in a communication book to 

support understanding (38), can be used to support design and evaluation processes with children with 

PMLD. In the study described in this paper, we used Participatory Design with Proxies (PDwP) (39) 

 
4 https://ultrasonic-audio.com/products/syntact-touch-the-sound/  
5 https://subpac.com/  
6 https://www.soundbeam.co.uk/vibroacoustics  
7 https://novitatech.com.au/podd-communication-books/  
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to enable inclusion of input from the pre-verbal students in the evaluation process. Since the students 

participating in the study are pre-verbal, we could not ask them directly about their haptic experiences. 

To get an understanding of how the HMPs were perceived, the responsible teacher and the teaching 

assistants at the school communicated directly with the students using alternative methods for 

augmented communication, such as PODD picture cards. In this way, the teachers acted as proxies, 

augmenting the direct input from the students taking part in the study.  

In the following sections we describe a case study exploring how music can be presented not only 

in an audible form, but also as haptic sensations, through three different Haptic Music Players used 

in a special education setting. This paper contributes to the field of Musical Haptics by exploring how 

HMPs could be designed to be accessible to a group of pre-verbal children with multifunctional 

physical and intellectual challenges. To our knowledge, little prior work has explored design 

considerations for HMPs for pre-verbal children in special education settings.  

2. METHODS 

This paper describes a long-term collaboration with a teacher and a student group at the school 

Dibber Rullen8. Dibber Rullen is a special education school for students with intellectual challenges 

and multifunctional physical challenges. The study was carried out during the COVID-19 pandemic. 

This greatly affected the choice of methods, as well as the extent to which we could interact with the 

student group. Social-distancing measures were required to ensure the safety of the children, since 

they are a risk group. Since we could not meet the students physically, we adapted our methods to a 

distributed participatory design setting (40) in which the design team members were physically 

dispersed, and the HMPs were tested with the help from a teacher and teaching assistants at the school, 

in the wild (41). All research described in this paper was carried out as activities within the school’s 

standard curriculum. 

2.1 Aim  

The purpose of this case study was to explore design considerations of Haptic Music Players for a 

group of children with PMLD. More specifically, the aim of the study was to allow for exploration of 

musical haptics using customized devices that could be tested by the students in a safe and familiar 

environment, without leaving the educational setting at the school9.   

2.2 User Group 

We collaborated with a student group consisting of four children (2F, 2M, age 9-15). The students 

are mostly pre-verbal, have multifunctional physical challenges, varying motor skills, use wheelchairs, 

and have moderate to severe intellectual challenges. A questionnaire was initially sent to the students’ 

parents to get a better understanding of the children’s challenges and musical background 10 . The 

parents of S1 (Student 1) reported that she is hard of hearing, has a visual impairment, a chromosome 

aberration, reduced mobility, a physical disability, and hypermobility in the joints. The parents of S2 

reported that she has a visual impairment and that she can lift her arms and grab objects. It is unclear 

if she has a hearing impairment. The parents of S3 described that they didn’t know if S3 is hard of 

hearing and has a visual impairment. He cannot walk but he can jump when sitting. The parents of S4 

reported no hearing loss or visual impairment for S4. None of the parents reported that their child 

could play a musical instrument or sing. Only one of the students (S3) had tested electronic music-

making tools or music technology. When asked to rate the level of musical interest (where 0 

corresponded to strongly disagreeing, and 10 corresponded to strongly agreeing that the child was 

interested in music), the parents of S1 and S2 reported a level 4 interest, S3 a level 10, and S4 a level 

8. Based on the questionnaire results we concluded that the students had very diverse taste in music 

overall, spanning across many different music genres.  

2.3 Design Process  

To inform the design of the HMPs and define a set of design constraints, we first organized a 

meeting with the teacher who worked with music and dance classes at the school. In this in-person 

 
8 https://dibber.se/skola/rullens-sarskola/  
9 Because of the COVID-19 pandemic, the students could not visit any external multisensory rooms/music 

installations.  
10 The questionnaire is available as supplementary material: https://doi.org/10.5281/zenodo.6977775  
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meeting, we demonstrated the use of two haptic devices, the HUMU Augmented Audio Cushion11 (see 

Figure 1) and the Woojer Strap Edge12 (see Figure 2). The teacher got the chance to test the devices 

on different body parts (the Woojer Strap Edge is intended to be worn on the hips, chest, or cross-

body). We played different music examples through the devices and discussed appropriateness of the 

tools for the specific user group. In particular, we focused on how the HMPs should be designed to 

best take the physical challenges of the students into account, and which modes of interaction (i.e., 

bodily locations) that might work well for them. The discussion was recorded and manually 

transcribed by author 1. Both authors analyzed the transcription, summarizing the findings into a set 

of design constraints, presented in Section 3.1.1. Conclusions from this analysis guided the design of 

two Haptic Music Players (HMP 2 and 3, see Section 3.1.3 versus 3.1.4 for detailed descriptions 

respective device). We concluded that the HUMU Augmented Audio Cushion (from this point referred 

to as HMP 1, see Section 3.1.2) could be used without any modification, since it to already fulfilled 

the defined design constraints. To summarise, the three final HMPs used in the study were HMP 1, 

the HUMU pillow; HMP 2, a haptic device embedded in a modified plush-toy backpack; and HMP 3: 

a custom-built plush toy with a built-in speaker and tactile shaker. The construction of HMP 3 took 

longest time since it was built completely from scratch. Once the HMPs were ready, we confirmed 

with the teacher that the visual appearance of the devices would work well for the students (i.e., that 

they would not scare the children). This was followed by the evaluation sessions discussed in Section 

2.4. The evaluation sessions prompted a re-design of HMP 2. This HMP was thus tested in two 

different iterations. The teacher provided valuable suggestions regarding how HMP 2 could be 

improved in a follow-up meeting held after the first evaluation session. 

2.4 Evaluation  

Since we could not attend the HMP test sessions with the students in person, we asked the teacher 

to film the interactions taking place at the school. The teacher had six months to test out the HMPs 

with the students. Each HMP was tested a minimum of two times. Apart from the responsible teacher, 

teaching assistants were also present during the test sessions. To support the teacher and teaching 

assistants in their use of the HMPs, we provided instruction manuals with links to instructional videos 

for all devices. The responsible teacher decided which music that would be used during the evaluation 

sessions. To be sure that music with low frequency content was also tested, we provided a sound 

example with a broad frequency range13. The PODD tool was used to communicate with the students 

during the evaluation sessions. The teacher and teaching assistants used PODD to ask 1) if/what the 

students liked versus disliked about respective device, and 2) with which body they wanted to feel 

vibrations. The students had previously practiced using PODD picture cards focused on descriptions 

of musical haptics and haptic sensations in different body parts, within the scope of the larger study 

described in (42). When possible, the responsible teacher filmed the interactions taking place during 

the evaluation sessions using a mobile phone, and annotated observations. The authors watched these 

videos, taking notes of the interactions taking place, as well as the PODD discussions.  

We carried out three semi-structured interviews with the responsible teacher to discuss what was 

observed during the evaluation sessions, using a video conferencing tool. The interviews started with 

general questions focusing on: the music used when testing; how many times the HMPs were used 

and the time spent exploring respective HMP; which HMP that worked best/worst, i.e. which HMP 

that was most/least preferred by the students; if the vibrations provided by the HMPs enhanced hearing 

(and if so, how); and the balance between the sounds that you could hear versus feel. This was 

followed by questions focusing on three different themes: functionality, accessibility, and user 

experience, broadly inspired by evaluation methods used in Human Computer Interaction (43,44) and 

Digital Musical Instrument research (45,46). The functionality theme focused on how well versus not 

well the HMPs worked, overall. This involved, for example, performance in terms of audio quality, 

reliability, durability, and if certain functions were lacking. The accessibility theme focused on 

achieving an identified goal in the identified context of use.  More specifically, accessibility in this 

context was conceptualized as usability for a population with the widest range of user needs, 

characteristics, and capabilities, see ISO 9241-171:200814, which fits within the universal design or 

 
11 https://humu.fi/  
12 https://www.woojer.com/products/strap  
13 This sound file is available as supplementary material: https://doi.org/10.5281/zenodo.6977775  
14 https://www.iso.org/standard/39080.html  

https://humu.fi/
https://www.woojer.com/products/strap
https://doi.org/10.5281/zenodo.6977775
https://www.iso.org/standard/39080.html


 

 

design for all15 philosophies. This category focused on questions based on the seven design principles 

of universal design (47), i.e. equitable use, flexibility in use (e.g., the preferred bodily locations used 

for the three HMPs), simple and intuitive use, perceptible information (e.g., if the HMPs 

communicated musical information effectively, regardless of the sensory abilities of respective 

student), tolerance for error, low physical effort (if the use of the HMPs resulted in fatigue), and size 

and space for approach and use. Finally, the user experience theme focused on the overall experience 

of interacting with the HMPs and the emotional reactions of the students. For this category, questions 

were based on the User Experience Questionnaire16, focusing on concepts such as attractiveness (if 

the students liked the look and feel of the HMPs), perspicuity (if it was easy to get familiar with the 

HMPs and learn how to use them), efficiency (if the HMPs could be used in an efficient and pragmatic 

way), dependability (if the behaviors of the HMPs met the students expectations and if the students 

appeared to feel safe when using the HMPs), stimulation (if it was fun and motivating to use the HMPs, 

and if any emotions could be identified among the students), and novelty (if the HMPs caught the 

interest of the students and if they were creatively designed).  

Two of the interviews were done when the HMPs had been tested for three months. The third 

interview was carried out after six months, when the teacher had had time to try out a new iteration 

of HMP 2. Mean interview duration was 50 minutes (min 33 min, max 79 min). All interviews were 

manually transcribed by author 1. Transcriptions were analyzed using content analysis (48) to identify 

different types of reactions to the HMPs across sessions. Themes were included if more than seven 

instances (quotes) were identified for a specific theme. All quotes were also subdivided into 

accessibility, usability, and user experience themes for respective HMP. The results are presented in 

Section 3.2.     

2.5 Ethics Statement 

This research was reviewed by the Swedish Ethical Review Authority (application No 2021-06307-

01). The study was carried out in accordance with the declaration of Helsinki. In this work, we use 

people/person first language (PFL) when writing about disability, as opposed to identity-first language 

(IFL), see (49). The parents and the teacher gave written informed consent before participation and 

agreed to the data being collected as described in the consent form. The teacher and teaching assistants 

used PODD to make sure that all students gave consent to participate at all times. Management of 

datasets that include personal information of study participants was compliant with the General Data 

Protection Regulation (GDPR). Procedures for registration and storage of personal was reviewed and 

approved by KTH’s data protection officer and KTH’s research data team.  

3. RESULTS  

3.1 Design of Haptic Music Players 

3.1.1 Design Considerations   
Conclusions from the initial meeting with the teacher resulted in the definition of a set of design 

constraints for the HMPs to be used in the study. The discussions about the design of the Woojer Strap 

Edge versus the HUMU Augmented Audio Cushion provided important insights about how the HMPs 

could be designed to best fit the student’s needs. We quickly realized that the HMPs must be robust 

and durable, since they might be thrown to the floor. Related to this, we discussed the affordances of 

the demonstrated haptic devices. For example, the teacher mentioned that the Woojer strap looked a 

bit like a ball, which might also invite the students to throw it.  We therefore discussed embedding the 

Woojer strap into a plush toy or similar. An approach in which the vibrating unit could be attached to 

something wooden, which in turn would be embedded into a fluffy material, would both invite to touch 

while simultaneously enable transmission of vibrations. Such a design would also allow the students 

to throw the device to the floor, without any risk of damaging the haptic actuators. Regarding bodily 

locations, we discussed that the Woojer Strap Edge, which is supposed to be worn as a belt on the 

body, might not be suitable for all students since it is not so easy to take off if you do not like it. As a 

result of the above-mentioned discussions, our design process largely focused on finding solutions 

that would enable us to embed the hardware in soft protective padding, and on hiding the cables of 

the hardware (since visible cables might invite the students to pull them out). The final design of the 

 
15 https://dfaeurope.eu/what-is-dfa/dfa-documents/the-eidd-stockholm-declaration-2004/  
16 https://www.ueq-online.org/  
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devices is described below and displayed in Figure 1. The three HMPs differ in terms of affordances: 

HMP 1 (a haptic pillow) encourages the user to lay the head down on it, HMP 2 (a plush toy backpack) 

is intended to be worn on the back/belly, and HMP 3 (a custom-built plush toy reminiscent of the Star 

Wars character Chewbacca) can be placed on the lap and explored using your hands.  

 

3.1.2 Haptic Music Player 1  
HMP 1, the HUMU Augmented Audio Cushion, is displayed in Figure 1. The HUMU pillow has 

an embedded vibrating sound board assembly, with a sound and vibration frequency response of 20-

20 000 Hz. It plays music in stereo. We connected the HUMU pillow using Bluetooth, but it also has 

a 3.5mm jack connection. Based on the meeting described in Section 3.1.1, we concluded that the 

cushion might not need to be modified to fit the needs of the students. There was no need for an 

additional layer of padded protection for this device since it did not break when we threw it to the 

floor for testing purposes. 

 

Figure 1 – The Haptic Music Players (HMPs) used in the study: HMP 1) a haptic pillow, HMP 2) a plush 

toy backpack with an embedded haptic strap, and HMP 3) a custom-built plush toy with embedded tactile 

transducer and full-range speaker17 

3.1.3 Haptic Music Player 2 
HMP 2 was designed as a plush toy teddy bear backpack with an embedded Woojer Strap Edge 

(see Figure 1). The Woojer Strap Edge consists of a haptic device that looks like a black disc, which 

is put in contact with the skin of the user by strapping on a textile tape around the body, see Figure 2. 

The device uses an Osci™ transducer 18  which delivers polyphonic vibrations that can reproduce 

frequencies up to 200Hz, including subsonic frequencies below the threshold of human hearing in the 

range 1-20Hz. The device connects through Bluetooth, but also supports 3.5mm cable input/output. 

The Woojer Strap Edge has independent volume control for audio versus vibrations, and two different 

presets for vibrations: a broad mode with frequencies up to 200Hz and a focused mode with 

frequencies up to 100Hz. It should be noted that embedding the Woojer into the plush toy backpack 

may attenuate certain frequencies, thereby affecting the overall haptic experience. However, our tests 

suggested that the haptic experience was still of adequate quality in terms of the feedback provided. 

In the first version of HMP 2, the Woojer was connected to headphones using a cable. The Woojer was 

placed in a pocket located on the back of the backpack and surrounded by soft padding material. 

Conclusions from the feedback collected from evaluation session (see Section 3.2) prompted us to re-

design HMP 2 to make it easier to debug. In the second iteration of this device, we connected a mini 

speaker (frequency response 50-18 000Hz) directly to the Woojer device. The speaker was taped to 

the Woojer using duct tape. We also sewed the protective padding into the backpack, so that the 

Woojer was the only thing visible in the pocket. The final version of HMP 2 is displayed in Figure 2.     

 
17 Author 1 and 2 are the copyright owners of all pictures used in this manuscript 
18 https://www.woojer.com/pages/technology  

https://www.woojer.com/pages/technology


 

 

 

Figure 2 – HMP 2 in first iteration (upper), versus second iteration (lower pictures). The Woojer Strap Edge 

is shown in the leftmost image (upper) and middle image (lower) 

3.1.4 Haptic Music Player 3  
HMP 3 was designed as a custom-built plush toy with an embedded full-range speaker (Visaton 

FRS 8 - 8 Ohm19, frequency response 200-20 000Hz) and tactile transducer (TT25-8 PUCK Tactile 

Transducer Mini Bass Shaker 20 , frequency response 20-80Hz). This HMP was inspired by the 

character Chewbacca from Star Wars. An overview of the design process is displayed in Figure 3. The 

HMP was built from a small wooden napkin box which was embedded in multiple layers of protective 

foam. This structure was covered in textile fake-fur material. To give the device a more animalistic 

character, we decorated the HMP with glass eyes and a round speaker cover that would symbolize a 

mouth. The HMP is constructed in such a way that it can easily be opened if cables or soldering would 

need to be mended or upgraded. Female 3.5mm jack outputs are glued to the wooden structure so that 

all cables can be easily pulled out by the students. Pulling the cable only results in the audio being 

unplugged; it doesn’t break the device or the soldering inside of the wooden structure. HMP 3 was 

connected to a DTA-2.1BT2 100W 2.1 Class D Bluetooth amplifier21 using two 5-meter-long cables. 

This allowed the device to be moved freely in the room while at the same time keeping the amplifier 

(with all its cables and buttons) further away from the students. The amplifier has an adjustable 

crossover frequency (50-120Hz) for the subwoofer output. The sonic signal has a frequency response 

of 20-20 000Hz. 

3.2 Evaluation 

Transcripts from the three interviews are available as supplementary material. The evaluation 

interviews revealed that the students managed to successfully explore musical haptics using HMP 1, 

HMP 3, and the second iteration of HMP 2. The devices were primarily tested during lessons, but 

HMP 2 had also been used during free play time at the school.  The average time spent exploring the 

HMPs was 10 minutes. The teacher described that it was a bit difficult to say which HMP that worked 

best: ”I would say that […] either the Chewbacca or the [teddy]bear were most reliable. At the same 

time, I know that in the [free playing time] they used mostly the pillow. So comparing to how many 

times it is used…maybe the pillow […] I would say that the most engagement from the students I felt 

[…] so far maybe from the Chewbacca.” A range of different sounds were used when testing: the 

music that we had sent to the teacher, children’s music, other music that the teacher knew that the 

students liked, instrumental sounds (drums and electric guitar), and animal sounds (bear and whale 

singing). The students managed to actively engage with the HMPs using different modes of listening, 

both individually and as a group. When interacting as a group, the devices were usually placed on a 

wooden table, and passed around. This also enabled you to feel the vibrations through the table surface. 

Common themes that were identified through content analysis for all HMPs related to 1) different 

strategies for exploration of the HMPs (18 quotes), 2) the novelty of musical haptics (8 quotes), and 

3) elements of play (7 quotes). Regarding theme 1 (strategies for exploration), the most common 

strategy was to use the hands for haptic exploration. The teacher described that this strategy also made 

it easy to withdraw from the interaction by removing the hand, if you did not like how it felt. The 

different interaction strategies are discussed in detail below, for respective HMP. Concerning theme 2 

 
19 https://www.visaton.de/en/products/drivers/fullrange-systems/frs-8-8-ohm  
20 https://www.daytonaudio.com/product/1104/tt25-8-puck-tactile-transducer-mini-bass-shaker  
21 https://www.daytonaudio.com/product/1604/dta-2-1bt2-100w-2-1-class-d-bluetooth-amplifier-with-sub-

frequency-adjustment  

https://www.visaton.de/en/products/drivers/fullrange-systems/frs-8-8-ohm
https://www.daytonaudio.com/product/1104/tt25-8-puck-tactile-transducer-mini-bass-shaker
https://www.daytonaudio.com/product/1604/dta-2-1bt2-100w-2-1-class-d-bluetooth-amplifier-with-sub-frequency-adjustment
https://www.daytonaudio.com/product/1604/dta-2-1bt2-100w-2-1-class-d-bluetooth-amplifier-with-sub-frequency-adjustment


 

 

(novelty of musical haptics), it was clear that regardless of which HMP that was used, the students 

were not interested at their first encounter with the devices. The novelty of the vibrating experience, 

or the functionality of the devices in general, clearly resulted in skepticism upon first use. This was 

communicated by pushing away the devices the first times they were presented. The teacher described: 

“We usually just listen to music and dance so it is another experience for them that there is something 

that vibrates to music.” However, the HMPs were indeed accepted, and appreciated, in subsequent 

test sessions (although some devices were more popular than others). Finally, regarding theme 3 

(elements of play), certain aspects of the HMPs naturally invited to play. For example, it appeared to 

be particularly interesting and fun for the students to play with the hair of HMP 3, and its cables.  

 

3.2.1 Haptic Music Player 1   
When it comes to the functionality of the pillow, the teacher mentioned that it was quick to set up  

and reliable. It was good that it only had one button. However, there were instances where there had 

been some issues; the sound had been cut off at times and it was a bit tricky to set up the Bluetooth 

for the first time. The pillow had not been thrown but it once fell to the floor, and it did not break. In 

terms of interactions, the students had used their hands, hugged, clapped/petted it, laid their head on 

it, and used their feet, and mouth, to explore it. Regarding accessibility, the teacher described that 

“The cool thing about the pillow was that it could be used by two persons at the same time. For 

example we could put [it] on the table […] and the students who were sitting in front of each other, 

could both feel it with their hands or with their faces”.  In other words, the fact that the pillow was 

long enough to be accessed by two students at the same time was a positive feature. The pillow was 

described as somewhat less intuitive to use compared to HMP 3; the teacher needed to demonstrate to 

the students how it should be used for them to understand it. Regarding the user experience, one 

student had described that he liked HMP 1 (and also HMP 3), using PODD. The teacher described that 

she got the impression that the students were quite interested in HMP 1, overall. However, in terms 

of visual and tactile experience, the object was not as interesting as HMP 3, since it has a beige color 

and the textile was quite smooth.  

 

Figure 3 – HMP 3 at different stages of the development process  

3.2.2 Haptic Music Player 2  
In terms of functionality, the first version of HMP 2 had problems related to the headphones: it 

was difficult to debug the system and to know if it was working or not. The new iteration of the HMP 

included an embedded loudspeaker, which made it easier to use and more reliable. In particular, the 

spoken prompts about the Bluetooth connectivity were immediately transmitted through the speaker. 

The teacher described that she had to carefully read the instructions about Bluetooth pairing to 

successfully set up the device. She also mentioned that in a school setting a speaker might be more 

appropriate, since it allows more students to listen to music simultaneously in a group setting 

(compared to headphones). She described that since the speaker was embedded in padding the sound 

was a bit muffled, but this was not something that significantly affected the overall experience. 

Regarding durability, the zip locker on the backpack unfortunately broke rather quickly. When it 

comes to accessibility, as opposed to HMP 3 (which also had an animalistic character), HMP 2 was 

not as intuitive for the students. The teacher described:  “It looked like it was confusing that it’s a 

teddy bear, and it’s something that sounds also at the same time.” We discussed whether this confusion 

could be caused by the fact that the sound was always on; the teddy bear was just making sounds 

without any interaction (as opposed to standard interactive plush toys, which require you to, for 

example, squeeze them). The teacher also mentioned that providing a “button feature” perhaps could 

have resolved this issue. She compared the design of HMP 2 with HMP 3, mentioning that HMP 3 had 



 

 

a mouth that the audio was coming from, and that the black circular shape of its mouth reminded a bit 

of a button. In terms of bodily locations used when interacting with HMP 2, the students mostly used 

their hands. The teacher did not try to put the backpack on the students’ bodies, since she wanted to 

allow them to test out the device using their hands, first. The teacher described: “But it's hard to say 

if they pushed it away because of the vibration or they pushed it away because of the unusuality of 

the sounding plush toy.” Overall, regarding the user experience, the students appeared to be mildly 

impressed; only one student played a little bit with HMP 2, before pushing it away.  

 

3.2.3 Haptic Music Player 3  
Regarding the functionality of HMP 3, it took a little longer to set it up, compared to HMP 1. 

However, it was still easy for the teacher to use, despite having a somewhat more complex 

configuration, involving an amplifier. The audio quality was reportedly good and the filter knob for 

the subwoofer frequencies resulted in perceptual differences. Regarding this feature, the teacher 

described one instance in which: “it was such a wonderful time and [...] it seemed like the students 

were so calm and happy, so I felt that maybe I won’t change [the knob] now because it felt really good, 

with the vibration and everything.” One student had tried to pull the cables from HMP 3 and the 

teacher was impressed that the HMP did not break. A comment made by the teacher was that the 

combination of HMP 1 and HMP 3 would have been ideal, i.e., to have one button to set up the system 

while maintaining the playful properties of HMP 3. Regarding accessibility, it seemed like HMP 3 

worked equally well for different users. It was somewhat more intuitive to use than HMP 1. The 

teacher described that for HMP 1:“[…] I was showing them more that oh, you can put your hand on 

it, or you can lie down on it. You can put it in your lap”. She contrasted this to HMP 3: “[…] with 

Chewbacca I hadn’t done this kind of showing. I just presented the Chewbacca […] so maybe because 

the Chewbacca was more playful, it was more intuitive also for the students.” The teacher not only 

explored music but also animal sounds with HMP 3, since Chewbacca looked a bit like a bear. 

Apparently, bear sounds were well received by the students. As described by the teacher, the students 

reacted as though they thought: “Okay it's a bear and it sounds like a bear.” She had also tried using 

whale sounds, but the students were more engaged for the bear sounds. Regarding how HMP 3 was 

used, it had - similarly to HMP 1 - been put on the table and mostly been explored using the hands. 

The students also tested it in their lap and put their chins and faces onto it. One student had 

communicated using PODD that she wanted to feel the vibrations from HMP 3 on her feet. The teacher 

described that a positive aspect about HMP 3 was that it was smaller than HMP 1. As such, it was 

easier to put it on the stomach or the feet. Although the strategies used for interacting with HMP 1 

versus HMP 3 were not that different, some aspects related to the user experience appeared to be. For 

example, the teacher described: “The big difference for Chewbacca [was that]…the student that is 

really interested in hair, felt of course more with their hand, on the Chewbacca. Because, it was, it 

was also a play.”. The fact that HMP 3 encouraged and invited to play distinguished it from the other 

HMPs. The teacher also commented: “Chewbacca has also strong colors, fur […] I would guess that 

the texture and the color makes it more interesting than the pillow”.  

4. DISCUSSION 

Based on the evaluation of functionality, accessibility, and user experience, it appears as the most 

successful HMP overall was HMP 3. HMP 1 also worked well, but it did not invite to play in the same 

way as HMP 3 did. Moreover, based on the evaluation sessions, we can conclude that the affordances 

of the physical objects are important in this context. The appearance of HMP 2 led to some confusion, 

perhaps since its design created certain expectations that were not met. HMP 3 also looked somewhat 

like a plush toy, but not exactly like one. Perhaps it did not as strongly afford that it would work like 

a standard plush animal. Interestingly, HMP 3 was the device that was most interesting in terms of its 

tactile experience overall, since it had fake fur and a hair-like texture that invited to active haptic 

exploration, even if the vibrations were turned off. 

If the types of devices described in this paper should work effectively in a school setting, they need 

to be effortless to set up. One reason why HMP 2 did not work well, apart from the fact that it had 

headphones as opposed to a built-in speaker, was perhaps that we had not demonstrated its setup 

procedure in person (HMP 1 was connected to the teacher’s iPad during the initial meeting, but we 

never paired the teachers’ iPad to the Woojer device; HMP 3 had also been demonstrated in person at 

another occasion). As mentioned by the teacher, having only one single button to setup the device 

would be ideal. Because of its ease of use, HMP 1 was used most times, even if HMP 3 was perhaps 



 

 

the object that resulted in most engagement from the students. The interviews with the teacher also 

clearly highlighted the need for adequate time to get used to the HMPs; all devices were met with 

skepticism upon first use.     

Assessing complex multisensory phenomena with users who are pre-verbal is a challenging task. 

In the current work, we could not directly ask the students what they perceived and thought, since 

they are pre-verbal. In addition, we could not meet the students physically, so the study had to be 

conducted in a remote setting. To get an idea of how the students perceived musical haptics through 

the different HMPs, we used an observation by proxies methodology. In other words, we focused on 

what was observed by the teacher, i.e., PODD conversations and observations of nonverbal 

expressions, to judge if the vibration enhanced the musical listening experience. Of course, this 

approach introduces a level of uncertainty and possible bias in the evaluation process. One of the main 

weaknesses of the current work is that the evaluation relies on the observation of a single teacher. It 

is also difficult to generalize from the reported results since only four students were involved in the 

study. What is reported in this paper should therefore be seen as results from a first exploratory case 

study; there is a need for more controlled long-term studies with a larger group of participants. 

Moreover, much of what was discussed during the evaluation interviews focused on the usability of 

the devices from the teacher’s perspective. This is important, but it would be good to explore the 

haptic experiences of the children more in detail in future work.  More objective methods of evaluation 

could be explored in future studies. For example, the time spent with respective HMP could be used 

as a measurement in this context. Because of the restrictions due to the COVID-19 pandemic, we 

could unfortunately not attend the evaluation sessions in person. As such, it was difficult to collect 

such measures. Nevertheless, we believe that the teachers’ observations provide useful insights 

regarding what worked well versus did not work well for respective HMP, and that these design 

considerations could be considered in future work. Finally, it should be noted that we did not perform 

any accelerometer measurements or analysis of the frequency responses of the HMPs. This is another 

aspect that could be further explored in future studies.   

5. CONCLUSIONS 

In this paper we present a six-month exploratory study on the qualitative evaluation of three Haptic 

Music Players (HMPs) with four pre-verbal children with Profound and Multiple Learning Disabilities 

(PMLD). The HMPs encouraged exploration of haptic music through different means of interaction. 

Findings from the evaluation sessions revealed that the students managed to actively engage with the 

HMPs using different modes of listening, both individually and as a group.  The students 

communicated to the teacher and teaching assistants if they liked versus disliked the haptic sensations 

and which body parts they wanted to use when feeling the vibrations. The dominating strategy when 

interacting with the HMPs was to explore the devices using the hands. This allowed the children to 

easily remove the point of contact, or to push away the HMPs, if they did not like the haptic sensations. 

The three HMPs greatly differed in terms of their functionality, accessibility, and user experience. Our 

findings highlighted the need for extra time to get used to HMPs since this type of musical interaction 

can be completely new for many children. The physical affordances and touch and feel of the objects 

are important in this context since they might influence how well the HMPs are received. The design 

of HMPs for children should ideally invite to touch and play. For experimentation with HMPs in 

school settings, it might be good to provide several devices of different sizes which can be used both 

in single and collaborative settings. An example of a design solution that allows for multiple users to 

perceive vibrations is a haptic table, or a haptic device that could be attached to such furniture. Finally, 

it is crucial that HMPs used in the wild are easy to setup, have proper documentation involving 

troubleshooting sections, and that the HMPs used in special education settings are demonstrated in 

person before first use.  
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ABSTRACT 

This paper presents the changes in audio intensity perception according to touch recognition in a virtual 

environment. To investigate the audio intensity perception in a virtual environment, an experiment in which 

a subject comes into contact with a touch object in a virtual reality space was modeled using Unity, one of 

the popular development platforms. As tools for the experiment, a headset and controllers of Oculus were 

used for a subject to experience audio and haptic feedback in the virtual reality space. In the experiment, 

subjects were asked to estimate the intensity perception of audio feedback given by the headset depending 

on whether or not they noticed contact with a virtual object via haptic feedback and visual information. In 

the end, the answers from the subjects were analyzed statistically, and then the effect of touch feedbacks on 

audio intensity perception was discussed. 
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1. INTRODUCTION 

With the development of virtual reality (called VR) based digital twin applications and metaverse 

services, research on audio stimulation and perception in a virtual environment is becoming 

increasingly important (1, 2, 3). For a long time, many researchers have conducted several studies on 

multisensory stimulation and perception in the real world (4, 5, 6), but studies on multisensory 

characteristics in a virtual environment are still insufficient.  

CAVE (Cave Automatic Virtual Environment) and HMD (Head Mounted Display) are typically 

used as user hardware for creating and experiencing VR environments, and various methods have been 

sought to appropriately stimulate human senses and provide an immersive experience. However, in a 

VR environment, human perception is not the same as perception in the real environment, and 

situations or conditions that do not exist in the real environment can be created. Accordingly, an 

auditory sensory model for the VR environment should be established through the development and  

conduction of perception experiments in the VR environment.  

In addition, it is important to investigate multisensory integration methods in the VR environment 

since there is no real feedback on contact with a virtual object. People may miss the warning or notice 

from the system if they are not seeing that they touch an object in a virtual space. For example, if 

someone touches a trigger object in a virtual space, but does not recognize it, unintended consequences 

may occur. Moreover, if the virtual space is connected to physical systems in the real world, it can 

cause irreversible problems. 

In this paper, the development of an experimental program that generates auditory stimuli in 

response to touch events in a VR environment, using Oculus Quest and Unity, is introduced. The 

magnitude production method (7) for the estimation of audio intensity perception, with a developed 
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program, is explained. The magnitude production method is employed as a psychophysical estimation 

method. In the end, experimental results are analyzed statistically to examine the changes in audio 

intensity perception in a VR environment. 

2. EXPERIMENTAL SETUP 

2.1 VR Experience Device and Software 

In this study, Oculus Quest 2 was used as a device for VR environment creation and experience 

(see Figure 1). Oculus Quest 2 is one of the popular HMDs developed by Facebook Reality Labs. It 

is relatively inexpensive and many APIs are open for VR content development. In addition, it has the 

advantage of being able to connect to the development computer, without additional equipment or 

cable, by the Air-link function. Oculus Quest 2 can play sound with its built-in speakers in the headset 

and can generate haptic feedback with the controllers. 

Unity was used as software for VR environment development. Unity is a representative VR 

environment development tool that provides diverse conditions and components that can configure 

various physical phenomena (gravity, collision, elasticity, friction, etc.) in the VR world. In addition, 

through Oculus Integration which is available for free in Unity's Asset Store, developers can easily 

link Oculus Quest 2 to VR worlds and set various functions and events required for experimentation. 

 

Figure 1 – Equipment of Oculus Quest 2 for VR experience 

2.2 Development of Experimental Scene 

For an experiment in a VR environment, it is necessary to design a VR scene according to the 

purpose of the experiment. The purpose of this study is  to generate auditory and tactile stimuli when 

touching a virtual object in a VR environment and to perform multimodal perception experiments. As 

shown in Figure 2, a VR scene was composed of two spheres (one is the modulus and another is the 

test object) and hand-link objects on the experiment table. The experimental table was developed to 

have the same position and height as the table of the user in the real world, and the two spheres are 

virtual fixed objects. The hand-link objects move in conjunction with the user controller when the VR 

environment is running. 

Since the virtual sphere is an object that does not exist in the real world, the user's hand passes 

through the sphere when the user puts one's hand on it. Therefore, by adding Unity Engine's Colli der 

Component to the virtual sphere and hand-link objects, the contact between the sphere and the hands 

was implemented. Additionally, the color change and vibration visualization were set so that the user 

could recognize the contact between the sphere and the hand. In the case of a situation where the user 

does not need to recognize the touch, it can be obscured by changing the opacity of the shader 

surrounding the sphere. 

3. PSYCHOPHYSICAL EXPERIMENT 

3.1 Audio and haptic feedback stimuli 

When the user's hand touches the white spheres in the VR scene, the auditory stimulus was set to 

be provided through the Oculus headset and the tactile stimulus was set to be delivered through the 

Controller (R)

Headset

Controller (L)



 

 

Oculus controller for a set period of time. In this study, a simple sinusoidal waveform with the ramp 

envelope, as shown in Figure 3, was used for audio and haptic feedback to conduct the experiment. A 

mathematical equation of the waveform can be expressed, as a function of time t, as follows: 

𝐴sin(2π𝑓𝑡) × (𝑡/𝑡𝑎) in the range of 𝑡 ≤ 𝑡𝑎 (1) 

𝐴sin(2π𝑓𝑡) × (𝑡𝑏 − 𝑡)/(𝑡𝑏 − 𝑡𝑎) in the range of 𝑡𝑎 < 𝑡 ≤ 𝑡𝑏 (2) 

where A is the maximum amplitude of the waveform, f is the frequency of the waveform, ta is the time 

corresponding to the maximum amplitude and tb is the time at which the waveform ends. Unless 

otherwise noted, the following values were used in this study: f = 175 Hz, ta = 0.5s, and tb = 0.6s. 

The amplitude A was determined differently according to the type of feedback. For the audio 

feedback, A was set to generate auditory sensation levels of 45, 55, and 65 dBA over the waveform 

duration. On the other hand, A was set to generate a tactile sensation level of 125 dB re 1 μm/s2 over 

the waveform duration for the haptic feedback. The real values of A were calibrated before the 

experiment began, by the accelerometer and the binaural microphones as shown in Figure 4.  

 

Figure 2 – Experimental scene in VR environment 

 

 

Figure 3 – Base waveform of tactile and auditory feedback stimuli 

3.2 Experimental Method and Procedure 

The magnitude production method was adopted to estimate intensity perception from audio 

feedback in the experiment. The modulus and test objects were displayed in the VR scene described 

above, and the modulus was set to generate audio feedback only while the test object was set to 

generate audio-haptic feedback. In addition, the shader for the test object was set to change to black 

opaque in order for the test where the subject does not recognize the touch. 
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Figure 4 – Amplitudes calibration setup using (a) the binaural microphones and (b) the accelerometer. 

 

In this circumstance, participants were asked to adjust the perceived audio intensity level of the 

modulus equal to the test object with the Oculus controllers. For example, if  they felt the perceived 

intensity of the modulus was lower than the test object, they would have increased the auditory 

sensation level of the modulus until the perceived intensity on both sides was approximately equal. 

Then, the modified intensity level of the modulus was recorded as the perceived audio intensity level 

of the test object. The estimation of sensation level was performed by their own subjective feeling 

after the experience of stimulation, and the number of times for touch was not limited. In the 

estimation task, no information about tactile and audio feedback stimuli was given to the participants.  

The experiment was carried out divided into two sessions: one was the training session and the 

other was the main session. In the training session, the magnitude production method was explained 

to the participants, and they experienced estimation tasks a few times. Then, in the main session, they 

performed the magnitude production method with respect to all tactile and audio feedback stimuli in 

the presence and absence of the shader, as shown in Table 1. In each estimation task, an initial 

sensation level of audio feedback on the modulus was randomly set in the range of 40 to 70 dBA.  

Twenty subjects, 12 male and 4 female volunteers, participated in the experiment. The ages of 

participants ranged from 20 to 50. All participants had no disability in tactile or hearing senses. They 

were instructed to sit in front of the experiment table and equipped the experiment devices in a 

comfortable condition after the explanation of the contents of the experiment. It took approximately 

30 minutes for each participant to complete both sessions.  

 

Table 1 – Test cases for the audio intensity estimation experiment 

Identifier 
Level of audio 

feedback (dBA) 

Level of haptic 

feedback (dB) 

Shader for 

the test object 

A45 45 - - 

A45×H 45 125 - 

A45×S 45   - Presence 

A45×H×S 45 125 Presence 

A55 55 - - 

A55×H 55 125 - 

A55×S  55 - Presence 

A55×H×S 55 125 Presence 

A65 65 - - 

A65×H 65 125 - 

A65×S  65 - Presence 

A65×H×S 65 125 Presence 

 

(a) (b)



 

 

4. Analysis of Experimental Results 

All evaluation data collected from the experiment above are classified in each case and their 

statistical mean values were calculated after eliminating outlier data considering the interquartile 

range. The mean perceived intensity level (mean PIL) of the audio feedback is plotted in Figure  5. 

The circle, diamond, and square symbols respectively represent the mean PIL values for the 

experiment case with the auditory sensation level of 45, 55, and 65 dBA. The test cases of A represent 

the mean PILs when the audio feedback was given solely. The test cases of A×H and A×S represent 

the mean PILs when the audio feedback was given with the haptic feedback and with the shading 

effect, respectively. The test cases of A×H×S represent the mean PILs when the audio feedback was 

given with the haptic feedback and the shading effect simultaneously. The error bar indicates the 95% 

confidence interval in each case. It seems that the psychophysical experiment using the magnitude 

production method was normally performed since the mean PILs were evaluated at levels of given 

audio feedback. 

According to the experimental results, mean PIL increased when the tactile and audio feedback are 

given together, meaning that the audio intensity perception has been enhanced by the haptic feedback. 

On the other hand, mean PIL decreased when the shading effect is given to the test object. This means 

the audio intensity perception has been diminished if the participant does not recognize the touching 

moment. In the cases of the haptic feedback and the shading effect are given simultaneously, the mean 

PILs changed but they do not have significant differences. It seems that the enhancement by the haptic 

feedback and the diminishment by the shading effect on the audio intensity perception in the VR 

environment compensate for each other. 

 

 

Figure 5 – Mean perceived intensity level evaluated by the magnitude production method. 

5. CONCLUSIONS 

The effect of touch recognition on audio intensity perception in a virtual reality environment has 

been investigated, in this study, with the psychophysical experiment. The experimental scene was 

created, by using Unity Engine, to experience audio and haptic feedback in the VR environment. To 

conduct the psychophysical experiment, twelve test cases, considering the presence and absence of 

haptic feedback and the shading effect, were set for audio intensity estimation, by means of the 

magnitude production method. 

From the statistical analysis of the collected data obtained from the experiment, the changes in 

audio intensity perception in the VR environment, investigated in this study, can be summarized as 

follows: (1) the audio intensity perception can be enhanced by the haptic feedback given with the 

audio feedback, (2) the audio intensity perception can be diminished by the shading effect on the 

touching moment, and (3) the enhancement by the haptic feedback and the diminishment by the 

shading effect on the audio intensity perception can compensate for each other. 
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ABSTRACT 
Interaction between musicians during a joint musical performance is predominantly based on acoustic 
feedback. In real situations, this feedback is unfortunately influenced by a variety of interfering factors. For 
example, strong reverberation or additional sounds can alter or mask acoustic signals. This leads to 
undesirable effects, such as asynchronous playing, and thus to a reduction in the quality of the overall musical 
experience for the listener. This paper investigates a supportive system with vibrotactile feedback. The 
applied vibration signal was generated directly from the audio signal of the partner instrument and reproduced 
via an actuator on the lower back of the musicians. Whether this additional information helps improve the 
stability of timing and synchronization was investigated. For this purpose, experiments were conducted with 
bass guitarists and drummers. The participants were asked to learn and play a simple musical pattern, with 
and without vibration feedback, under different acoustically disturbed scenarios. The musical performance 
was analyzed in terms of the accuracy achieved with respect to the expected beat grid. Furthermore, the 
participants’ latency thresholds between audio and vibrotactile feedback were determined in a perceptual test 
with kick drum sounds to determine the delay requirements for the developed system. 
 
Keywords: Music Performance, Sound and Vibration, Tactile 

1. INTRODUCTION 
Musicians' performance during live concerts is critical to the audience experience. In this context, 

the perception of the artists often varies from that of the listeners. Poor location-dependent acoustic 
conditions must be handled professionally so that the audience can still be provided with an impressive 
experience. Occasionally, due to various factors, such as a noisy environment, musicians may lose 
track of the common rhythm/tempo, decreasing the overall quality of the musical experience. 

 
Multiple systems have been developed that combine music with haptics, more specifically focusing 

on rhythmic feedback. Pianotouch (1) focuses on musical education. As a glove designed to improve 
piano students’ skills, it applies vibration to the fingers that should be used when learning a new song, 
using eccentric rotating mass (ERM) actuators. With regard to education, there are other devices, such 
as the Haptic Bracelets (2) for drum students, receiving multi-limb rhythmic information from their 
teacher's movements or from computer playback and generating the corresponding vibrotactile 
feedback through voice coil actuators (VCAs). Another device, the Haptic Tutor (3) is focused on 
drum learning, using ERM actuators attached to each limb. 

There are metronomes that also implement haptics. Giordano and Wanderley (4) investigated the 
effectiveness of ERM actuators for transmission of rhythmic information. Soundbrenner (5) released 
a commercial wristband, currently in two models, Core and Pulse, that use ERM actuators. 

 
In this work, the focus is on improving inter-musician communication. In (2) it is already suggested 

that haptics may help in that regard. For that goal, a novel system, the Groovuator, is developed. In 
the next section, its structure, actuation system, operation and performance will be described, followed 
by its use in performance experiments and the final discussion. 

2. Groovuator 
A device focused on the improvement of dynamic rhythmic information between musicians is 

presented. As it focuses on enhancing musical timing between users, which in colloquial language is 
known as grooving, this system is referred to as the Groovuator 
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2.1 System 
The Groovuator is a modular system designed for improving the interaction between two musicians 

by measuring their interactions with their instruments and providing haptic feedback to each other, as 
shown in Figure 1. 
 

 
Figure 1: Block diagram of the system's intercommunication. 

In order to do that, each module must be able to detect and quantify the musical signal from its 
corresponding musical instrument, process it, and send the haptic command to the corresponding 
module, as explained in Figure 2. The sound acquisition system, however, varies from one instrument 
to another. Here, two different instruments were chosen: a bass guitar and a kick drum of a drum set. 
The additional system deployed for measuring their signals is explained in the next section. 

 

 
Figure 2 – Block diagram of Groovuator's modular operation. 

Each module is composed of an ESP32 microcontroller as the core processing unit, an input stage 
where the input signal from the musical instrument is connected and converted with a TL072 
operational amplifier to a readable value for the microcontroller’s ADC, and an output stage to drive 
a vibrotactile actuator. This output stage is prepared in such a way that it can drive different 
technologies, in this case ERMs and voice coil actuators (VCA). For the first, the ERMs, the circuit 
consists of a BC547 transistor, and for the second, the voice coil actuators, a Class-D audio amplifier, 
the PAM8403, is used. 

2.2 Signal Processing 
Once the adjusted signal from the musical instrument is read by the ESP32, it is processed. As the 

read signal is produced by a musical instrument, it is expected to follow the amplitude trend of an 
ADSR model (Attack, Decay, Sustain and Release). It describes the envelope of an audio signal 
exclusively according to its amplitude, disregarding its frequency. Therefore, this model is used for 
detecting new events from the musical instrument. However, before applying the ADSR model for 
event discrimination, the envelope of the signal must first be generated from the input AC signal. For 
that purpose, an envelope-detector-model, shown in Figure 3, is used. Based on the model from 
Sethares et al. (6), it rectifies the input AC signal, using exclusively absolute values, and applies a 
low pass filter which, in this case, is done by applying a moving average algorithm. 



 

 

 
 

 
Figure 3 – Envelope detector algorithm used prior to the ADSR model. 

To output vibrotactile feedback, two appropriate stimuli were created according to the input events 
produced by the bass guitar and the kick drum. While the ERM was controlled by an on-off signal with a 
fixed duration, the VCAs were controlled by a sinusoidal amplitude sweep at their resonance frequency of 
70 Hz. In Figure 4, the vibrotactile feedback stimuli are displayed over time. The kick drum stimulus was 
chosen to last for 150 ms, according to the duration of an audio kick drum sample, while the bass guitar 
stimulus was adjusted to 250 ms. 
 

 
Figure 4 – Vibrotactile feedback stimuli, sinusoidal amplitude sweep, f = 70 Hz,  

Left: Kick drum stimulus, 150 ms. Right: Bass guitar stimulus, 250 ms. 

A voice coil actuator from Tactile Labs (Haptuator MM3C) was selected for use because of its high 
vibration strength and low latency. 

2.3 System Latency 
As the system aims to improve temporal synchronization between musicians, a controllable low 

latency between sound and vibration is crucial. The overall latency of the system, which includes 
processing the input signal, generating the driving signal for the actuator, and the actuator's start-up 
latency, was measured with a 3-axis accelerometer ADXL335. The resulting time delay was 
approximately td = 2.8 ms. As this time depends on the input signal's waveform, there can be some 
small changes according to the dynamic audio production of an instrument. However, it can be 
assumed that the latency is within a range of two to three milliseconds when using a cable connection 
between the input and output stages. A wireless connection was not implemented at this point but 
could be an improvement to increase the convenience of using the system. According to Altinsoy (7,8), 
the onset delay of a corresponding audio and vibrotactile feedback stimulus should not exceed ±10 ms 
to be perceived as synchronous. Therefore, the Groovuator's latency is under that limit. 

3. Performance Experiment 
To evaluate the performance of the Groovuator, experiments with test subjects were conducted. 

Although they presented different levels of musical experience, all of them were familiar with their 
assigned instruments. 



 

 

3.1 Setup 
For the experiment, a setup that included two Groovuator modules and two different instruments 

with their measurement systems was prepared, as shown in Figure 5. A Fender Aerodyne bass guitar 
and a Gretsch Catalina Club Jazz drum kit were used as musical instruments. For signal acquisition, 
a Behringer XAIR18 digital mixer was deployed as a mixing and recording device, receiving the bass 
signal directly from the instrument, and the drum signal through a Sennheiser E 602 II microphone 
placed next to the instrument. Nine pairs of participants between the ages of 18 and 40, each consisting 
of a bass player and a drummer, took part in the experiment. 

 

 
Figure 5 – Experimental setup with musical acquisition system. 

3.2 First Part - Solo Play 
 
The participants were asked to learn and play a simple musical pattern first. Following that, they 

played the pattern alongside playback of the other instrument. The playback was provided over 
headphones. Figure 6 illustrates the experimental setup. 

 

 
Figure 6 – Left to Right: Bass player, Drummer, Vibration actuator placed at the lower back. 

The pattern was then played for one minute each with 3 different conditions: 1) clean audio 
feedback without Groovuator, 2) disturbed audio feedback without Groovuator, and 3) disturbed audio 
feedback with Groovuator. Disturbed audio meant that the audio signal had an added reverberation 
effect, which started approximately after 100 ms and was 12 dB louder than the direct signal. The 
reproduced vibrations were generated from the original audio signal. 

 
During the musical performance, the audio output of the played instrument was recorded and 

analyzed in terms of accuracy with respect to the expected tempo and the beat grid. The mean value 
and standard deviation over 30 measuring points per participant and per mode are displayed in Figure 
7 for the bass players and in Figure 8 for the drummers. A latency of 0 ms would mean that the 
musicians play in perfect synchrony with the second instrument. Among the bass players, it can be 
seen that for most data points, a low mean latency with a small standard deviation is obtained for the 
clean drum audio feedback (blue) and that they performed well in the expected range of latency 
slightly below tL = 0 ms. The participants' performance varies slightly depending on their personal 
sense of timing. When the data points from the disturbed audio playback (red) are considered, distinct 



 

 

latencies in the direction of the reverberation signal can be noticed, which vary depending on the 
participant. The average delay is tL,Mean,all = 50.7 ms. When using the Groovuator (yellow), the 
musicians can better synchronize the onsets, similar to the clean audio condition. A latency of 
tL,Mean,all = 11.8 ms is attained on average. 

 
After testing the prerequisites, repeated-measures analysis of variance (ANOVA) was applied for 

statistical analysis. The results revealed that there was a highly significant difference between the 
measured latency for the three feedback conditions [F(2;16) = 19.845, p < 0.0005]. To explore the 
significant main effect, post hoc pairwise comparisons were conducted using the Bonferroni 
correction for multiple comparisons. The measured latency for the condition ‘clean audio’ was 
significantly different from the condition ‘disturbed audio’ (average difference = 56.5 ms, p = 0.002), 
and the condition ‘disturbed audio’ was significantly different from the condition ‘disturbed audio + 
Groovuator’ (average difference = 38.9 ms, p = 0.006). 

 

 
Test participants 

Figure 7 – Mean ±1 standard deviation of bass guitar latency measurements, each averaged over 30 
measuring points. 

When analyzing the timing of the drummers shown in Figure 8, strong variation of the latency can be 
seen between test participants for the clean audio condition. An ANOVA did not prove any significant 
differences between the three conditions [F(2;16) = 1.175, p = 0.334]. 

 

 
Test participants 

Figure 8 – Mean ±1 standard deviation of kick drum latency measurements, each averaged over 30 
measuring points. 



 

 

It is assumed that the strong deviations in timing were influenced by the selected sound of the bass, 
which was synthetically generated. Several musicians reported difficulties to follow the beat grid of 
this bass line. 

 

3.3 Second Part – Just–Noticeable Latency Thresholds 
In a final experiment, the latency threshold of the subjects was estimated to assess whether it is 

possible to work with higher latencies between audio and vibrotactile feedback in an extended system. 
For this purpose, a drum playback was reproduced via headphones while the Groovuator delivered 
stimuli associated with the kick drum to each participant. The latency between audio and vibration 
was increased by tL = 2.5 ms every two pattern runs. Subjects were asked to signal after subjectively 
detecting a latency between audio and vibrotactile feedback. Subsequently, the experiment was 
repeated a second time. The averaged latency thresholds of all subjects are shown in Figure 9. The 
data of the subjective latency detection threshold were confirmed to be normally distributed with two 
statistical tests (Kolmogorov–Smirnov p = 0.2 and Shapiro–Wilk p = 0.626). Therefore, a mean value 
can be used to summarize the data. The mean overall latency threshold is approximately tL = 11 ms. 

 
Test participants 

Figure 9 – Subjective latency detection thresholds for audio and vibrotactile feedback. 

4. Discussion 
This work investigated the development of a vibrotactile feedback device for the tempo-dynamic 

support of two musicians. Information on the rhythm provided to the musician was obtained from the 
other musician's instrument. It has been demonstrated in these experiments that vibrotactile feedback, 
in addition to audio feedback, can contribute to a significant improvement in timing and 
synchronization. Bass players in particular benefited from the feedback generated from the kick drum, 
implying that rhythm instruments are best suited for generating vibrotactile feedback with the 
Groovuator. Further improvements to the system, e.g., an improved algorithm for envelope generation, 
as well as a more detailed series of experiments with distinctions between amateur and professional 
musicians, could be conducted to improve the performance of the Groovuator and better specify its 
area of application. 
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ABSTRACT 

Tactile vibrations can enhance the perceived quality of a music listening experience. As music is a challenge 

for cochlear implant (CI) users, vibrotactile stimulation could be a way to assist them. However, there is no 

consensus on the best way to code music into vibrotactile stimulation, or if the method should be different 

for CI users compared to listeners without hearing loss. 

 

An initial experiment on twenty normal hearing listeners tested a simple audio-vibrotactile coding scheme 

which kept auditory and tactile stimuli time-aligned and mapped acoustic intensity to vibrotactile intensity 

and acoustic fundamental frequency to vibrotactile frequency. A simple melody was presented over supra-

aural headphones and the associated vibrotactile stimulation was presented via a Lofelt L5 actuator held 

between the thumb and forefinger. Participants rated the audio-tactile stimuli on preference alongside 

versions in which different mapping combinations were made congruent or incongruent. Results suggested 

that participants preferred stimuli which were time-aligned and congruent in intensity. 

 

The experiment was repeated with eighteen CI users. With this cohort, however, only a portion of the 

participants preferred time aligned stimuli and stimuli with congruent intensity. Reasons for this difference 

and the implications for vibrotactile solutions for music perception for CI users will be discussed. 

Keywords: Vibrotactile, Music, Haptics 

1. INTRODUCTION 

Vibrotactile stimulation through a worn haptic device is a potential way to improve music 

perception for people with cochlear implants (1). Tactile stimulation has been shown to improve music 

listening experience for people without cochlear implants (2). However, an important question often 

asked is: “how should one code the audio signal into a vibrotactile signal?” Alternatively: “what must 

be congruent between the audio and the vibrotactile signal for vibrotactile music enhancement to take 

place?” Previously, a study was developed by Aker, et al. (3) to address this question for normal 

hearing listeners. In the present study, a similar experiment was tested on cochlear implant listeners 

and a control group of normal hearing listeners to see what features of the tactile stimulation must be 

congruent with the auditory music stimulation for vibrotactile music enhancement to occur  in cochlear 

implant listeners.  

The experiment by Aker et al. (3), which tested on normal hearing listeners, showed that intensity 

congruence and time synchrony between the auditory and tactile stimuli is generally preferred over 

intensity incongruence and time asynchrony, while frequency congruence had no or little effect. In 

that experiment, a simple melody comprised of sinusoids between the frequencies 70 and 180 Hz was 
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presented over supra-aural headphones and a Lofelt L5 haptic actuator held between the thumb and 

forefinger. When both the auditory and tactile stimulus was the same, the two modalities had frequency, 

intensity, and timing congruence. In a MUSHRA-like set-up (4), listeners were asked to rate the 

melody alongside versions in which the intensity, frequency, and timing of the tactile stimulus was 

made incongruent or asynchronous with the auditory stimulus. The results showed removing intensity 

and timing congruence had the greatest and most reliable negative effect on ratings. There was an 

additional effect of musicianship, where listeners with more musical training were affected more by 

congruence. 

It was hypothesized cochlear implant listeners would have similar results to normal hearing 

listeners. Rhythm discrimination, which considers intensity and timing, is generally similar in 

cochlear implant listeners to rhythm discrimination in people with normal hearing (5). Therefore, the 

congruence of the two parameters in the auditory and tactile modalities should grant the same benefit 

to vibrotactile music enhancement as with normal hearing listeners. 

However, there are potential confounds. Audio-tactile integration has been shown to occur less in 

people with cochlear implants. People with cochlear implants are less likely to fall for audio -tactile 

illusions which depend on audio-tactile integration to occur (6). At the same time, these effects are 

dependent on the time of implantation (7). 

Other variables can potentially affect results as well. Age, for example, is a predictor of tactile 

sensitivity and could affect results (8). Likewise, musicians have been shown to have better tactile 

frequency discrimination than non-musicians (9). 

The present study aimed to repeat the experiment on listeners with cochlear implants. A group of 

eighteen cochlear implant listeners and twenty-three normal hearing listeners were presented with five 

buttons, each which presented a simple auditory melody and accompanying tactile stimulation. Each 

button presented the tactile stimulation with a different level of audio-tactile congruence to the 

auditory melody. Three audio-tactile congruences were tested for their effect on participant 

preference: intensity congruence, fundamental frequency congruence, and timing alignment. 

2. METHODS 

2.1 Participants 

Eighteen cochlear implant (CI) listeners were recruited (ages 41-82, median 65) from a variety of 

brands (3 Cochlear, 3 Med-El, 1 AB, 11 Oticon Medical). Twenty-three normal hearing (NH) listeners 

were recruited (ages 19-27, median 24) with no self-reported hearing difficulties as a control group. 

2.2 Stimuli 

Auditory stimuli were presented between 58 dB SPL and 70 dB SPL for the normal hearing listeners 

over supra-aural headphones. Cochlear implant listeners adjusted the level of a sample melody to an 

audible, comfortable range, which was then used for all subsequent stimuli.  

Tactile stimuli were presented through a Lofelt L5 held between the thumb and the forefinger 

inside a fabric-lined box. Tactile stimuli were perceptually equalized to a level of 600 mV at 100 Hz 

and 300 mV at 100 Hz using an intensity matching task.  

The stimuli used in the experiment discussed in this paper was a midi file adapted from the song 

“szárad a száj,” by the band “Chalga.” The midi file was then transposed to the frequency range of 

70-180 Hz and reconstructed with sawtooth waves for the auditory stimuli or sine waves as the tactile 

stimuli. Prior to reconstruction, features of the tactile stimulus were randomized independently of the 

auditory stimulus to achieve the desired level of congruence or incongruence. For intensity 

incongruence, the intensity of the vibration assigned to each note was shuffled. Similarly, for 

frequency incongruence, the fundamental frequency of the vibration assigned to each note was 

shuffled. Timing was made incongruent by generated a new rhythm for each musical phrase of the 

tactile stimulus, which had the same number of notes and same total duration of notes.  

 

2.3 Procedure 

  

First, listeners completed the Goldsmith-MSI to score musical sophistication and musical training. 

Second, listeners completed a tactile intensity matching task to equalize the frequency response of the 

tactile stimuli. Third, listeners completed a frequency discrimination task to screen for tactile 



 

 

sensitivity.  

Finally, the rating task was completed. Listeners were presented with ten screens with five buttons 

each. Each button presented the auditory music stimulus and a version of the tactile music stimulus. 

Each version of the tactile stimulus had a different parameter randomized (intensity, frequency, 

timing), making it incongruent with the auditory stimulus on that parameter.  Multiple songs and audio-

tactile maps were tested, however only one song (“szárad a száj”) is analyzed in this abstract.  

The second screen and the last screen in the rating task were identical to test reliability. 

3. RESULTS 

3.1 Reliability 

Between the two groups, only the normal hearing listeners were consistently reliable. Reliability 

was tested by taking the Cronbach’s alpha of the repeated rating screen for each listener. A Cronbach’s 

alpha over 0.7 is considered acceptably reliable. A box plot with the Cronbach’s alpha for both groups 

can be seen in Figure 1. 

 

Figure 1: A box plot showing the Cronbach’s alpha, a measure of reliability, for both listener groups. 

Normal hearing listeners were consistently more reliable than cochlear implant listeners. 

 

3.2 Modeling 

    A linear model of the arcsine transformed rating data (10) showed statistically significant 

coefficients (p<=0.05) for intensity congruence and timing alignment, and interactions between timing 

alignment and reliability, and timing alignment and listener group (CI versus normal hearing). A linear 

model was used to predict the effect size of each audio-tactile congruence on listener ratings. A larger 

estimated coefficient, as seen on Figure 2, signifies a larger effect size on listener ratings. A positive 

coefficient corresponds to a positive effect, and a negative coefficient corresponds to a negative effect.  

Reliability was a binary parameter: if the listener had a Cronbach’s alpha of at least 0.7, the listener 

was considered reliable. 

 



 

 

 

Figure 2: A plot showing the estimated coefficients for a linear model of the arcsine transformed rating 

data. A positive coefficient means a positive effect on listener ratings. Both normal hearing (NH) listeners 

and cochlear implant (CI) listeners showed similar patterns, except for the “non-reliable” CI listeners, who 

had a small and negative estimated coefficient for timing alignment. 

 

4. DISCUSSION 

4.1 Rating Task 

Linear modeling of the rating task for the normal hearing listeners showed that intensity 

congruence and timing alignment can be used to increase listener ratings. The results from the rating 

task concur with previous work by Aker, et al (3). 

 In the case of the cochlear implant listeners, the effect of intensity congruence and timing 

alignment were shown to have an interaction with reliability. Reliable cochlear implant listeners were 

shown to have similar results to normal hearing listeners. For reliable cochlear implant listeners, 

intensity congruence and timing alignment had a positive effect on ratings  (Figure 2). 

For non-reliable cochlear implant listeners with a Cronbach’s alpha of less than 0.7, only 

intensity congruence showed a positive coefficient for ratings (Figure 2). Due to the poor reliability, 

it is difficult to draw conclusions from the coefficients themselves. However, it is worth investigating 

the source of such high unreliability in cochlear implant listeners. 

4.2 Source of Unreliability 

Consistently poor reliability in cochlear implant listeners suggests a reason intrinsic to the test, 

either related to the use of the cochlear implant itself, or a confounding factor between the two listener 

groups. 

The source of the unreliability in cochlear implant listeners could be due to several factors. First, 

cochlear implant listeners have been shown to have lower audio-tactile integration than normal 

hearing listeners at implantation, which is restored the longer the cochlear implant is used. The amount 

of time since implantation could affect reliability. 

Musical training could also influence reliability. Aker, et al. (3) showed an effect of musical 

training on how much audio-tactile congruence affected user preferences. Listeners with more musical 

training were influenced more by congruence in the auditory and tactile stimuli. As cochlear implant 

listeners often change their music listening habits after implantation, musical training and background 

could be a confounding factor or interaction. 

Third, there are several key confounding factors between the two listener groups. In particular, the 

age groups of the two listener groups were different. The cochlear implant listeners in the present 

study were between 41-82, while the normal hearing listeners recruited for the current study were 20-

30 years old. As age is a predictor of tactile sensitivity (8), this could be a potential confound. 



 

 

4.3 Implications 

The present study has two main implications. First, cochlear implant listeners with a Cronbach’s 

alpha higher than 0.7, signifying reliable results, have similar audio-tactile congruence preferences as 

normal hearing listeners. This implies certain cochlear implant listeners could benefit from a similar 

audio-vibrotactile coding scheme that normal hearing listeners do. 

However, the large number of cochlear implant listeners with Cronbach’s alpha below 0.7 suggest 

that only a cohort of cochlear implant listeners might be able to benefit in the same way as normal 

hearing listeners. An investigation into predictors of the reliability is necessary to measure the 

potential benefit of vibrotactile music enhancement for cochlear implant listeners. 

4.4 Future work 

Future work will focus on investigating correlates and possible causes for the discrepancy in 

reliability. The experiment will be repeated on normal hearing listeners age-matched with the cochlear 

implant listeners to investigate the age-confound. The effect of musical training and cochlear implant 

experience will also be investigated. 
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ABSTRACT 

Going out to a concert has been perceived as one of the activities people missed the most during this pandemic. 

However, some people's hearing impairment prevents them from enjoying this basic social event. So far, only 

a telecoil-loop system installed in a few theatres can provide a little auditory reinforcement. To fill that need, 

we investigate different systems that can provide tactile reinforcement for them. The systems vary by their 

complexities and the part of the body targeted. The hands are excited by metal and wood plates mounted on 

springs equipped with shakers. The shape of the plate is designed to elicit different resonance frequencies at 

different locations. The belly is excited by a large wood multifaceted structure that can be hugged. Each face 

is equipped with small shakers tuned to specific resonance frequencies. Finally, the audience is seated in a 

wood chair equipped with dowels that will directly stimulate the audience's back and legs through the chairs. 

The installations are displayed in museums and festivals, where the audience is invited to experience music 

through vibration. After that, the audience filled out a questionnaire to assess the success of each device. 

 

Keywords: Audio-Tactile, Cochlear Implant, Music, Art 

1. INTRODUCTION 

We perceive the world through all our senses. For example, the experience of drinking a good wine 

involves our sense of taste, smell, vision, and touch. Similarly, we do not only hear music, but we also 

feel it through vibrations. We can easily forget it because our sense of hearing is more adapted to 

transmitting acoustic waves than our sense of touch. However, someone with a hearing loss will rely 

more heavily on this other sense to compensate for their deficit. 

 The main treatment to restore sound perception is either amplifying the sound (the hearing aid) 

or directly stimulating the auditory nerve (the cochlear implant). However, combining audio and 

tactile stimulation will allow us to use the body's full potential and maximize the amount of sound we 

can restore. This year, we worked with two Swiss artists and the Museum of Art and History of Geneva 

to create a permanent art installation that provides people with a handicap a richer musical experience. 

Three prototypes were built and tested. The first one was a simple podium equipped with a shaker. 

The second one was designed to decompose the frequency components into different regions that 

vibrate maximally different body parts (see figure 1, right). This mechanism was inspired by the 

basilar membrane that decomposes the sound into filter bands before activating individual nerve fibers. 

The third prototype decouples the vibrations from the structure supporting the body to increase 

frequency selectivity and decrease vibration damping by the user's weight. Additionally, the 

sympathetic bars transmit the vibrations directly to the users  (see figure 1, left). They are currently 

used for their monthly concert ("le Retour du Jeudi"). In collaboration with the University of Geneva, 

the audience is invited to fill out a survey after each show to give feedback on their experience. 
The second set of devices has been created to engage a younger audience at the demand of the 

Danish association "Rum for Aestitik." It has been displayed at the festival Distortion for kids. This 

set of installations was designed to evoke the theme of nature and the forest. Each part was built to 

have specific places of excitation with the minimum amount of shakers.  
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Figure 1: The first auditory loungers placed in the Museum of Geneva 

The vibrating forest 

Each of those installations was mainly designed by master's students from the Technical University 

of Denmark under the guidance of the main author. The visual design was supervised by a local artist 

(kiralworld.com).  

1.1 The flower 

A large flower of 1 meter in diameter was created out of plywood (see figure 2 left). Each petal 

was tuned to resonate at a specific resonance frequency. A Clark Synthesis (Gold) shaker is placed a t 

the center of the flower (the ovary). This shaker was selected because of its larger frequency response 

that allows both the petal's vibration at low frequency and the audible higher frequency range of the 

music.  

1.2 The tree 

The tree is a structure made for hugging. It is composed of a 2-meter vertical metal rod equipped 

with two shakers positioned at 90 degrees angles that excite the rod perpendicularly. Twenty-four 

wood panels (see figure 2 center) are distributed along the rod and are connected with perpendicular 

metal bars. Therefore, different frequencies will excite different modes of excitation of the rod. 

Depending on those modes, different wood panels will resonate. A delay of 10 ms between the shakers 

was introduced to decouple them. 

1.3 The spiral 

This installation was created by cutting a spiral into a metal sheet with a CNC machine. Then by 

hanging the center of the plate, a downward spiral appeared. The basilar membrane inspired the two-

and-a-half turn of the spiral. Additionally, as in the cochlear, the width of the spiral decreased 

gradually, letting a thicker part with a low resonance frequency at the apex and a thinner part with a 

high resonance frequency at the end. A shaker was connected to the top of the spiral (see figure 2, 

right). 

 

 

 

 

 

 

 



 

 

 

   
Figure 2: Three different audio-tactile installations: The flower, the tree, and the spiral 

 

2. CONCLUSIONS 

Restoring hearing through vibration is not a new idea. However, it is fair to say that no commercial 

device has emerged as an elegant and efficient solution. It can be argued that to achieve real progress, 

the problem must be tackled simultaneously from many different angles. This project involves 

engineers, acousticians, audiologists, musicians, neuroscientists, designers, and patient assoc iations 

to create the most appropriate solutions. 

Each of these installations will be thoroughly tested by a diverse audience. The first result of the 

installation will be presented during the conference.  
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ABSTRACT 
To investigate the dominant pathway of contralateral sound transmission, the vibration response on the skull 
bones was observed including the facial side of skull. The measurement was conducted with a freshly frozen 
cadaver and the bone conduction stimulation was applied to the mastoid using a bone vibrator. The 
acceleration responses and coherence between excitation and receiver points were observed by using triaxial 
accelerometers at the opposite side of mastoid and midline points, such as forehead, nose and chin. The 
results show that the bone conduction stimulation is efficiently transferred for the mid-frequency range, 0.7 – 
2 kHz. Moreover, it was observed that both of magnitude response and coherence show the significantly high 
value at the face side of midline excepting the chin.  
 
Keywords: Bone conduction, Vibration transmission, Coherence function 

1. INTRODUCTION 
The measurement of vibration response on the skull bones was conducted to investigate the 

dominant pathway of bone conduction. Many previous studies have been conducted to investigate 
the transmission characteristics of bone conduction stimuli [1-4]. As an excitation and monitoring 
points for bone conduction transmission, the area near the mastoids and occipital area has been 
mainly considered in most of previous studies. In this study, it was observed that the vibrations of 
the skull bones, including facial bones, vary in frequency, and transverse waves appear differently in 
each bone. 

2. SPECIMEN AND MEASUREMENT SETUP 
As a specimen, the head of a fresh human cadaver cut from the body at the neck was investigated. 

The preparation of cadaver followed the protocol of Yonsei University. The donor consented to the 
post-mortem use of their bodies for science according to the terms of the human body donation 
program of the Institute of Anatomy, Yonsei University. 

Two different coordinate systems were employed as shown in Figs. 1. Figure 1(a) shows the 
coordinate for the mastoid to mastoid transmission and figure 1(b) is for the points on midline. Two 
triaxial accelerometers were placed and maintained at each mastoid position for whole measurement. 
Three triaxial accelerometers were attached at each position of midline and moved to different 
positions along the midline in turns from chin to occipital.  
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(a)  

(b)  

Figure 1 – Coordinate system and accelerometer position: (a) mastoid positions, (b) on the midline 

3. RESULTS 
Figure 2(a) shows the frequency response at the mastoid position excited by the bone vibrator at 

the opposite mastoid position. The relatively high level is observed in the frequency range of 0.7 – 2 
kHz referred to the y-direction of excitation position. The coherences of signal are observed as 
shown in Fig. 2(b) and it is observed that the coherence higher than 0.9 is observed in the frequency 
range of 0.5 – 2 kHz. This means that the efficient and coherent signal transmission is possible 
within the frequency range of 700 Hz to 2 kHz with the excitation of normal direction for the 
mastoid to mastoid transmission. 

Figure 3 shows the frequency response at the midline positions excited by the bone vibrator at 
mastoid position. In this result, it is observed that the measured value on the chin was slightly lower 
than that at the other points. Similar to the case between mastoid positions, it is also observed that 
the y-direction components of the excitation point are efficiently transferred compared to the other 
directions. The coherences between the accelerations measured at the midline positions and the 
mastoid opposite the excitation position are shown in Fig. 4. The chin shows a consistently lower 
coherence than the other positions, regardless of the propagation direction. The overall tendency is 
consistent with the mastoid-to-mastoid case shown in Fig. 2(b), except for the chin position, which 
consistently shows the lower values than the other positions. This means that a frequency range of 
0.7-2 kHz has a high correlation for most of skull positions. However, for frequencies of higher than 
2 kHz, the other position can be more efficient than the case of mastoid-to-mastoid transmission. 

 
(a)  

(b)  

Figure 2 – (a) Frequency response of the cadaver head at the opposite mastoid positions excited by the bone 

vibrator at mastoid position, and (b) its coherence (color of each line means the direction shown in Fig. 

1(a)) 
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(a)  

(b)  

(c)  

Figure 3 – Frequency response of the cadaver head at the midline positions excited by the bone vibrator at 

mastoid position (color of each line means the measured position shown in Fig. 1(b)): (a) azimuth direction, 

(b) elevation direction, (c) normal direction  
(a)  

(b)  

(c)  

Figure 4 – Coherence between each accelerometer output of the cadaver head excited by the bone vibrator at 

mastoid position opposite to the excitation (color of each line means the measured position shown in Fig. 

1(b)): (a) azimuth direction, (b) elevation direction, (c) normal direction 
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4. CONCLUSION 
The vibration response on the skull bones was observed including the facial side of skull. The 

measurement was conducted with a freshly frozen cadaver and the bone conduction stimulation was 
applied to the mastoid using a bone vibrator. The acceleration responses and coherence between 
excitation and receiver points were observed by using triaxial accelerometers at the opposite side of 
mastoid and midline points. The results show that the bone conduction stimulation is efficiently 
transferred for the mid-frequency range, 0.7 – 2 kHz and it was observed that both of magnitude 
response and coherence show the significantly high value at the face side of midline excepting the chin. 
This indicates that such a frontal side of the face had a high contralateral BC efficiency, and the signal 
transmission from the specific midline to mastoid can be efficient. 
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ABSTRACT 

Auditory attention decoding (AAD) has been developed to detect the attended speech using 

electroencephalography. Recently, a real-time AAD method using linear decoder model has been 

introduced lead to expand the application of AAD in terms of auditory brain computer interface. 

However, people focus on sounds of varying volumes in everyday conversation, so the question of 

whether AAD is possible in various sound stimuli arises. The present study aimed to investigate the effect 

of the difference in volume between two competing speech in a dichotic listening paradigm for online AAD. 

Most comfortable level (MCL) and dichotic speech recognition threshold (SRT) were evaluated. And the 

‘Sound level for Speech intelligibility (SI) of 90%’ and ‘Sound Level for SI 50%’ were also calculated. In 

online AAD task, four different sound level (MCL, MCL-20dBA, Sound level for SI of 90% and SI 50%) 

were introduced as attended speech, while the sound level of ignored speeches was fixed at the MCL. There 

was no difference in AAD performance based on the four sound levels conditions. In addition, volume 

difference was not significantly correlated with the individual decoder accuracy. This preliminary study 

identified that lowering attended speech volume to SRT level had no effect on AAD. 

 

Keywords: Online auditory attention decoding, Electroencephalography, most comfortable level, dichotic 

speech recognition threshold 

1. INTRODUCTION 

Selective auditory attention, also known as the "cocktail party effect," is the ability to focus on an 

interesting sound or speech in a multi-talker environment. Several hypotheses supported the selective 

auditory attention. Due to limited capacity and performance of human brain, human information 

processing system has “bottle neck” to select useful sound signal before auditory processing (1). 

Another hypothesis proposed that all sensory information is attended to and evaluated fo r meaning 

before it enters short-term memory. Furthermore, the filter analyzes the semantic properties of the 

sound information and allows sound with relevant sound information to pass through to short term 

memory while ignoring irrelevant information (2). In addition, it is suggested that there is a threshold 

mechanism in selective auditory attention in which words from the unattended stream of information 

can grab one's attention by volume or meaning. (3)  

Several studies have been introduced to find the attended or ignored speech signals by assessing 

brain activity. Auditory cortical activity is entrained to the temporal envelope of speech  signals, and 

the envelope of attended speech have shown that the entrainment is dominantly represented over 

ignored speech (4, 5). Based on these insights, auditory attention decoding (AAD) can provide 

information on which speech the listener is attending to, using electroencephalography (EEG; (6)) and 

magnetoencephalography (MEG; (7)). O’sullivan et al (6) demonstrated a decoder model that can 

select the attended speech based on the correlation between the envelope of reconstructed speech and 
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that of the actual speech in a dichotic listening paradigm. An online AAD method that can decode 

auditory attention in real time was proposed based on this decoder model  (8).  

Recently, several AAD studies have also shown that auditory attention decoding is possible for 

various listening conditions such as the presence of background noise (9), presentation of stimuli 

through loudspeakers located at diverse positions (10, 11) and using stimuli filtered by a Head-Related 

Transfer Functions (12, 13). However, there were few studies that investigated the effect of speech 

volume on AAD performance. 

In the real listening environment, the speech signals have diverse volume level depending on the 

sound source, and the loudness may be an important factor for auditory attention detection. However, 

most AAD studies with dichotic listening tasks used two competing speeches with equal sound 

intensity. Therefore, we investigated the effect of the difference in sound level (sound pressure level 

(SPL)) between two competing talkers on the AAD performance.  

2. METHOD 

 Subjects 

 We recruited 7 participants (2 females; ages 19 to 28 years) with bilateral normal hearing. All 

participants were all right-handed and native Korean speakers. If a participant had a history of a neurological 

disorders or hearing loss, they were excluded from the study. Written informed consent was obtained from 

all participants. This experiment was approved by the Institutional Review Board (IRB) at the Hanyang 

University and performed in accordance with the Declaration of Helsinki and Good Clinical Practice 

guidelines (IRB code: 202207-006). 

 Subject-specific sound intensity of stimuli  

To determine equivalent speech intelligibility levels across participants due to differences in 

participant’s hearing ability, subject-specific sound intensity was determined before an online AAD 

task.  

2.2.1 Most Comfortable Level (MCL) 
 Most comfortable level was determined in a sound-proof room. Speech signals were introduced 

via in-ear earphone and speech sound level was increased or decreased by 5 dBA steps based on the 

response of the participant (14). And participant asked to select the most comfortable sound speech 

level in each ear (15).  

2.2.2 Dichotic speech recognition threshold (SRT)  
  We conducted a dichotic speech recognition threshold (SRT) task that the subjects had to repeat 

the sentence presented in the attended side, while ignoring speech stimulus presented in the other ear. 

  The ignored speech stimuli was introduced at the subject-specific MCL of the corresponding side, 

and the sound level of target stimulus was adaptively decreased until the volume level at which the 

subject could correctly recognize 50% of the words in the sentence (16). 

In the dichotic SRT task, the Korean Matrix sentence (17) narrated by a female was used as target 

signal. The ignored stimuli were derived from one of the stories presented in the AAD task (female 

voice), however, the sentences were extracted at random to avoid  

The task was conducted for right and left ear (always right ear first), 15 sentences were presented 

respectively. Speech intelligibility (SI) was estimated by fitting a sigmoid function on the sentence 

recall scores of the last 13 sentences. Based on fitted SI curves, we obtained subject-specific sound 

level for speech intelligibility of 90% and 50% in the dichotic SRT tasks. The subject-specific sound 

level for SI was demonstrated as SPL difference (SPL of attended stimulus - MCL). The mean sound 

level for SI (of right and left ear) was used for online AAD task. 

 Stimuli & Procedure 

  Four speech signals were used as stimuli for the online AAD task. Two speech signals (out of 

four) was constructed based on two stories, “Journey to the center of the earth” and “Twenty thousand 

leagues under the sea” by Jules Verne. Speech signals were recorded by two male speakers and edited 

to a length of one minute for 14 trials of AAD training. The other two speech signals were excerpted 

from the Korea listening test of the “Korean SAT”. Speech signals also recorded by same male 

speakers and consisted of two sections of 28 different topics (each with length of 1 min) . Speech 

silences longer than 0.5 seconds were truncated to 0.5 seconds to prevent attention loss brought on by 

a lack of auditory stimulation. Speech stimulations were presented via air-conduction earphones (ER2, 



 

 

Etymotic Research, IL, USA). 

The experiment was divided into two sessions (Table 1). The first experiment (14 trials) was used 

to build the online decoder model, while the second experiment (28 trials) were for evaluating online 

decoder performance in a different speech volume levels. Thus, a tota l of 42 trials of AAD task was 

presented per subjects. In the first experiment, the two different stories were introduced to each ear 

with subject specific MCL. And the subjects were asked to attend to the story in one ear, while ignoring 

the story in the other ear. In the second experiment, two different speeches excerpted from the Korean 

SAT to each ear simultaneously and were instructed the same attention task.  

The SPL of ignored speeches was fixed at subject-specific MCL. The SPL of attended speeches was 

presented at four different sound levels: ‘MCL’, ‘MCL-20dBA’, ‘Sound level for SI 90%’ and ‘Sound 

Level for SI 50%’. Here, ‘Sound level for SI 90%’ and ‘Sound Level for SI 50%’ indicate subject-

specific sound level for speech intelligibility of 90% and 50%. The SPL of attended speech was equal 

to (‘MCL’ condition) or lower than (the other conditions) that of ignored speech.  For ‘MCL’ and 

‘MCL-20dB’ conditions, the SPL difference between attended and ignored speech was equal across 

all subjects (0 dBA and -20dBA). In contrast, for ‘SI 90%’ and ‘SI 50%’ conditions, SPL differences 

were different across all subjects. The four different sound levels were presented randomly.  

The attention direction in which the attended speech was presented was equally distributed to left 

or right over all presentations. The subjects could identify the attention direction through two types 

of attention cues: directional sound (tone sound twice, length 500 ms) and a directional arrow on a 

monitor. The directional sound was presented only to the side of the attention direction, and at the 

same time, the directional arrow pointed to the attention direction.   

After each trial, participants were asked to fill out four multiple-choice questions to confirm their 

attention: two pertaining to the target speech, and the other two pertaining to the ignored speech.  For 

second experimental session, the subjects were asked to answer, “How well could you hear the target 

speech?”, as a numeric rating scale of 1 (easy to hear) to 5 (hard to hear) after each trial. 

 

Table 1 – The sound profile for sound intensity in the dichotic listening tasks for AAD task. 

 Online AAD model 

We performed an online decoder model proposed by previous study to conduct online AAD task 

(8). The conventional decoder model reconstructs the envelope of attended speech from EEG signals 

and estimated envelope correlations (by Pearson’s correlation) with reconstructed envelope and 

original envelope of speech. The online decoder model applied an overlapping sliding window that 

slides a window at a given interval to the conventional decoder model to extract the snippets of EEG 

signals and the envelope of the speech.  We used same parameter with Baek et al (8) such as time lag, 

regularization parameter, width of a window and the moving interval of the window fo r the online 

decoder model. 

The online decoder accuracy was evaluated by correlating the reconstructed envelope of speech 

with the original envelope of attended and ignored speech. The reconstructed speech envelope was 

considered to be estimated correctly for the window if the envelope correlation with attended speech 

Experiment 

session 

Attended  

stimulus 

Stimulus SPL 

(dBA) 

Ignored  

stimulus 

Stimulus SPL 

(dBA) 

Experiment 1 Story 1 MCL  Story 2 MCL  

Experiment 2 Korean SAT 1 

MCL 

Korean SAT 2 MCL 
MCL-20dBA 

SI 90 % 

SI 50 % 

MCL : most comfort level of loudness. 

SI 90% : Sound pressure level for speech intelligibility of 90%. 

SI 50% : Sound pressure level for speech intelligibility of 50%. 



 

 

envelope is higher than that with the ignored speech envelope.  The online decoder accuracy was 

estimated as a percentage of the correctly evaluated windows over every trial held for  the decoder 

model evaluation (experiment 2). 

 Data acquisition & analysis 

 EEG signals were recorded using fifteen electrodes (Fz, Cz, C3, C4, P7, P8, Pz, F7, F8, F3, F4, 

T7, T8, P3, and P4) with OpenBCI (Cyton with Daisy Biosensing Boards, OpenBCI, USA). The 

electrode at the CPz served as the reference point for EEG signals. EEG signals were re -referenced to 

a common average reference. The recorded EEG signals were bandpass filtered between 0.5 and 8 Hz 

and downsampled to 64 Hz and z-scored. Speech envelopes were estimated using the Hilbert transform, 

downsampled to 64 Hz, and z-scored before the experiment. During the experiment, EEG signals were 

continuously transmitted to the laptop through BrainFlow (Parfenov, A BrainFlow) at a sampling rate 

of 125 Hz. All data analysis was performed in real time using a customized Python script.   

3. Results 

 Subject-specific sound intensity of stimuli 

The mean MCL is measured 62.14 ± 3.93 dBA across all subjects (shown in figure 1 (a)). Figure 1 

(b) shows results of SPL difference between attended and ignored speech for SI 90% and SI 50% in 

the dichotic SRT task. 

In the case of the task for the left ear, average SI 90% is -34.07 ± 3.43 dBA and average SI 50% 

level is -37.97 ± 4.21 dBA. In the case of the task for the right ear, average SI 90% level is -29.9 ± 

4.74 dBA and average SI 50% level is -35.95 ± 2.82 dBA. For the mean of left and right results, SI 

90% is -31.99 ± 3.96 and SI 50% is -37.03 ± 3.35 dBA. The subject-specific MCL and mean results 

of each SI 90% and SI 50% were used for the online AAD task.  

 

Figure 1 – Results of Most comfort level (MCL) and dichotic speech recognition threshold (SRT) task for 

seven subjects. (a) Mean MCL and standard deviation across seven subjects. Each symbol represents 

individual result for MCL. (b) The SPL difference between attended sentence and ignored sentence 

corresponding to speech intelligibility 90% and speech intelligibility 50% extracted by the dichotic SRT 

task. Each caption includes results of dichotic SRT task for left and right ear and mean of both ear. Each 

symbol represents individual results for corresponding conditions. 

 Behavior test 

 During the Experiment 1, the average correct answer rate for target speech was 87.76 ± 5.87 %, 

and for ignored speech was 25.51 ± 8.10 % across all subjects (figure 2 (a)).  

During the Experiment 2, the average correct answer rate for target speech at MCL condition (i.e. 

no SPL difference), was 75.51 ± 6.97% (for ignored speech was 34.69 ± 11.97 %). For ‘MCL-20dBA’ 

condition, the average correct answer rate for target speech was 76.53 ± 6.79 % (33.67 ± 18.77% for 

ignored speech). For ‘SI 90%’ and ‘SI 50%’ conditions, the average correct answer for target speech 



 

 

were 63.27 ± 12.66 % and 56.12 ± 18.64% (for ignored speech were 34.69 ± 11.97 % and 44.90 ± 

17.84 %) as shown figure 2 (b). 

 Self-reported subjective scales 

Figure 2 (c) shows the results of self-reported subjective scales on a range of 1-5 (easy-hard). The 

scale significantly decreases with SPL difference (r = -0.9280, p < 0.001), indicating that Participants 

reported that the smaller the SPL difference, the better ability to listen to the target speech. 

 

Figure 2 – Results of behavior test for experiment 1 and 2, and subjective scales. (a) The average result of 

behavior test for experiment 1. (b) The average result of behavior test for experiment 2. (c) Individual 

rating of subjective scales according to individual SPL difference of seven subjects for the four conditions. 

The symbol in purple, yellow, red and blue correspond to ‘SI 50%’, ‘SI 90%’, ‘MCL-20dB’ and ‘MCL’ 

conditions (7 subject * 4 conditions = 28 points). Each symbol represents individual results for all subject. 

The gray line is a least-squares regression of rating of subjective scales with SPL difference. 

 Online AAD performance result of difference sound level conditions 

Figure 3 shows the average decoder accuracy and standard deviation for seven participants. The 

average decoder accuracy was obtained by averaging all decoder accuracy across each conditions for 

each participant.  

As a result of the decoder for ‘MCL’ condition, the average decoder accuracy was 65.00± 

6.15 %, %. For ‘MCL-20dBA’ condition, the average decoder accuracy was 67.88±10.86 %. For each 

‘SI 90%’ and ‘SI 50%’ condition, the average decoder accuracy was 70.32±13.77 % and 

69.34±14.07 %. Also, we performed Wilcoxon’s signed rank test between ‘MCL’ and each three 

conditions. There was no significant difference anywhere.  

To investigate the effect of volume difference between attended and ignored speech, we used a 

Pearson’s correlation between SPL difference and individual decoder accuracy or envelope correlation 

(Figure. 4). The individual decoder accuracy at corresponding SPL difference for each subject is 

shown in figure 4 (a). There was no significant correlation for individual decoder accuracies across 

all SPL difference conditions (r = -0.057, p > 0.05).  

Figure 4 (b) demonstrated the correlation between SPL difference and envelop correlation. In the 

case of envelope correlation related to attended speech, envelop correlations does not significantly 

correlate with SPL difference (r = 0.029, p > 0.05). Regarding correlation for ignored speech 

according to SPL difference, all conditions did not show significant correlation between SPL 

difference and envelop correlation (r = -0.046, p > 0.05). 

4. Discussion 

In this study, we explored the effect of volume difference between attended and ignored speech on 

the online AAD performance for normal hearing individuals. The average decoder accuracy did not 

significantly differ between conditions with SPL difference (‘MCL-20dBA’, ‘SI 90%’ and ‘SI 50%’ 

conditions) and conditions without SPL difference (‘MCL’ condition). Also, we found no significant 

correlation between individual decoder accuracy (or envelope correlation) and SPL difference across 

four SPL difference conditions (p > 0.05). 



 

 

 

 

Figure 3 – Mean and standard deviation of online decoder accuracy for four sound level conditions. 

 

 

Figure 4 – Individual decoder accuracy and correlation correlations for the difference in SPL between 

attended and ignored speech for seven subjects. In addition, gray regression lines represent the predicted 

data for all SPL difference conditions. The symbols in purple, yellow, red and blue correspond to ‘SI 50%’, 

‘SI 90%’, ‘MCL-20dB’ and ‘MCL’ conditions (7 subject * 4 conditions * each 7 trials = 196 points). Each 

symbol represents individual result for results for corresponding conditions. (a) Individual decoder 

accuracy according to individual SPL difference. (b) Individual correlation correlations related with 

attended (top) and ignored (bottom) speech according to individual SPL difference. 

 

In this work, there was no difference of AAD performance between condition without SPL 

difference and conditions with SPL difference. This result means that if the sound intensity of target 

speech is presented to the listener as the intensity between MCL and SRT among dynamic range of 

human hearing, AAD can perform well even when there was SPL difference. 

We can guess that this might be the results of listening effort for auditory attention. The SPL 

difference makes it more difficult to focus on target speech, requiring more listening effort from the 

subjects, and hence better neural entrainment in envelope of target speech could be represented. The 



 

 

better neural representation might help increase the decoder accuracy under three conditions with SPL 

difference. Das et al (9) investigated the effect of background noise level and speaker location on 

AAD performance. They showed that in condition of the 180° separation between two competing 

speakers (same as speaker location in our work), average decoder accuracies of condition with 

background noise was higher than those without background noise. This also means that AAD can be 

well performed, even when faced with difficult listening environment for speech understanding. In 

addition, the SPL difference between two competing speech make it easier to distinguish between 

them, helping to select auditory attention object. In this regard, although conditions with SPL 

difference are hard to focus on target speech compared to condition without SPL difference, AAD 

performance in conditions with SPL difference might not different from condition withou t SPL 

difference depending on the attending ability.  

To application of AAD to real life that exist sound sources with various sound level simultaneously, 

it was necessary to investigate the effect of SPL difference between competing talkers on AAD.  

However, to confirm whether AAD can apply to auditory brain computer interface, this work requires 

for further investigation of individual with hearing loss. The current results show that online AAD 

can perform even in the situation where SPL of target speech is  lower than other speeches. 

ACKNOWLEDGEMENTS 

This research was supported by the National Research Council of Science & Technology (NST) 

grant by the Korea government (MSIT) (No. CAP21051-200). This research was supported by the 

National Research Foundation of Korea (NRF) grants funded by the Korea government 

(2021R1F1A1054810). This work was supported by the KIST Institutional Program (Project No. 

2E00000-00-000). 

REFERENCES 

1. Goldstein S, Naglieri JA. Executive functioning. A Goldstein, Sam. 2014. 

2. Deutsch JA, Deutsch D. Attention: Some theoretical considerations. Psychological review. 1963;70(1):80. 

3. Treisman AM. Strategies and models of selective attention. Psychological review. 1969;76(3):282. 

4. Mesgarani N, Chang EF. Selective cortical representation of attended speaker in multi-talker speech 

perception. Nature. 2012;485(7397):233-6. 

5. Woldorff MG, Gallen CC, Hampson SA, Hillyard SA, Pantev C, Sobel D, et al. Modulation of early 

sensory processing in human auditory cortex during auditory selective attention. Proceedings of the 

National Academy of Sciences. 1993;90(18):8722-6. 

6. O'Sullivan JA, Power AJ, Mesgarani N, Rajaram S, Foxe JJ, Shinn-Cunningham BG, et al. Attentional 

selection in a cocktail party environment can be decoded from single-trial EEG. Cerebral cortex. 

2015;25(7):1697-706. 

7. Koskinen M, Viinikanoja J, Kurimo M, Klami A, Kaski S, Hari R. Identifying fragments of natural speech 

from the listener's MEG signals. Human brain mapping. 2013;34(6):1477-89. 

8. Baek S-C, Chung JH, Lim Y. Implementation of an Online Auditory Attention Detection Model with 

Electroencephalography in a Dichotomous Listening Experiment. Sensors. 2021;21(2):531. 

9. Das N, Bertrand A, Francart T. EEG-based auditory attention detection: boundary conditions for 

background noise and speaker positions. Journal of neural engineering. 2018;15(6):066017. 

10. Horton C, Srinivasan R, D’Zmura M. Envelope responses in single-trial EEG indicate attended speaker 

in a ‘cocktail party’. Journal of neural engineering. 2014;11(4):046015. 

11. Fuglsang SA, Dau T, Hjortkjær J. Noise-robust cortical tracking of attended speech in real-world acoustic 

scenes. Neuroimage. 2017;156:435-44. 

12. Das N, Biesmans W, Bertrand A, Francart T. The effect of head-related filtering and ear-specific decoding 

bias on auditory attention detection. Journal of neural engineering. 2016;13(5):056014. 

13. Kerlin JR, Shahin AJ, Miller LM. Attentional gain control of ongoing cortical speech representations in a 

“cocktail party”. Journal of Neuroscience. 2010;30(2):620-8. 

14. Cox RM, Alexander GC, Taylor IM, Gray GA. The contour test of loudness perception. Ear and hearing. 

1997;18(5):388-400. 

15. Sherlock LP, Formby C. Estimates of loudness, loudness discomfort, and the auditory dynamic range: 

normative estimates, comparison of procedures, and test-retest reliability. Journal of the American 

Academy of Audiology. 2005;16(02):085-100. 

16. Brand T, Kollmeier B. Efficient adaptive procedures for threshold and concurrent slope estimates for 



 

 

psychophysics and speech intelligibility tests. The Journal of the Acoustical Society of America. 

2002;111(6):2801-10. 

17. Kim KH, Lee JH. Evaluation of the Korean matrix sentence test: Verification of the list equivalence and 

the effect of word position. Audiology and Speech Research. 2018;14(2):100-7. 

 



Developing the LISTENING IN SPATIALIZED NOISE SENTENCES
(LiSN-S) test in Brazilian Portuguese

Bruno MASIERO(1), Leticia R. BORGES(2), Harvey DILLON(3), Maria Francisca COLELLA-SANTOS(4)

(1)Communication Acoustics Lab, University of Campinas, Brazil, masiero@unicamp.br
(2)Faculty of Hearing Sciences, Pontifical Catholic University of Campinas, Brazil, leticiarborges@yahoo.com.br

(3)Department of Linguistics, Macquarie University, Australia, harvey.dillon@mq.edu.au
(4)Faculty of Medical Sciences, University of Campinas, Brazil, mfcolell@unicamp.br

ABSTRACT
The Listening in Spatialized Noise Sentences (LiSN-S) is a test to evaluate auditory spatial processing cur-
rently only available in the English language. To develop the LiSN-S test in Brazilian Portuguese it was
necessary to first devise a presentation software and prepare a speech database, recorded by professional
voice actresses, to be inserted into the software. These sentences were presented to a group of 35 adults (aged
between 19 and 40 years) and 24 children (aged between 8 and 10 years), all with normal hearing—tested
through tone audiometry, speech audiometry and tympanometry testing—and good performance at school.
We used a logistic curve describing word error rate versus presentation level, fitted for each sentence, to select
a set of 120 sentences and adjust their amplitudes for equal intelligibility. We are currently applying the test
to a new group of students to determine normality criteria for age groups between 6 and 11 years. Hopefully,
the results obtained in this research will help to disclose the importance of studying spatial processing, espe-
cially in children with complaints related to hearing difficulties in noisy environments, thus contributing to
the diagnosis and help audiologists to plan a more fully and efficient rehabilitation of Brazilian children.

Keywords: spatial hearing, central auditory processing disorder, speech-in-noise test

1 INTRODUCTION
The Central Auditory Processing (CAP) can be defined as the efficiency and effectiveness with which the
central auditory nervous system uses auditory information. It refers to the perceptual processing of auditory
information and the neurobiological activity underlying this processing that gives rise to electrophysiologi-
cal auditory potentials (1, 2). The analysis and interpretation of normal and efficient auditory information
involves several sub-processes or skills necessary for auditory processing to occur and includes the neural
mechanisms underlying a variety of auditory behaviors, such as: sound localization and lateralization; au-
ditory discrimination; auditory pattern recognition; temporal aspects of hearing (integration, discrimination,
resolution and temporal masking); auditory performance on competitive acoustic signals (including dichotic
listening) and auditory performance on degraded acoustic signals (3, 4, 5).

Central Auditory Processing Disorder (CAPD) is a dysfunction in the central auditory nervous system
(CANS) that leads to hearing difficulties (2). It can occur in patients with neurological damage to the
CANS (6), the elderly (7) and children (5). In the pediatric population, there are several possible causes
of the disorder, including delayed maturation of the CANS (6), presence of ectopic cells in the auditory
system (8), otitis media, as well as CNS injury in a minority of cases (9). The estimated prevalence of this
disorder in school-age children ranges from 2 to 5% (4).

Since the 1950s, numerous tests have been created to assess the central functions of hearing. More
recently, the auditory mechanism of binaural integration was identified as one of the main central processes
that should be included in the CAP assessment, particularly in cases where there are complaints or clinical
information of difficulty in locating the sound source or in hearing in a noisy environment, which can be
caused by a deficit in this domain (1). The ability to understand speech in a noisy environment is directly
related to the listener’s ability to use binaural cues to differentiate the location of the sound source from the
location of the noise (10). Thus, to understand speech in a noisy environment, it is necessary to focus on the
person we want to hear and simultaneously suppress competing sounds from different places. This process

ABS-0273



can be called spatial processing (11) and allows us to obtain important information, necessary to be able to
understand speech and participate in conversations.

The Listening in Spatialized Noise–Sentences (LiSN-S) test (12) was developed in Australia, with the
objective of evaluating the spatial processing of individuals with complaints related to CAPD. It is a speech-
in-noise test, applied through a dedicated computer software, via a headset that produces a three-dimensional
virtual auditory environment. The three-dimensional effect is achieved by processing the speech stimulus by
the head-related transfer function (HRTF) (12). A simple repetition response protocol is used to obtain the
Speech Recognition Threshold (SRT), defined as the signal-to-noise ratio that produces 50% intelligibility for
sentences presented together with competitive speech stimuli, in this case, children’s stories. The phrases, or
target stimulus, were prepared by an Australian speech pathologist and recorded by a single woman. The
children’s stories were written by an Australian writer and recorded by the same woman who recorded the
target phrases, but also by two other female speakers. The phrases and the competitive message are presented
to both ears simultaneously. By using appropriate HRTFs, target phrases are processed to be perceived as
always coming directly in front of the listener (0◦ azimuth), while competitive speeches are processed to be
perceived as coming from 0◦ azimuth or coming from +90◦ and −90◦ azimuth simultaneously. Moreover,
competitive speech may vary the speaker’s vocal identity in relation to target phrases.

LiSN-S is an assessment test that has been shown to be sensitive in children with CAPD and in other
populations with impaired binaural integration processing (13, 14). Children with a history of otitis media
are at risk for long-term functional hearing loss related to spatial processing skills, as assessed by LiSN-S. In
addition, risk was found to be related to age at onset and duration of otitis media episodes. They highlighted
the need for early intervention in these cases and an awareness that there may be a change in auditory skills
even after sound detection returns to normal. They found that further studies need to be developed with
children with well-documented otitis media (15).

The main purpose of this study is to develop the LISN-S test in Brazilian Portuguese. In this manuscript
we describe the development of a software to assess spatial processing (Section 2), the development of
speech material for the Brazilian Portuguese database, which was inserted into the software (Section 3),
and the sentence intelligibility equalization procedure (Section 4). The definition of normality criteria for
an age group from 6 to 11 years old is underway. In addition, the results obtained in normal children
will be analyzed and compared with those who had a history of otitis media in childhood. The research
was approved by the Ethics in Research Committee of Campinas State University under No. 3,462,572 and
participants were not reimbursed for their involvement.

2 PRESENTATION SOFTWARE
The software and the graphical user interface (GUI) were initially developed in Matlab using the App De-
signer tool. The graphical interface was developed to allow the examiner to start the test application pro-
cedure, record the number of words correctly repeated by the patient and visualize the test progress. Based
on the data provided by the examiner, the software automatically adjusts the next sentence’s sound pressure
level in order to determine the SRT.

Although Matlab’s App Designer platform allows the construction of powerful graphical interfaces, the
use of Matlab software has two disadvantages: Matlab is a proprietary software with a pricey license and,
even running a compiled version of the application, it is necessary to install the 1GB+ Matlab Runtime to
run in the background.

For these reasons, it was decided to rewrite the test application interface in Python. As an interpreted
language, Python has a lower computational performance than compiled languages such as C++ and Java.
However, this does not become relevant for this specific application because it does not require very large
processing power. In this case, the simplicity requirement overrides the performance requirement. For the
development of the graphical interface (see an example in Figure 1), the PyQT5 library was chosen, which is
compatible with QtDesigner, a software used to design interfaces by dragging-and-dropping. Audio processing
was done with the PyAudio library. Finally, the code was compiled using the cx-Freeze library, which
resulted in an executable file of 196 MB, where over the half of this file size is composed of audio files. A
video illustrating how the LiSN-S test work can be viewed at https://youtu.be/8NBxeIqr8s4.

3 AUDIO DATABASE
Speech therapists from the research team elaborated 187 sentences (9 with 3 words, 49 with 4 words, 77
with 5 words, 46 with 6 words and 6 with 7 words), considering the vocabulary, syntax and semantic content
suitable for children from 6 years old. In addition, two children’s stories were selected that were used as a
competitive speech stimulus.

https://youtu.be/8NBxeIqr8s4


Figure 1. Example of the graphical user interface programmed in Python to apply the LiSN-S tests in
Brazilian Portuguese.

The recording of the target sentences and the competitive stories were performed in an anechoic chamber
by three vocal actresses of the same age group, with similar vocal characteristics and accent. They were all
instructed to speak in a clear voice, normal rhythm and avoid stressing any words. Speaker A recorded all
target sentences and the two competitive stories while speakers B and C recorded only the two competitive
stories. An AKG microphone, model c3000, was used for the recording. Recorded material was saved as
WAV files using a sampling frequency of 44.1 kHz and 16 bit depth.

The audio material was edited using Audacity. Prolonged pauses were removed during the editing process
to ensure the storytelling was smooth and at a constant intensity. Each competitive story lasts just over two
minutes while the target sentences lasted, on average, 2 s. Furthermore, a period of 100 ms of silence was
inserted immediately before and after each story while a period of 500 ms of silence was inserted immediately
before and after each sentence.

The root mean square (RMS) level of all sentences and stories was computed in decibels (dB) and aver-
aged. All signals were then normalized to the calculated average value. After normalization the stimuli were
further attenuated by 7 dB to ensure that saturation does not occur after convolution with the HRTFs. The
HRTFs used were measured from a 10 years old extracted from an openly available Children’s HRTFs and
Anthropometric Scans for Auditory Research (CHASAR) dataset (16).

4 INTELLIGIBILITY EQUALIZATION
The following study was conducted to determine the relative intelligibility of the LiSN-S sentences and to
adjust the level of the sentences for equal intelligibility.

4.1 Participants
The procedure described above was performed with 35 adults (30 females and 5 males) aged between 19
and 40 years, median of 22 years, and 24 children (8 female and 16 male) aged between 8 and 10 years,
median of 9 years. All had normal hearing and good performance at school.

4.2 Materials
Test was applied through a Samsung Windows PC coupled to a Sennheiser HD 280 PRO headset via an
RME Madiface audio interface.

4.3 Design and Procedure
The equivalence study used the same adaptive procedure used by the LiSN-S test itself for the “low cue”
condition, that is, target sentence and competitive stories presented with the same voice and virtually in front
of the listener. Each volunteer was instructed to repeat the phrase heard after the beep and to ignore the
competitive story. The number of correctly repeated words was registered into the software.

Target sentences and competing histories were presented simultaneously in six blocks of 31 sentences—in



order to keep the blocks relatively short and thus minimize patient fatigue—with a period of rest in between
sections. For the first block there were an extra 2 training sentences presented with a fixed signal-to-noise
ratio (SNR) of 7 dB. The remaining sentences were presented in an adaptive fashion.

The competitive stimulus was presented at a fix sound pressure level of 65 dB SPL1. Before each target
sentence, a warning signal was presented, consisting of a pulsatile tone of 1 kHz and 60 dB SPL, modulated
by a Hann window, with a total duration of 200 ms. The sentences were presented 500 ms after the warning.

The target sentences were presented in random order. In the first block there was a training phase con-
sisting of the first three sentences, that were presented at a fixed SNR of 7 dB, i.e., the competitive stimulus
is presented at 65 dB SPL and the target stimulus is presented at 72 dB SPL. From the presentation of the
fourth sentence onward, the presentation levels were adjusted in 4 dB steps until the first reversal occurs, that
is, the first response with less than 50% of the correct words. If the number of words correctly identified
in the previous sentence is exactly 50%, the level of the next target stimulus is kept unaltered. If the first
reversal is negative, i.e., the participant responded with less than 50% correct word during training, the block
must be restarted. From the first positive reversal onward, sentences were adjusted in 2 dB steps.

At the end of each block the SRT was calculated as the average of at least three midpoints, and in turn,
each midpoint was calculated as the average of the level of a positive reversal and its subsequent negative
reversal. From the second presentation block onward, the first target sentence was presented at a level 3 dB
above the SRT found in the previous block and always using 2 dB steps.

The presentation software recorded the order in which all sentences were presented, the level at which
they were presented, as well as the number of correctly repeated words for each target sentence.

5 RESULTS
The data collected as described in the previous section was analyzed in order to obtain a method to select the
most adequate sentences to compose the Brazilian Portuguese LiSN-S and later correct the selected sentences
for equal intelligibility.

5.1 Exploratory analysis
For all exploratory statistical analysis that follow we discarded the first 3 sentences presented to each partic-
ipant, as these sentences were presented at a fixed level of 72 dB, as a training phase.

We started evaluating the effect of age. A one-way analysis of variance (ANOVA) was performed to
compare the effect of age (children VS adults) on the raw target sentence level (TSL). The analysis revealed
that there was a significant difference between both groups (F(1,10854) = 2530.32, p = 0). However, for the
intelligibility equalization procedure we are interested in the adjusted target sentence level (aTSL), i.e., the
target sentence level in relation to the individual’s estimated SRT. When we repeated the one-way ANOVA
to compare the effect of age on the aTSL, the analysis revealed that the difference is no longer significant
(F(1,10854) = 0.88, p = 0.347). Therefore, for the remainder of this analysis we combine both groups.

Next we analyze the individual performance. To do so, we executed a one-way ANOVA to compare the
effect of the individual on the aTSL. The analysis revealed that there was a statistically significant differ-
ence in mean aTSL between at least two groups (F(58,10797) = 1.86, p = 8.42e-05). Tukey’s HSD Test
for multiple comparisons indicated that two individuals stand out from the group. After discarding the re-
sponses of these two individuals, there is no longer any significant difference between the remaining subjects
(F(56,10431) = 1.03, p = 0.418).

Regarding the target sentences, we conducted a one-way ANOVA to evaluate the effect of individual
sentences on the aTSL. The analysis revealed that there was a statistically significant difference in mean aTSL
between at least two sentences (F(186,10669) = 3.02, p = 0). Furthermore, a one-way ANOVA on the effect
of error rate on the aTSL revealed that the average aTSL is different for the different hit rates (F(18,10836) =
179.77, p = 0). Both results were expected and corroborate the need for sentence intelligibility equalization.

Additionally, we analyzed if the number of words in the target sentence did influence the results. A
one-way ANOVA on the effect of number of words on the aTSL revealed there was a significant difference
between groups (F(4,10850) = 4.29, p = 0.0018). Tukey’s HSD Test for multiple comparisons indicated that
the mean value of aTSL was significantly different between sentences with five words and sentences with
three or seven words. However, we have no indication that we should rule out a group of sentences by their
number of words.

1Originally, LiSN-S presents the competitive stimulus at 55 dB SPL (12) . However, as the SRT usually occurs with an SNR of 10 to 15 dB,
the threshold target stimulus level is around 40 dB SPL, which can, in itself, make speech recognition difficult.



Figure 2. Distribution of aTSL in which the data was presented and the rate of correct words. On the left
we have the marginal distribution of the rate of correct words and below the marginal distribution of the
aTSL. The orange dots show the average number of correctly recognized words in bands of 1 dB aTSL. The
diameter of the points is proportional to the logarithm of the number of presentations.

5.2 Distribution of samples
Figure 2 shows the rate of correct words versus the target sentence level in relation to the estimated SRT,
also known as aTSL, when combining all 187 target sentences. The histogram at the bottom shows the
frequency in which sentences were presented (corrected by the individual SRTs) and it seems to approach a
normal distribution. On the other hand, the histogram on the left shows that the target sentences were most
often either not recognized (31%) or completely recognized (43%), and it appears to have a beta distribution.

For a fixed value of aTSL, the rate of correct words can be modeled as a binomial distribution, since the
act of correctly recognizing each word can be understood as a Bernoulli experiment, where the output of the
experiment is whether the word is correctly recognized or not. The maximum of the binomial distribution
occurs at the expected value, given by E[X ] = np, where n is the number of trials, in our case the number
of words presented at a given aTSL, and p is the probability of correctly recognizing a word at that aTSL.
A logistic curve models the behavior of p as a function of the aTSL.

5.3 Sentence Selection
The data collected was used to determine the relative intelligibility of the 187 prepared sentences. Based on
that, we were able to select 120 sentences to be used in the Brazilian Portuguese LiSN-S and to adjust the
level of these selected sentences for equal intelligibility.

To determine the relative intelligibility we first discarded the training sentences and the responses from
two participants, as discussed in Section 5.1. We also discarded three sentences perceived as “bad” during
listening tests. For each of the remaining sentences, we combined the results of all volunteers and fit a
psychometric function, defined by the logistic curve

p =
exp(a+bX)

1+ exp(a+bX)
, (1)

where p is the percent correct word and X is the aTSL. One can verify that S = b/4 is related to the slope
of the steepest portion of the curve and that the ratio R =−a/b represents the SRT, i.e., the aTSL needed to
achieve 50% correct identification of words in a sentence. The logistic curves fitted to our data are presented
in Figure 3 while Figure 4 shows the distribution of S and R.

Sentences with a “bad” fit, measured by the coefficient of determination (R2)2 smaller than 0.5, were
discarded.

To select the final 120 sentences, we decided to choose those sentences “closest” to the central point of
this distribution presented in Figure 4. Among the various possible ways of defining “distance”, we chose to

2The coefficient of determination is defined as the proportion of the variation in the dependent variable (in our case the rate of correct words)
that is predictable from the independent variable (in our case the aTSL).



Figure 3. Logistic curves fitted for each of the tested sentences.

Figure 4. Distribution of R and S values for each of the tested sentences. In red the median of the values,
in blue the points related to the selected phrases and in orange the discarded phrases.



Figure 5. Logistic curves of the 120 selected sentences after adjustment for the same intelligibility.

use the ℓ∞-norm3 of the values normalized as a function of their standard deviations. This resulted on the
following upper and lower bounds for S and R:

• R−median(R)< 1.9 dB or R−median(R)>−1.9 dB;

• S < 0.75 or S > 0.28.

The selected points are shown in blue in Figure 4, with the discarded ones in orange. Notice how the
selection region has a rectangular shape.

5.4 Intelligibility adjustment
After selection of 120 sentences, the amplitude of the selected sentences was adjusted to equal intelligibility.
To do so, we vary the level of each sentence by the amount needed to make all the psychometric functions
have the same level for 50% accuracy. This adjustment is made by amplifying each phrase by −R, which is
equivalent to shifting the curves to the right or left in Figure 3. The result of the curves after adjusting for
intelligibility equalization is given in Figure 5.

6 CONCLUSIONS
We were able to craft a presentation software for the Brazilian Portuguese version of the LiSN-S test and
produce the audio material to be used with the test. After proper audio editing and normalization, sentences
were presented to 59 individuals in an adaptive fashion, recording the sentence’s presentation level and num-
ber of words repeated correctly. Based on these results, we defined a criteria to selected 120 sentences as the
Brazilian Portuguese LiSN-S sentences and further equalized the selected sentences for equal intelligibility.

Research is ongoing and software and speech material are ready for application in a selected sample to
determine the test’s normality criteria. It is hoped that the results obtained in this research may provide sup-
port for understanding the functioning of the central auditory nervous system structures involved in binaural
interaction tasks, from the cochlear nucleus to the auditory cortex in Brazilian children. In addition, we hope
to disclose the importance of studying spatial processing, especially in children with complaints related to
hearing difficulties in noisy environments, to contribute to the diagnosis and help audiologists to plan a more
fully and efficiently rehabilitation.
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ABSTRACT 

Cochlear implant is the most successful active implantable electronic neural prosthetic device in history. 

Recently, the number of recipients has reached 1 million. The device consists of implantable pulse generator 

(IPG) and wearable speech processor (SP). And each has various components such as cochlear electrode 

array, hermetic package, receiver-transmitter coils, neural stimulation/recording integrated circuit, software, 

and hardware for SP unit, and so on. In this study, we introduce the 32-channel cochlear implant and its 

preliminary assessment results. The electrode array is manufactured by laser-micromachining process instead 

of manually handled conventional method. While the electrode array is manufactured by novel process, 

materials for electrode, wire and encapsulation are identical to conventional cochlear implants. Mechanical 

and electrochemical characteristics are measured to be feasible for clinical use. Including manufacturable 32-

channel cochlear electrode array, IPG shows Good Laboratory Practice (GLP)-compliant ISO-10993 

biocompatibility.  

 

Keywords: Cochlear Implant, Neural Prosthesis, Implantable Pulse Generator 

1. INTRODUCTION 

Cochlear implant is an implantable medical device which restores hearings of people with severe 

hearing loss. It delivers electrical pulses to hearing nerves through neural interfaces which is inserted 

in cochlea. For last 40 years, it has restored hearings of more than 1 million people throughout the 

globe. [1] However, there are still more than 10 million people who can regain hearing by getting 

cochlear implant surgery, and the number is adding up by 112,700 each year. [2] It has been 

continuously pointed out that the cost exceeding 20,000 USD of cochlear implant is the key barrier of 

global penetration. Besides the raw materials, the manual fabrication is one of the factors that make 

cochlear implant cost high. In recent article, we introduced manufacturable 32-channel cochlear 

electrode array and its preliminary assessment results. [3] On the contrary to conventional research 

for low-cost cochlear neural interfaces fabricated by semiconductor process, we employ micro laser -

structuring for semi-automated process. In this session, authors share recent progress of first 

commercial 32-channel manufacturable cochlear implant.  

  

2. MATRIALS AND FABRICATION 

Exterior of cochlear implant consists of electrode array, lead wire, hermetic package, receiver coil 

and encapsulation (Figure 1). Raw materials for these components should be selected in consideration 

of safety and efficacy. Platinum 90%-Iridium 10% alloy is used in electrode contacts and wires array. 

As shown in the previous article [3], the bonding process between each electrode and wire pair is 

needless because the electrode and wire array are carved from 20-micron-thick platinum-iridium alloy 

film. To secure durability of the connection between electrode array and hermetic package, the 32-

channel lead wire array employs 3-dimensional serpentine structure. Titanium 90%-Aluminum 6%-

Vanadium 4% alloy (Ti6Al4V-ELI) is used for hermetic package. Gold receiver coil and 32-channel 

wires are welded to feedthroughs on hermetic package. All components are encapsulated by 
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biocompatible silicone elastomer.  

 

Figure 1 32-channel Cochlear Implant Exterior 

3. PRECLINICAL ASSESSMENT 

3.1 Biocompatibility 

ISO 10993-compliant tests were conducted by GLP-certified facilities. The system went through 

implantation (ISO 10993-6) and sub-chronic systemic toxicity (ISO 10993-11) tests at Korea Testing 

& Research Institute (KTR, Gwacheon, South Korea). And Cytotoxicity (ISO 10993-5), maximization 

sensitization (ISO 10993-10), irritation & intracutaneous reactivity (ISO 10993-10), and pyrogen (ISO 

10993-11) tests were done by Korea Testing Laboratory (KTL, Seoul, South Korea). All listed test 

reports say that the raw materials went through cochlear implant manufacturing process were passed 

the biocompatibility tests. 

 

3.2 Mechanical and Electrochemical Properties of Electrode Array [3] 

Stiffness of the electrode array is measured by pushing a point on the electrode surface which is 6 

mm away from fixation zig while the probe makes the electrode shape from its normal shape to 30° 

deformation. Vertical and horizontal stiffness are measured to be 19.8 mN, and 15.7 mN, respectively, 

which shows that its stiffness is comparable to one of commercial cochlear implant (Nurobiosys, 

South Korea). The impedance of the electrode contact is measured to be 3.11 ± 0.89 kOhm and −48.9 

± 7.61° at 1 kHz, and the average CSCc is 5.09 mC/cm2, which is feasible for clinical use. The 

proposed electrode array is inserted human scala tympani (ST) model to measure insertion and 

extraction forces which can be applied during surgeries. The insertion force is measured as 17.4 mN 

at 8 mm from the round window while metal wire-based electrode array showed 19.2 mN at the same 

point. Maximum insertion force is 61.4 mN at the end of the insertion (24 mm). Which is nearly half 

insertion force (111.8 mN) of the conventional wire-based electrode array.  

 

4. DISSCUSSION 

We propose two usefulness of the 32-channel cochlear electrode array in terms of efficacy and cost. 

Original motivation of the research has been laid in how we can reduce the cost of cochlear implant 

to be affordable even in poor circumstances. Reducing cost can be achieved in several ways such as 

moving factories to developing countries which require less labor cost, changing raw materials 

through innovative material engineering or introducing a new fabrication technology. In previous 

research, the author tried to fabricate the flexible cochlear electrode array on liquid crystal polymer 

which is known to be biocompatible and semiconductor-process-compatible. [4] [5] But, employing 

new materials which have never been used as active implantable medical device and have never been 

verified by authorized test facilities based on ISO-compliant tests have huge barriers to market 

penetration: regulatory process. The authors made small shift in the research direction from novelty 

to feasibility while maintaining the manufacturability of the device. Introducing the ultra-short pulse 

laser structuring process, we propose manufacturable high-density cochlear electrode array based on 
conventional materials.  

Current commercial cochlear electrodes have 22, 16, and 12 physical contacts depending on 



 

 

manufacturers. It has been said that there are little differences in performance relevant to the number 

of active channels. [6] [7] The main hypothesis is that the electric field interference between adjacent 

channels make little difference if electrode contacts are too close. However, in recent research, it is 

said that there is positive correlation between number of channel and sound recognition. [8] [9] [10] 

For further research, new cochlear implant platform with more than 22 channel is needed. We expect 

suggesting platform can contribute to cochlear implant and hearing research field.  
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ABSTRACT 
The main purpose of this study is to identify significant acoustic and linguistic features from the spontaneous 
speech of Korean elderly individuals with cognitive declines. It is important to differentiate the early stage 
of dementia from the normal aging, but few studies have been conducted in Korean. Knowing the phonetic 
and linguistic changes of different stage of cognitive impairment is important for detection and analysis. We 
analyzed the difference of acoustic and linguistic characteristics between the normal, mild cognitive 
impairment (MCI) and Alzheimer's disease (AD) in elderly groups from spontaneous speech obtained during 
the speech task through statistical analysis and classification. As a result, we found a meaningful feature set 
in phonetic characteristics of MCI and AD stage distinguished from intact subject. Moreover, acoustic feature 
shows better performance in classification between normal and MCI/AD compared to linguistic feature. This 
study can provide a technical background in clinical and engineering researches for detection of cognitive 
declines in Korean elderly. 
 
Keywords: MCI, Alzheimer’s disease, speech 

1. INTRODUCTION 
As people ages, the cognitive decline in a person is emerging as a critical social issue (1). In 

particular, it is important to diagnose it in the early stage and slow the disease’s progress before the 
dementia stage. Therefore, interest for effective diagnose of mild cognitive impairment (MCI) is 
increasing in many studies (2). In addition, it is important to monitor cognitive state of aged population 
in their real life, because they have difficulty in visiting doctor. Recently, speech is known as an 
effective indicator of cognitive impairment from its early to late stage (3). Because most of the 
cognitive impairment significantly impacts on memory, language and speech, spontaneous speech 
reflects pathological changes in aged brain.  

However, there are few studies on the influence of cognitive decline on speech in Korean. In this 
study, the main purpose was to analyze how MCI and Alzheimer's disease (AD) affects phonetic and 
linguistic characteristics in Korean using machine learning techniques and statistical analysis 
techniques. We expect this paper can contribute future development of automatic detection system of 
MCI and dementia from spontaneous Korean speech. 

                                                        
1 dsh7560@etri.re.kr (Correspondence) 
2 hbjeon@etri.re.kr  

ABS-0539



 

 

2. METHOD 

2.1 Dataset 
This study used the Cognitive dysfunction diagnosis voice/conversation dataset built by the Korea 

Intelligent Information Society Agency and published on the AI hub (https://aihub.or.kr). The dataset 
consists of audio data and transcription files for clinical speech tasks for 191 normal elderly people, 
134 patients with MCI, and 131 patients with AD. The subject’s personal information was deleted in 
preprocess step. Subject’s information was attached as age, gender, MMSE pre-test score, and doctor’s 
diagnosis.  

2.2 Acoustic Feature 
We used an open-source audio feature extraction tool, openSMILE (https://github.com/ 

audeering/opensmile) to extract acoustic feature from audio dataset (4). Type of feature set was 
eGeMAPSv02 at the functionals feature level, resulting a total of 88 dimensions of acoustic features 
were extracted from each instance. One-way analysis of variance (ANOVA) test was used as statistical 
analysis method to compare two groups. Binary classification was performed for normal versus MCI 
and/or AD groups using a logistic classifier trained with 10-fold cross validation.  

2.3 Linguistic Feature 
We used an opened pre-trained model KoBERT (https://github.com/SKTBrain/KoBERT), pre-

trained Korean language model, based on bidirectional encoder representations from transformer 
(BERT) (5). A BERT-based sentence embedding vector was used as a feature and a shallow layer 
classifier was attached to the last layer. In fine-tuning training, parameters other than the last layer of 
BERT were frozen and fully weighted. Because the given methodology suffers from the lack of 
training data, the MCI group and the AD group were considered as one group during classification. 
Test accuracy was obtained by 5-fold cross validation. 

3. RESULT and DISCUSSION 

3.1 Statistical Analysis 
We compare the acoustic feature between normal and MCI and AD groups.  
As a result, there was a significant (p<0.01) difference between the normal and MCI in 34 out of 

88 features. In the case of the normal versus AD group, 37 features out of 88 features showed 
significant (p<0.01) difference. Only 17 features showed significant difference in both the normal vs 
MCI and normal vs AD groups in common. There were more features showing statistical difference 
between normal vs AD, which suggests more severe cognitive impairment affects more acoustic 
components compared to normal people. Figure 1 shows four examples of acoustic features for Normal, 
MCI, AD groups. Asterisk represents significant difference (p<0.01) between the corresponding 
groups.  

 
Figure 1 – Values of four types of acoustic features a) Loudness_sma3_amean, (b) 

F0semitoneFrom27.5Hz_stddevNorm, (c) Mean_unvoiced_segment_length, (d) mfcc1_stddevNorm in 



 

 

Normal, MCI, and AD groups. X-axis shows the name of group and y-axis shows the feature value. 

Asterisk with line represents statistical difference between indicated groups. 
 

3.2 Classification Results 
We investigated the classification results between groups using acoustic and linguistic feature for 

speech tasks. To fulfill the main purpose of this study, four spontaneous speech tasks (task 5: picture 
description of the park, task 9: talking about the happy memory, task 10: talking about the sad memory, 
task 11: talking about what happened yesterday) were selected among 11 tasks. For the four tasks, we 
conducted three types of classification; 1) classification of normal and MCI using acoustic feature, 2) 
classification of normal and AD using acoustic feature, and 3) classification of normal and MCI+AD 
using linguistic feature. Figure 2 shows the average of test accuracy from the classification models. 
The results show that for all the tasks, classification accuracy is the best in the case of normal vs AD 
groups using acoustic features. For three tasks (task 5, 9, 10) of all tasks, linguistic feature produces 
the worst performance in classification. The best accuracy 83 % occurs when discriminating AD from 
normal people using acoustic feature.  

Classification results revealed that acoustic feature is better to discriminate cognitive decline than 
linguistic feature, although it is difficult to compare the classification results of acoustic and linguistic 
features because of their methodology. There are two possible reasons: First, phonetic characteristics 
could be more affected by MCI and AD because it is hard to regard the given tasks are completely 
spontaneous. Secondly, the amount of data is too small to solve the mismatch between pre-trained 
KoBERT model used in linguistic feature extraction. Therefore, if fully spontaneous speech is 
evaluated on more sufficient training data, there could be better achievement in detection of cognitive 
declines. Moreover, classification results can be further improved by combining acoustic and 
linguistic feature in feature level. 

 

 
Figure 2 – Bar graph of test accuracy in classification between 1) Normal versus MCI groups using 

acoustic feature, 2) Normal versus AD groups using acoustic feature, and 3) Normal versus MCI/AD 

groups using linguistic feature.  
 

4. CONCLUSION 
The main purpose of this study is to investigate the impact of cognitive declines in phonetic and 

linguistic characteristics for Korean speech. We first investigate the statistical differences between 
normal, MCI, and AD groups using acoustic feature. The result of statistical analysis shows more 
phonetic characteristics are affected by AD than MCI compared to normal person. Moreover, we found 
acoustic features provide better performance in classification of normal and cognitively declined 
group, compared to linguistic feature. This study presents the possibility with methodology of using 
acoustic and linguistic features when studying cognitive impairment such as MCI and Alzheimer’s 



 

 

disease in Korean.  
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ABSTRACT 

Sound event detection (SED) has been applying many methods from other domains actively adopting deep 

learning (DL). However, direct application of DL methods from other domains without thorough assessment 

and analysis on the specialty and characteristics of SED do not result in optimized performance. Recent works 

such as FilterAugment and frequency dynamic convolution has revealed that SED is highly frequency 

dependent task. FilterAugment which generalizes SED model to extract sound event patterns over wider 

frequency bands improved SED performance by 6.5%. Frequency Dynamic Convolution that applied 

frequency-adaptive convolution kernel to loosen translation-invariance of convolution on frequency axis 

improved SED performance by 7.7%. This is consistent to physiological knowledge on human hearing 

system, that sounds are perceived by human on time-frequency domain. In this work, we further analyze on 

the frequency-dependent of SED using these two methods, and how these methods affect each other. 

 

Keywords: Sound Event Detection, Frequency-Dependence, FilterAugment, Frequency Dynamic 

Convolution 

1. INTRODUCTION 

Sound Event Detection (SED) is an audio-related task which aims to automatically detect if target 

sound event classes can be heard and when they can be heard within given audio clips. It requires not 

only classification of the sound event classes, but also time localization of those sound events (1). As 

detection of sound events from given audio clip requires pattern recognition of those sound events, 

SED has been developed rapidly since success of deep learning (DL) in image recognition field, which 

requires pattern recognition as well. DL methods developed for 2D image recognition are successfully 

implanted to SED by applying those methods on 2D audio data such as log mel spectrogram (1). By 

expanding 1D audio data with time dimension into 2D audio data with time and frequency dimension, 

audio patterns become more apparent. However, such 2D audio patterns exhibit different 

characteristics form 2D image patterns. While image data’s two dimensions are both location, audio 

data’s dimensions are time and frequency, which have different physics. While location in single 

dimension is bidirectional quantity, time is unidirectional quantity that only flows in one direction: 

from past to future. Furthermore, frequency is absolute quantity while location and time can be views 

as relative quantities. Such differences in data domain introduces physical inconsistency when 

applying DL methods for image domain on SED. Such inconsistencies has to be resolved to make 

SED models to be more accurate and robust. Among time and frequency, frequency has to be more 

carefully considered on SED because human auditory system process 1D audio signal into 2D audio 

signal by adding frequency dimension and frequency is more different from location than time. In this 

work, we discuss two DL methods on SED those address this issue by considering frequency 

dimension, FilterAugment and frequency dynamic convolution (2, 3). In this paper, effect of these 

two methods dealing with frequency dimension on SED are discussed.  

2. Frequency-Dependent SED Methods 

2.1 FilterAugment 

FilterAugment is a 2D audio data augmentation method proposed to regularize SED models on 

various acoustic environments (2). Humans trained to listen sound in various acoustic environments 

can recognize various sound events regardless of where they hear the sound events.  Therefore, SED 
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models should detect sound events in various acoustic environments as humans do. In order to 

regularize SED models over various acoustic environments, we could apply acoustic filters on training 

data to simulate acoustic environments. However, applying acoustic filters requires prior domain 

knowledge on acoustic signal processing, and requires additional computational cost. Therefore, 

FilterAugment was proposed to mimic acoustic filter with simpler method.  

FilterAugment is applied by firstly randomly choosing frequency boundaries which divides whole 

frequency region into several frequency bands. Then, random weights are applied on each frequency 

band. An example of application of FilterAugment is shown in Figure 1. Such random weighting on 

random frequency band could simply simulate acoustic environments where some frequency b ands 

are boosted while some others are attenuated. Although it would sound less natural than applying 

acoustic filters, natural sound do not guarantee better SED performance. In addition, when 

FilterAugment is differently applied on every epoch, it could highlight different frequency bands 

every epoch. Therefore, it could train SED model to extract sound event information from wider 

frequency regions. 

2.2 Frequency Dynamic Convolution 

Frequency dynamic convolution is proposed to release translational equivariance of 2D 

convolution on 2D audio data (3). 2D convolution has been successfully applied to various tasks in 

computer vision to recognize 2D patterns within images (1). One important advantage of 2D 

convolution is that it can recognize certain pattern regardless of the location within the given image. 

Translation equivariance makes sure that translation of certain pattern on convolution ’s input is also 

translated in the same direction by proportional distance on convolution’s output. In 2D image data, 

such translational equivariance should hold in both two dimensions as relative position of the image 

does not change the identity of the image. However, translation equivariance should be revisited when 

2D convolution is applied to 2D audio data with time and frequency dimensions. It is okay to be 

translation equivariant over time dimension, because sound event class do not alter when it happens 

in different time. However, it should not be translation equivariant over frequency dimension, because 

 

Figure 1 – Illustration of an example of FilterAugment. (a) An original log mel spectrogram, (b) log mel 

spectrogram applied with FilterAugment, (c) filter applied to (a) to resulted in (b). 

 

Figure 2 – Illustration of an example of Frequency Dynamic Convolution operation. 



 

 

each frequency exhibit different physical information and 2D audio data translated in frequency 

dimension would sound different from original data.  

In order to release translational equivariance of 2D convolution on 2D audio data, frequency 

dynamic convolution applies frequency-adaptive convolution kernels which adapts to each frequency 

bin by extracting frequency-adaptive attention weights and then applying weighted sum of basis 

kernels with extracted frequency-adaptive attention weights. Frequency-adaptive attention weights 

are obtained by time pooling the convolution input and applying squeeze-excitation algorithm as in 

dynamic convolution and temporal dynamic convolution []. Then, obtained attention weights are used 

to apply weighted sum on trainable basis kernels. This operation is illustrated in Figure 2.  As each 

frequency bin results in different attention weights, each frequency bin is applied with different 

convolutional kernels, thus frequency dynamic convolution releases translational equivariance over 

frequency dimension. 

3. Experimental Details 

To compare how FilterAugment and frequency dynamic convolution affects the performance of 

SED model, convolutional recurrent neural network (CRNN) based SED models were trained with or 

without FilterAugment and frequency dynamic convolution. The SED model takes log mel 

spectrogram of 10-second-long audio data with 626 time frames and 128 mel frequency bins as input. 

The architecture is based on 7 2D convolution layers, followed by two bidirectional gated recurrent 

unit (GRU) layers and one fully connected layers (1, 4). Dataset used in the experiments are from 

domestic environment sound event detection (DESED) dataset (1). Training data used synthesized 

strongly labeled dataset, real weakly labeled dataset and real unlabeled dataset from DESED. To 

compare SED performance, test was carried out using real validation dataset from DESED.  SED 

performance was measured using polyphonic sound detection score (PSDS), and was compared using 

sum of PSDS1 and PSDS2 where PSDS1 favors accurate time localization of onset and offset of sound 

events, and PSDS2 favors accurate sound event classification without cross triggers (5). The results 

listed in Table 1 is the best PSDS among 24 separate training runs for each setting. More details are 

available in the implemented code: https://github.com/frednam93/FDY-SED. There are few changes 

for this experiment from the code: median filter setting is 7 for all class and random seed is set to 42.  

4. Results and Discussions. 

The results are listed in Table 1. Both FilterAugment and frequency dynamic convolution improves 

SED performance largely by 6.5% and 7.72% respectively. This proves that SED is highly frequency-

dependent task. Also, considering that application of both methods should  result in 14.7% if two 

methods are completely uncorrelated, 12.3% improvement proves that the effect of two methods are 

only little overlapping. Although both methods solve problem in frequency domains, they perform 

different roles. From the results, we can conclude that addressing frequency dimension is crucial in 

SED. 

ACKNOWLEDGEMENTS 

This work was supported by “Human Resources Program in Energy Technology” of the Korea 

Institute of Energy Technology Evaluation and Planning (KETEP), granted financial resource from 

the Ministry of Trade, Industry & Energy, Republic of Korea. (No.20204030200050).  

Table 1 – Result of frequency-dependent SED methods 

Models PSDS1 PSDS2 Sum Improvement (%) 

Baseline 0.387 0.598 0.985 0 

+ FilterAugment 0.413 0.636 1.049 6.50 

+ FDY 0.422 0.639 1.061 7.72 

+ both 0.440 0.666 1.106 12.3 
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ABSTRACT 
Spatial audio convolved with non-individual head-related transfer function (HRTF) causes perceptual 
discrepancy for sound localization. Various methods have been suggested to predict individual HRTF. 
However, for validation of predicted HRTF, a virtual environment, hardware with various accessories, and 
considerable time cost are required to measure the localization response of the subject. Although an 
approximation model for auditory-brainstem system by signal processes can estimate localization response 
in median plane as an alternative, listener-specific parameters should be adjusted to each subject. To 
overcome this limitation, we propose a method that predicts human auditory brainstem response for elevation 
localization based on deep learning without adjusting the tuning parameter. A CNN model that extracts 
vertical localization cues including peak and notch patterns in HRTF is used. Then it predicts localization 
response by comparing the pattern of true and target HRTFs. When using the 39 experimental data of normal 
hearing people for validation, the RMSE of localization response in median plane is below 37°. 
 
Keywords: HRTF, Sound localization perception, Auditory-brainstem response, Deep learning 

1. INTRODUCTION 
For accurate simulation of sound sources from arbitrary directions, an individual head-related 

transfer function (HRTF) should be convoluted with target stimuli (1). If an audio rendering system 
uses a non-individual HRTF for the synthesis of the spatial audio, users feel perception errors (2). 
Various works related to the prediction of individual HRTF have been proposed, e.g. HRTF 
individualization and verification of individualized HRTF. To conduct verification of individualized 
HRTF, VR/AR equipment and virtual environment to measure subject response are required (3). As 
an alternative, a rule-based method to simulate human auditory-brainstem response is proposed to 
predict sound localization perception in the median plane when the subject hears spatial audio 
convoluted with random HRTF (4). However, the rule-based method has subject-specific parameters, 
so the method has a tuning process to adjust the signal process model on each subject’s auditory-
brainstem response. In this work, we propose a deep learning-based method for the estimation of 
elevation localization perception without subject-specific parameters. We design a neural network 
model for recognition of HRTF’s pattern, and training method to predict perception errors due to 
distortion of HRTF. 

2. PROPOSED METHOD 
To develop a deep learning-based method for estimation of sound localization perception, HRTF’s 

properties used for sound localization should be analyzed to design neural network structure. In 
addition, a proper training method is required to predict localization perception error due to HRTF 
distortion. In the following, we explain the details of HRTF characteristics, neural network structure, 
and training method. 

                                                        
1 b.y.ko@kaist.ac.kr 
2 hansaram@kaist.ac.kr 
3 frednam@kaist.ac.kr 
4 yhpark@kaist.ac.kr 

ABS-0447



 

 

2.1 Characteristics of HRTF 
The HRTF is a frequency response describing a transmission from a sound source in an arbitrary 

direction to an individual eardrum. In HRTF, acoustic effects from the head, torso, and ear pinna are 
contained and spectral cues (main peaks and notches in HRTF) are mainly attributed to pinna 
resonances (1). Spectral cues of HRTF are a main role in elevation localization perception in the 
auditory-brainstem response (5), and the distribution of spectral cues is dependent on sound source 
direction and frequency range as shown in Figure 1. When a human hears spatial audio, auditory-

brainstem compares true HRTF (individual HRTF) to target HRTF (an HRTF used for the synthesis of 
spatial audio) to estimate the direction of a sound source. In this process, spectral cues are extracted 
and the direction where true HRTF has the same spectral cues as target HRTF is perceived for the 
direction of a sound source.  

2.2 Neural Network Structure 
To predict elevation localization perception using the deep learning-based method, the neural 

network should be constructed based on the processes of auditory brainstem response. We use a 
convolutional neural network (CNN) as a network model because CNN is widely used for image, 
speech, sound event, and speaker identification by CNN’s pattern recognition properties (6–10). In 
addition, we apply a residual block on the network to learn low-to-high level features from network 
layers and extract the spectral cues among complex patterns in HRTF. The input of the network is the 
combination of true HRTFs (left and right) and target HRTFs according to the comparison process in 
auditory-brainstem response. The network output is a prediction of the response angle for localization 
perception depending on a target angle, and the whole process of the proposed deep learning-based 
method is described in Figure 2. 

 
Figure 1. An example of distribution of spectral cues in HRTF depending on source direction and 

frequency: X, peak; O, notch. 

 

Figure 2. Deep learning model for prediction of elevation localization perception. The target and true 

HRTFs is used as input of the network. The network predicts response angle depending on target angle. 



 

 

2.3 Training Method 
The CNN is trained with target and true HRTFs and localization perception response. In the training 

process, the input and output of the neural network should be organized in terms of subject and 
distortion type of HRTF. The distortion types of target HRTF can be low-pass filtered HRTF, spectral 
wrapped HRTF (an HRTF where spectral components are compressed to half size), individual HRTF 
(non-distorted HRTF), etc. The localization perception response is paired with target HRTF, namely 
the neural network is trained with true and target HRTFs for the same subject and the localization 
perception response measured with the true and target HRTFs. By the organized input and output of 
the network, the neural network can estimate the effect of distortion of HRTF on sound localization 
perception. 

 

   

   

   

Figure 3. Prediction results of localization perception for test set: (a) true HRTFs (left/right), (b)(d)(f) 

the different types of target HRTFs (left/right), (c)(e)(g) comparisons of true and predicted localization 

perception response, (b) individual HRTFs, (d) low-pass filtered HRTFs, (f) spectral wrapped HRTFs. 
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3. DEEP LEARING STEP-UP 
To validate our proposed method for the prediction of sound localization perception in the median 

plane, we conduct deep learning using an open dataset for elevation localization perception (4). The 
open dataset contains 39 localization measurement data for 3 types of target HRTF (13 low-pass 
filtered HRTF, 13 spectral wrapped HRTF, 13 individual HRTF) of 13 subjects and the true HRTF of 
the subjects. The range of target angle for localization response is from -30° to 210°. We use 30 data 
for a training set and 9 data for a test set. The data for 3 distortion types are evenly distributed for the 
training and test set to prevent overfitting to specific distortion type. 

4. PREDICTION OF LOCALIZATION PERCEPTION 
We plotted the prediction results for localization perception of the test set and the results are shown 

in Figure 3. In the case that individual HRTF is used for target HRTF, accurate localization according 
to target angle is observed for true localization response due to no distortion of HRTF. The results of 
the proposed network model are similar to the true localization response. In the case that low-pass 
filtered HRTF is used for target HRTF, as spectral cues are distorted except only the first peak and 
notch, incorrect localization occurs in true localization response. The neural network generates a 
similar tendency with true localization response but shows small variance. In the case that spectral 
wrapped HRTF is used for target HRTF, the significant distortion of localization perception appears 
in true localization response by the lost information of all spectral cues. Our deep learning model 
generates a similar tendency with true localization response same as the case for low-pass filtered 
HRTF but gives biased prediction to 50°. When we calculate root mean square error (RMSE) between 
true and predicted localization response as an objective metric for prediction accuracy, the RMSE of 
prediction results of our proposed method is 36.8°. 

5. CONCLUSIONS 
We propose a deep learning-based method for the prediction of elevation localization perception 

and design CNN structure and training method. By the proposed deep learning-based method, we can 
exclude the tuning process of subject-specific parameters. The designed CNN can predict localization 
perception error due to distortion of HRTF. The RMSE of prediction results is 36.8°. For future works, 
we will collect additional training data for the different types of HRTF distortion, and we will conduct 
an experiment of localization perception using VR/AR equipment and a virtual environment to verify 
our proposed deep learning-based method. 

ACKNOWLEDGEMENTS 
This work was supported by “Human Resources Program in Energy Technology” of the Korea 

Institute of Energy Technology Evaluation and Planning (KETEP), granted financial resource from 
the Ministry of Trade, Industry & Energy, Republic of Korea. (No.20204030200050). 

REFERENCES 
1. Iida K. Head-related transfer function and acoustic virtual reality. Springer Singapore; 2019. 
2. Wenzel EM, Arruda M, Kistler DJ, Wightman FL Localization using nonindividualized head‐related 

transfer functions. J Acoust Soc Am. 1993;94(1):111-123. 
3. Lu J, Qi X. Pre-trained-based individualization model for real-time spatial audio rendering system. IEEE 

Access. 2021;9:128722-128733. 
4. Baumgartner R, Majdak P, Laback B. Modeling sound-source localization in sagittal planes for human 

listeners. J Acoust Soc Am. 2014;136(2):791-802. 
5. Middlebrooks JC. Sound localization. Handbook of clinical neurology; 2015. 
6. Kim SH, Nam H, Park YH Temporal Dynamic Convolutional Neural Network for Text-Independent 

Speaker Verification and Phonemic Analysis. In ICASSP 2022; 2022. 
7. Kim SH, Nam H, Park YH. Decomposed Temporal Dynamic CNN: Efficient Time-Adaptive Network for 

Text-Independent Speaker Verification Explained with Speaker Activation Map. arXiv preprint 
arXiv:2203.15277. 2022. 

8. Lee GT, Nam H, Kim SH, Choi SM, Kim Y, Park YH. Deep learning based cough detection camera using 
enhanced features. Expert Systems with Applications. 2022;117811. 

9. Kim SH, Park YH. Adaptive convolutional neural network for text-independent speaker recognition. In 



 

 

INTERSPEECH 2021; 2021. 
10. Ko BY, Nam H, Kim SH, Min D, Choi SD, Park YH. Data Augmentation and Squeeze-and-Excitation 

Network on Multiple Dimension for Sound Event Localization and Detection in Real Scenes. arXiv 
preprint arXiv:2206.12059. 2022. 

 



 

PROCEEDINGS of the  

24th International Congress on Acoustics  

 

October 24 to 28, 2022 in Gyeongju, Korea 

ABS-0461 

 

Binaural sound event localization and detection for humanoid robot 
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ABSTRACT 

To realize human modality in humanoid robots, we propose a binaural sound event localization and detection 

(BiSELD) model that simultaneously detects and localizes sound events by learning features of head-related 

transfer function (HRTF) from binaural signals. The dataset contains training, validation, and test datasets of 

one-minute wav files synthesized by convolving sound event samples (12 classes) with head-related impulse 

responses (HRIRs) of 36 directions (12 azimuths from −180° to +180° and 3 elevations from −30° to +30°) 

from KAIST HRTF database. We propose an 8-channel binaural feature composed of mel-scaled spectrogram 

(MS), velocity-gram (V-gram), interaural-time-difference-gram (ITD-gram), interaural-level-difference-

gram (ILD-gram), and spectral-cue-gram (SC-gram). BiSELDnet consists of convolutional recurrent neural 

network (CRNN) followed by dense neural network (DNN). The output of BiSELDnet is a time frame 

sequence of 12 direction-of-arrival (DOA) vectors. Since a sound event activity is assigned to the magnitude 

of the corresponding DOA vector, sound event detection and localization can be performed simultaneously. 

BiSELDnet was trained by minimizing mean squared error (MSE) loss using Adam optimizer. The evaluation 

results on the test dataset are as follows: error rate (𝐸𝑅20°) of 0.18, F-score (𝐹20°) of 87.0%, localization error 

(𝐿𝐸𝐶𝐷) of 6.5°, localization recall (𝐿𝑅𝐶𝐷) of 85.5%, and BiSELD score of 87.7%. 

 

Keywords: Humanoid robot, Sound event localization and detection, Head-related transfer function 

1. INTRODUCTION 

We receive a variety of sounds from all directions. The task of the auditory system is to parse 

complex audio mixtures to determine possible sound sources from incoming signals. Bregman named 

this process auditory scene analysis (ASA) (1). Although incoming sounds do not fully express their 

sources, our auditory perception is rarely confusing or misleading. However, little is known about the 

neural mechanisms by which the human brain accomplishes this feat.  Over the past 40 years, several 

theories have been hypothesized to explain the processing of complex auditory scenes and perceptual 

phenomena. Most of these theories have been implemented in the form of computational models such 

as computational auditory scene analysis (CASA). Most CASA models are fragmentary in that they 

focus on evaluating the usefulness of specific algorithms for finding the causes of complex a udio 

signals rather than providing a general interpretation of ASA (2). For the application of humanoid 

robots, our goal is to emulate the ASA of human auditory processing by learning binaural features 

using deep learning models without grouping and separating sound elements as in the previous CASA. 

Sound event localization and detection (SELD) is the combined task of detecting the temporal 

activities of sound events, and localizing their spatial locations when active (3). The conventional 

SELD tasks use more than four audio input channels. However, 2-channel SELD task has not yet been 

published. To realize human modality in humanoid robots or telepresence technology, the 2-channel 

SELD method is required. In this work, we propose a deep learning based binaural sound event 

localization and detection (BiSELD) approach. Essentially, binaural signal contains information about 

head-related transfer function (HRTF). Since humanoid robots have only two audio input channels 

like humans, they must extract the HRTF information inherent in the binaural input signals to 

determine the direction of their sound sources. An ideal humanoid robot will learn its HRTF 

information like humans, and simultaneously detect and localize surrounding sound events.  Therefore, 

we propose a CRNN-based BiSELDnet to learn binaural features specialized for sound event detection 

and localization. We implemented the prototype of BiSELD model and examined its feasibility. 

 
1 hansaram@kaist.ac.kr 
2 yhpark@kaist.ac.kr 
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2. WHAT IS HRTF? 

2.1 Coordinate System 

The spherical coordinate system and head transverse planes for specifying the location of a sound 

source are shown in Figure 1. In Figure 1(a), the origin of the coordinate system is the center of the 

head, between the entrances to the two ear canals. In Figure 1(b), the horizontal, median, and lateral 

planes are illustrated. The position of a sound source is defined in the spherical coordinate system as 

(r, θ, ϕ). The azimuth θ is the angle between the y-axis and the horizontal projection of the position 

vector, defined as −180° < θ ≤ +180°. The elevation ϕ is the angle between the horizontal plane and 

the position vector of the sound source, defined as −90° ≤ ϕ ≤ +90°. 

 

Figure 1 – Illustration for coordinate system: (a) spherical coordinate system, (b) head transverse planes 

2.2 Definition of HRTF 

The sound emitted from a sound source is diffracted and reflected from the torso, head, and pinna, 

and then reaches both ears as shown in Figure 1. HRTFs are acoustic transfer functions due to the 

sound transmission process that account for the overall acoustic filtering effect by human anatomy. A 

far-field HRTF of the left or right ear for a sound source of 𝑃𝑆(𝑟, 𝜃, 𝜙) is defined as follows 

𝐻𝐿,𝑅(𝜃, 𝜙, 𝑓, 𝑠) = 𝑃𝐿,𝑅(𝑟, 𝜃, 𝜙, 𝑓, 𝑠)/𝑃0(𝑟, 𝑓), (1) 

where 𝑃𝐿,𝑅 is the complex-valued sound pressure in the frequency domain at the entrance of the left 

or right ear canal of a subject; 𝑃0 is the complex-valued sound pressure in the frequency domain at 

the center of the subject’s head in the absence of the subject; the subscripts L and R denote the left 

and right ears, f refers to frequency, and s refers to a set of parameters related to the dimensions of 

the subject’s anatomical structures. Although 𝑃𝐿,𝑅 and 𝑃0 are functions of distance r, the effects of 

r on 𝑃𝐿,𝑅 and 𝑃0 can be regarded as identical under the far-field assumption, so that the effects of r 

can be canceled out in 𝐻𝐿,𝑅. s is constant because the measurement subject is predetermined. 

3. DATASET 

3.1 HRTF Database 

To spatialize sound event data, HRTFs of a standard dummy head, Brüel & Kjær (B&K) HATS 

Type 4100, were measured. As shown in Figure 2(a), the HRTF measurement system is installed in 

the KAIST anechoic chamber (3.6 m in width, 3.6 m in length, and 2.4 m in height) and the cut-off 

frequency is 100 Hz. The distance from the head center of the dummy head to the diaphragm center 

of the speaker module is set to 1.1 m in consideration of the height of the anechoic chamber.  The 

sound source ranges of azimuth θ and elevation ϕ are set from −180° to +180° and from −40° to +90° 

with 5° resolution, respectively. The total number of sound source locations where HRTFs were 



 

 

measured was 1,944 (72 points in azimuth × 27 points in elevation). The sampling rate of the audio 

interface was 48 kHz and the sample size of the measured impulse responses was 4,096. In addition, 

the output signal of the audio interface for full frequency excitation was set as a maximum length 

sequence (MLS). In Figures 2(b1) and (c1), the arrival time difference between the left and right head-

related impulse responses (HRIRs) is maximized when the azimuth of a sound source is 90° because 

the transmission path to the right ear is the shortest, while that to the left ear is the longest.  In Figures 

2(b2) and (c2), level difference appears between the left and right HRTFs. Above 4 kHz, the 

contralateral HRTF levels are noticeably attenuated due to the low-pass filtering effect of the head 

shadow. In addition, the phase patterns at high frequency change most rapidly when a sound source is 

in the contralateral 90˚ direction, as shown in Figures 2(b3) and (c3). The KAIST HRTF database (4, 

5) and source codes are available on GitHub (https://github.com/han-saram/HRTF-HATS-KAIST). 

 

Figure 2 – HRTF measurements at 𝜃 = 90˚: (a) setup, (b1) left HRIRs, (b2) magnitude of left HRTFs, (b3) 

phase of left HRTFs, (c1) right HRIRs, (c2) magnitude of right HRTFs, (c3) phase of right HRTFs 

3.2 Data Generation 

The HRIRs of 36 directions from the KAIST HRTF database were used to simulate the binaural 

signals, i.e. 12 azimuths from −180° to +180° and 3 elevations from −30° to +30°. To train and 

evaluate BiSELDnet, we collected sound event datasets as shown in Table 1. Dataset 1 was provided 

for sound-related modeling in the field of CASA, particularly for sound event detection.  Dataset 2 is 

a training dataset available on the website of Task 2 of the 2016 IEEE AASP challenge on detection 

and classification of acoustic scenes and events (DCASE 2016). We selected 12 sound event classes 

related to emergency from the collected dataset (0: Alarm, 1: Baby, 2: Cough, 3: Crash, 4: Dog, 5: 

Female Scream, 6: Female Speech, 7: Fire, 8: Knock, 9: Male Scream, 10: Male Speech, 11: Phone) 

(6). The selected sound event classes are bolded in Table 1. Each sound event sample consists of a 

pair of a data file (WAV file format) and a label file (CSV file format).  Each label file contains the 

onset and offset times of the corresponding sound event.  The length of each data sample was cut to 

be less than five seconds. By analyzing the measured HRTFs, it was found that most spectral cues are 

distributed below 16 kHz (4, 5). Thus, the sampling frequency of dataset was set to 32 kHz, and all 

HRIR and sound event samples were resampled. Twenty sound event samples were assigned to each 

class, and samples from each class were assigned to the training, validation, and test datasets in a ratio 

of 15:3:2. Each sound event sample is convolved with HRIRs in a total of 36 directions, then one 60-

second data is generated by randomly allocating 12 synthesized samples as shown in Figure 3(c). For 

reference, the HRIR file named “a270e+30.txt” contains HRIR pairs of 270° in azimuth and +30° in  

Table 1 – Collection of sound event datasets 

 Dataset name Class 
Sampling 

rate (kHz) 

Total 

(wav files) 

Length 

(seconds) 

1 NIGENS 

Alarm, baby, crash, dog, engine, female scream, female 

speech, fire, footsteps, general, knock, male scream, male 

speech, phone, piano. 

44.1 898 16,759 

2 DCASE2016-2 
Clearing throat, cough, door slam, drawer, keyboard, keys, 

knock, laughter, page turn, phone, speech. 
44.1 220 265 

https://github.com/han-saram/HRTF-HATS-KAIST


 

 

elevation. A pair of generated 60-second data and label files is shown in Figures 3(a) and (b). The 

label is saved in CSV format file and is stored in four columns: time frame (deci-seconds), index of 

sound event class, azimuth (degrees), and elevation (degrees).  The total number of data and label file 

pairs in the dataset is shown in Table 2. 

 

Figure 3 – Data and label sample: (a) data sample, (b) label sample, (c) illustration of data generation 

 

Table 2 – Total number of data and label pairs in the training, validation, and test datasets 

 Train Valid Test Total 

Data (pairs) 540 108 72 720 

Length (seconds) 32,400 6,480 4,320 43,200 

4. FEATURE 

4.1 Binaural Sound Localization Cues 

Based on the measured HRTF database, various HRTF features can be analyzed to obtain useful 

information about the localization cues encoded in HRTFs. Psychoacoustic studies have shown that 

binaural sound localization cues for a sound source include interaural time difference (ITD), interaural 

level difference (ILD), and spectral cue (SC) (7); these values were thus derived from the measured 

HRTF database to get insight into the input feature for BiSELDnet. 

ITD is the dominant localization cue for frequencies below 1.5 kHz (8). As shown in Figure 4(a), 

ITD is nearly zero in the median plane (𝜃 = 0˚ or 180˚) because the paths from a sound source to 

both ears are approximately equal in length. However, if the sound source is off the median plane, the 

path lengths to both ears become different, so ITD has a non-zero value. ITD can be estimated as the 

time delay at which the normalized cross-correlation function of a pair of corresponding left and right 

HRIRs is maximized, as follows 

𝐼𝑇𝐷(𝜃, 𝜙) = 𝑎𝑟𝑔𝑚𝑎𝑥
𝜏

∫ ℎ𝐿(𝜃, 𝜙, 𝑡)ℎ𝑅(𝜃, 𝜙, 𝑡 − 𝜏)
+∞

−∞
𝑑𝑡

√[∫ ℎ𝐿
2(𝜃, 𝜙, 𝑡)

+∞

−∞
𝑑𝑡][∫ ℎ𝑅

2(𝜃, 𝜙, 𝑡)
+∞

−∞
𝑑𝑡]

 𝑤𝑖𝑡ℎ   |𝜏|  ≤ 1000 𝜇𝑠, (2) 

where τ is time delay, ℎ𝐿(𝜃, 𝜙, 𝑡) is a left HRIR, and ℎ𝑅(𝜃, 𝜙, 𝑡) is a right HRIR. In Figure 4(b), ITD 

values are zero at 0° and 180° in azimuth and increase gradually as sound source deviates from the 

median plane. As the sound source approaches lateral 90° directions, the absolute value of ITD 

increases and reaches its maximum value. Compared to the other elevations, the range of ITD variation 

is maximized in the horizontal plane (𝜙 = 0˚). As the source moves out of the horizontal plane, the 

ITD variation range decreases. 



 

 

 

Figure 4 – HRTF cue 1, interaural time difference (ITD): (a) illustration, (b) ITD contour map 

ILD is another important localization cue above 1.5 kHz (8). When a sound source deviates from 

the median plane, the sound pressure level at the contralateral ear is attenuated, especially at high 

frequencies, due to the head shadow effect, while the sound pressure level at the ipsilateral ear is 

slightly amplified. In the far-field with source distance far larger than the head radius, ILD is defined 

as follows 

𝐼𝐿𝐷(𝜃, 𝜙, 𝑓) = 20 log10|𝐻𝑅(𝜃, 𝜙, 𝑓)/𝐻𝐿(𝜃, 𝜙, 𝑓)|. (3) 

In Figure 5(b), the absolute value of ILD is nearly zero at the front and rear directions, and reaches 

maximum values around the lateral 90° directions. ILD values under 1.0 kHz are small and change 

smoothly with respect to the azimuth, which indicates that the head shadow effect is negligible at low 

frequencies as shown in Figure 5(a). On the other hand, at high frequencies, the absolute value of ILD 

tends to increase and varies in a complex manner. Above 5.0 kHz, ILD values are asymmetric with 

respect to 𝜃 = ±90˚. This is caused by the ear position and the pinna shape as well as the front-back 

asymmetry of the head shape. The front-back difference in the ILD pattern can be regarded as a 

localization cue to solve the front-back confusion. 

 

Figure 5 – HRTF cue 2, interaural level difference (ILD): (a) illustration, (b) ILD contour map at 𝜙 = 0˚ 

SC is an important localization cue above 5 kHz (8). The high-frequency peaks and notches of 

HRTF are generated in the pinna (9). Since first reported, the elevation dependence of the pinna notch 

frequency has been considered an important vertical localization cue (10). To analyze SC, pinna-

related transfer functions (PRTFs), i.e. acoustic transfer functions related only to the pinna, were 

extracted from the measured HRTFs. Since the first 1 ms of HRIR contains information about t he 

spectral peaks and notches for the pinna (9), HRIRs of the median plane were clipped by a 2 ms long 

Hanning window centered on the maximum sample of each HRIR, leaving only the pinna effect. Then, 

the windowed HRIRs were Fourier transformed to obtain PRTFs. In Figure 6(b), the first and second 

peaks, P1 and P2, are almost independent of sound elevation, so vertical localization cues are 

considered not included in P1 and P2. On the other hand, the first and second notches, N1 and N2, are 

highly dependent on sound elevation. When elevation varies from −40° to 90°, the N1 moves between 

8 kHz and 10 kHz, and the N2 moves between 12 kHz and 15 kHz. Overall, the notches are deep near 



 

 

the horizontal plane and shallower away from it. Therefore, it is clear that the patterns of N1 and N2 

are unique clues for vertical localization. Notably, the front-back asymmetry in the PRTF pattern 

provides an important cue to solve the front-back confusion. 

 

Figure 6 – HRTF cue 3, spectral cues (SCs): (a) illustration, (b) SC distribution of right PRTFs at 𝜃 = 0˚ 

(X: peaks, O: notches) 

4.2 Binaural Feature 

Considering the human auditory process, as an auditory signal travel from the cochlea to the brain, 

perceptual features are extracted and finally at the top level as a categorical representation. In the 

extraction, the features include onset, offset, periodicity, amplitude modulation (AM), frequency 

modulation (FM), ITD, and ILD. Together with the binaural cues discussed above, these features form 

the basis of the binaural feature that BiSELDnet is based on. We propose an 8-channel binaural feature 

composed of mel-scaled spectrogram (MS), velocity-gram (V-gram), interaural-time-difference-gram 

(ITD-gram), interaural-level-difference-gram (ILD-gram), and spectral-cue-gram (SC-gram). 

The mel scale of MS is closer to the perceptual scale of human than the linear scale of spectrogram.  

Notably, the gaps between the harmonic components in MS are equally spaced even if the pitch moves. 

MS is suitable for sound event detection because it expresses the periodicity, AM, and FM of sound 

event, and it is useful for detecting the start and end of sound event because it includes onset and 

offset information. In addition, MS can be used as an aid to prevent front-back confusion during 

azimuth estimation. Left or right MS is defined as follows 

𝑀𝑆𝐿,𝑅(𝑚, 𝑘) =

[
 
 
 

𝑆𝐿,𝑅(1,1) 𝑆𝐿,𝑅(1,2)

𝑆𝐿,𝑅(2,1) 𝑆𝐿,𝑅(2,2)

⋯ 𝑆𝐿,𝑅(1,𝐾)

⋯ 𝑆𝐿,𝑅(2,𝐾)

⋮ ⋮
𝑆𝐿,𝑅(𝑀, 1) 𝑆𝐿,𝑅(𝑀, 2)

⋱ ⋮
⋯ 𝑆𝐿,𝑅(𝑀,𝐾)]

 
 
 

, (4) 

𝑆𝐿,𝑅(𝑚, 𝑘) = 20 log10|𝑃𝐿,𝑅(𝑚, 𝑘)|, (5) 

where 𝑚 is a time frame index; 𝑀 is the max time frame index; 𝑘 is a frequency index; 𝐾 is the 

max frequency index, i.e. the number of mel bins; 𝑃𝐿,𝑅(𝑚, 𝑘) is a left or right mel-scaled spectrogram 

at 𝑚 and 𝑘; 𝑆𝐿,𝑅(𝑚, 𝑘) is a dB-scaled 𝑃𝐿,𝑅(𝑚, 𝑘). 
The human brain tends to respond sensitively to the rate of change over time. Also, since most 

sound events are transient, it is effective to reflect the rate of change in binaural feature to distinguish 

it from the other similar sound events. V-gram helps to detect sound events because it shows the 

pattern of change over time of each frequency component (11, 12). Left or right V-gram is defined as 

follows 

𝑉-𝑔𝑟𝑎𝑚𝐿,𝑅(𝑚, 𝑘) =

[
 
 
 

𝑉𝐿,𝑅(1,1) 𝑉𝐿,𝑅(1,2)

𝑉𝐿,𝑅(2,1) 𝑉𝐿,𝑅(2,2)

⋯ 𝑉𝐿,𝑅(1, 𝐾)

⋯ 𝑉𝐿,𝑅(2, 𝐾)

⋮ ⋮
𝑉𝐿,𝑅(𝑀, 1) 𝑉𝐿,𝑅(𝑀, 2)

⋱ ⋮
⋯ 𝑉𝐿,𝑅(𝑀,𝐾)]

 
 
 

, (6) 

𝑉𝐿,𝑅(𝑚, 𝑘) = {

𝑆𝐿,𝑅(𝑚 + 1, 𝑘) − 𝑆𝐿,𝑅(𝑚, 𝑘);                                  (𝑚 = 1),

{𝑆𝐿,𝑅(𝑚 + 1, 𝑘) − 𝑆𝐿,𝑅(𝑚 − 1, 𝑘)}/2; (2 ≤ 𝑚 ≤ 𝑀 − 1),

𝑆𝐿,𝑅(𝑚, 𝑘) − 𝑆𝐿,𝑅(𝑚 − 1, 𝑘);                                  (𝑚 = 𝑀),

 (7) 

where 𝑉𝐿,𝑅(𝑚, 𝑘) is a V-gram element at 𝑚 and 𝑘. 



 

 

ITD-gram is proposed inspired by the ITD process of the medial superior olive (MSO) in the 

brainstem. Humans detect the azimuth of sound based on time-of-arrival differences by comparing 

neuron firing times in the MSO (13, 14). As mentioned above, ITD is the dominant localization cue 

below 1.5 kHz. Above 1.5 kHz, the absolute value of interaural phase difference exceeds 2π because 

the head size becomes larger than the wavelength. Thus, the interaural phase delay difference below 

1.5 kHz can be a useful binaural feature for azimuth estimation.  ITD-gram is defined as follows 

𝐼𝑇𝐷-𝑔𝑟𝑎𝑚(𝑚, 𝑘) = [

∆𝜏(1,1) ∆𝜏(1,2)

∆𝜏(2,1) ∆𝜏(2,2)
⋯ ∆𝜏(1, 𝑘1500)

⋯ ∆𝜏(2, 𝑘1500)
⋮ ⋮

∆𝜏(𝑀, 1) ∆𝜏(𝑀, 2)
⋱ ⋮
⋯ ∆𝜏(𝑀, 𝑘1500)

], (8) 

∆𝜏(𝑚, 𝑘) = 𝜏𝐿(𝑚, 𝑘) − 𝜏𝑅(𝑚, 𝑘) = {−
𝜓𝐿(𝑚, 𝑘)

𝜔
} − {−

𝜓𝑅(𝑚, 𝑘)

𝜔
} 

=
1

𝜔
tan−1 {

𝑃𝐿.𝑟𝑒(𝑚, 𝑘) ∙ 𝑃𝑅.𝑖𝑚(𝑚, 𝑘) − 𝑃𝐿.𝑖𝑚(𝑚, 𝑘) ∙ 𝑃𝑅.𝑟𝑒(𝑚, 𝑘)

𝑃𝐿.𝑟𝑒(𝑚, 𝑘) ∙ 𝑃𝑅.𝑟𝑒(𝑚, 𝑘) + 𝑃𝐿.𝑖𝑚(𝑚, 𝑘) ∙ 𝑃𝑅.𝑖𝑚(𝑚, 𝑘)
}, 

(9) 

where ∆𝜏(𝑚, 𝑘) is an interaural phase delay difference at 𝑚 and 𝑘; 𝑘1500 is the frequency index 

corresponding to 1.5 kHz; 𝜏𝐿(𝑚, 𝑘)  and 𝜏𝑅(𝑚, 𝑘)  are left and right phase delays at 𝑚  and 𝑘 , 

respectively; 𝜓𝐿(𝑚, 𝑘) and 𝜓𝑅(𝑚, 𝑘) are left and right phases at 𝑚 and 𝑘, respectively; 𝜔 is the 

angular frequency at 𝑘; 𝑃𝐿.𝑟𝑒(𝑚, 𝑘) and 𝑃𝐿.𝑖𝑚(𝑚, 𝑘) are the real and imaginary parts of 𝑃𝐿(𝑚, 𝑘), 
respectively; 𝑃𝑅.𝑟𝑒(𝑚, 𝑘) and 𝑃𝑅.𝑖𝑚(𝑚, 𝑘) are the real and imaginary parts of 𝑃𝑅(𝑚, 𝑘), respectively. 

ILD-gram is proposed based on the ILD process of the lateral superior olive (LSO) in the brainstem. 

The LSO compares the level of sounds from the two ears (15). As stated above, ILD contributes to 

localization above 1.5 kHz. Below 1.5 kHz, there is almost no difference in the left and right sound 

pressure levels due to the effect of sound diffraction. As frequency increases (especially above 5 kHz), 

the ILD gradually becomes dominant due to the head shadow effect. Hence, the ILD above 5 kHz is 

another effective binaural feature for azimuth estimation. ILD-gram is defined as follows 

𝐼𝐿𝐷-𝑔𝑟𝑎𝑚(𝑚, 𝑘) = [

∆𝑆(1, 𝑘5000) ∆𝑆(1, 𝑘5000 + 1)

∆𝑆(2, 𝑘5000) ∆𝑆(2, 𝑘5000 + 1)
⋯ ∆𝑆(1,𝐾)

⋯ ∆𝑆(2,𝐾)
⋮ ⋮

∆𝑆(𝑀, 𝑘5000) ∆𝑆(𝑀, 𝑘5000 + 1)
⋱ ⋮
⋯ ∆𝑆(𝑀,𝐾)

], (10) 

∆𝑆(𝑚, 𝑘) = 𝑆𝑅(𝑚, 𝑘) − 𝑆𝐿(𝑚, 𝑘), (11) 

where ∆𝑆(𝑚, 𝑘) is an ILD at 𝑚 and 𝑘; 𝑘5000 is the frequency index corresponding to 5 kHz. 

SC-gram is proposed based on the fact that the SCs caused by the pinna contribute to vertical 

localization. The high-frequency notches of HRTF depend on pinna shape as well as vertical angle 

(9). As discussed above, the notches above 5 kHz are highly dependent on the elevation of sound 

source, so the spectral notch pattern above 5 kHz can be a distinct binaural feature for elevation 

estimation. Therefore, we extended the MS-gram above 5 kHz and used it as another binaural feature. 

Left or right SC-gram is defined as follows 

𝑆𝐶-𝑔𝑟𝑎𝑚𝐿,𝑅(𝑚, 𝑘) =

[
 
 
 
𝑆𝐿,𝑅(1, 𝑘5000) 𝑆𝐿,𝑅(1, 𝑘5000 + 1)

𝑆𝐿,𝑅(2, 𝑘5000) 𝑆𝐿,𝑅(2, 𝑘5000 + 1)

⋯ 𝑆𝐿,𝑅(1, 𝐾)

⋯ 𝑆𝐿,𝑅(2, 𝐾)

⋮ ⋮
𝑆𝐿,𝑅(𝑀, 𝑘5000) 𝑆𝐿,𝑅(𝑀, 𝑘5000 + 1)

⋱ ⋮
⋯ 𝑆𝐿,𝑅(𝑀, 𝐾)]

 
 
 

. (12) 

Figure 7 shows an example of the proposed 8-channel binaural feature extracted from a baby crying 

sound event from 𝜃 = 90˚ and 𝜙 = 0˚. In Figures 7(a1) and (a2), the MS expresses the periodicity, 

AM, and FM of the sound event as well as its onset and offset information. In addition, in Figures 

7(b1) and (b2), the V-gram shows the pattern of change over time. Thus, MS and V-gram are 

considered suitable for sound event detection. As defined in Equations 9 and 11, when a sound event 

is on the right (𝜃 > 0˚), positive number dominates in ITD-gram and ILD-gram, respectively. On the 

left (𝜃 < 0˚), negative number dominates. As shown in Figures 7(c1) and (c2), the ITD-gram and ILD-

gram are almost red (positive number) because the sound source is on the right (𝜃 = 90˚). If the sound 

source is on the left, they turn blue (negative number). Hence, it can be seen that ITD-gram and ILD-
gram are specialized for azimuth estimation. In Figures 7(d1) and (d2), several thin and thick notch 

lines appear between 8 kHz and 16 kHz. Therefore, it is expected that the elevation angle can be 

estimated through deep learning of the SC-gram pattern. 



 

 

 

Figure 7 – Binaural feature of baby crying from 𝜃 = 90˚ and 𝜙 = 0˚: (a1) left MS, (a2) right MS, (b1) left 

V-gram, (b2) right V-gram, (c1) ITD-gram, (c2) ILD-gram, (d1) left SC-gram, (d2) right SC-gram 

5. NETWORK 

As shown in Figure 8(a), when a sound is input to the both ears of a humanoid robot, the binaural 

feature extracted by the feature extractor is input to the BiSELDnet. The input feature has eight 

channels, T temporal frames, and 64 mel bins (8 × T × 64). In the BiSELDnet, the local shift-invariant 

features are learned using six convolutional neural network (CNN) modules. In each CNN module, 

double CNN layer (64 kernels of 3 × 3 receptive field) is followed by a batch normalizer , a rectified 

linear unit (ReLU) activator, and a max-pooling layer. The time and frequency dimensions of CNN 

kernel are related to the learning of intra-channel features, whereas the number of CNN kernel 

covering all the feature channels is related to the learning of inter-channel features. The feature 

dimensionality is reduced using max-pooling layers across CNN modules along the time and 

frequency axes, thereby reducing the time sequence length from T to T/5 and the frequency dimension 

from 64 to 2. The output from the final CNN module is of dimension 64 × T/5 × 2. The output is 

further permuted and reshaped to a T/5 frame sequence of length 128 feature vectors and fed to two 

bidirectional recurrent neural network (RNN) modules which are used to learn the temporal context 

information from the feature vectors. In each RNN module, 128 nodes of gated recurrent units (GRU) 

are used with tanh activations. This is followed by dense neural network (DNN) with five fully 

connected (FC) layers for detection and localization of sound events. The last FC layer consists of 36 

nodes and is followed by a tanh activator. The final tanh activator outputs a T/5 frame sequence of 

length 36 output vectors. From each output vector of length 36, each of the 12 sound event classes is 

represented by a 3-dimensional direction-of-arrival (DOA) vector (x, y, z). The 3D DOA vector is 

referred to as an activity-coupled Cartesian DOA (ACCDOA) vector (16). From each DOA vector, its 

corresponding sound event is detected if the magnitude of the vector exceeds the threshold of 0.5, and 

then localized by the vector’s azimuth and elevation as shown in Figures 8(b), (c) and (d). In the 

localization on a unit sphere, the range of sound event location along each Cartesian axis is between 

−1 and 1. Hence, the tanh activator is used to keep the output vector in a similar range. The BiSELDnet 

is a regressor that estimates a DOA vector for each active sound event class every time frame. Notably, 

for DOA estimation, the Cartesian coordinate system is more advantageous for learning than the 

spherical coordinate system because the Cartesian coordinates are continuous,  while spherical 

coordinates are discontinuous at the wrap-around boundary (𝜃 = −180˚ or 180˚) (3). 

In each time frame, the target value for each active sound event class is 1 while that for inactive 

sound event class is 0. Similarly, the reference location (x, y, z) is used as the target value for each 

active sound event location and the origin (0, 0, 0) is used for inactive sound event location. Mean 

square error (MSE) loss is used for BiSELD training. Interestingly, the reduction in MSE loss means 

that the 3D space distance between the reference vector and the DOA vector is reduced. The 

BiSELDnet was trained with MSE loss for 300 epochs using Adam optimizer with the batch size of 

256. Early stopping is used to prevent the BiSELDnet from over-fitting to the training dataset. The 

training is set to stop if BiSELD score on the validation dataset does not improve for 20 epochs. For 



 

 

reference, the BiSELDnet was implemented on Python using Keras library with TensorFlow backend. 

 

Figure 8 – Overview of BiSELD model: (a) BiSELDnet with input binaural feature, (b) coordinate system 

conversion (Cartesian → spherical), (c) sound event detection, (d) sound event localization 

6. EVALUATION METRICS 

Following the conventional SELD evaluation, the BiSELDnet is evaluated using the four joint 

localization and detection metrics (17). The first two metrics are location-aware detection metrics, 

such as the error rate (𝐸𝑅20°) and F-score (𝐹20°). The prediction is considered to be true positive only 

when the prediction and reference classes are the same, and the angle between them is less than 20°. 

The next two metrics are class-aware localization metrics, such as the localization error (𝐿𝐸𝐶𝐷) in 

degrees and localization recall (𝐿𝑅𝐶𝐷), where the subscript refers to classification-dependent. Unlike 

the location-aware detection metrics, there is no angle threshold. However, the localization error 

represents the average angular distance between the predictions and references of the same class. 

Lastly, the localization recall expresses the true positive rate of the number of localization estimates 

detected in a class out of the total number of class events. As mentioned above, based on the BiSELD 

score, training is stopped to prevent overfitting. The BiSELD score is calculated using the four 

evaluation metrics as follows 

𝐵𝑖𝑆𝐸𝐿𝐷 𝑠𝑐𝑜𝑟𝑒 = (𝑆𝐸𝐷 𝑠𝑐𝑜𝑟𝑒 + 𝑆𝐸𝐿 𝑠𝑐𝑜𝑟𝑒)/2, (13) 

𝑆𝐸𝐷 𝑠𝑐𝑜𝑟𝑒 = {(1 − 𝐸𝑅20°) + 𝐹20°}/2, (14) 

𝑆𝐸𝐿 𝑠𝑐𝑜𝑟𝑒 = {(1 − 𝐿𝐸𝐶𝐷/180) + 𝐿𝑅𝐶𝐷}/2, (15) 

where SED and SEL refer to sound event detection and sound event localization, respectively. An 

ideal BiSELD model will have a BiSELD score of 1.0 (100%). 

7. RESULTS AND DISCUSSION 

During training, the BiSELDnet was evaluated on the validation dataset every 5 epochs, and the 

model parameters with the highest BiSELD score was saved. In Figure 9, the training loss started to 

converge from the 45th epoch and ended at the 80th epoch. The training loss bounced a bit at the 35th 

epoch, but overall it converged well. Except for the localization recall, the BiSELD score and the 

other evaluation metrics began to converge to certain values from the 45th epoch. The localization 

recall started to converge to about 80% from the 35th epoch. The best BiSELD score was achieved at 

the 70th epoch, and the corresponding model parameters were saved for the final evaluation. After 

training is finished, the best model parameters were re-uploaded and then evaluated on the test dataset. 



 

 

As shown in Table 3, the final evaluation results on the test dataset were achieved as follows: error 

rate of 0.18, F-score of 87.0%, localization error of 6.5°, localization recall of 85.5%, and BiSELD 

score of 87.7%. Even before hyperparameter tuning, it showed relatively good performance, especially 

in the localization error. Considering the 2-channel localization for sound sources from various 

directions, the 6.5° is hardly considered to be a large error.  Since this is the first result of the early 

prototype, it is expected that the performance of BiSELD model will be further improved in the future . 

 

Figure 9 – History of training loss and evaluation metrics on validation dataset: (a) training loss, (b) 

BiSELD score (%), (c) error rate, (d) F-score (%), (e) localization error (˚), (f) localization recall (%) 

 

Table 3 – Evaluation results of BiSELDnet prototype on the test dataset 

𝐸𝑅20° 𝐹20° (%) 𝐿𝐸𝐶𝐷 (°) 𝐿𝑅𝐶𝐷 (%) 𝐵𝑖𝑆𝐸𝐿𝐷 𝑠𝑐𝑜𝑟𝑒 (%) 

0.18 87.0 6.5 85.5 87.7 

 

The inference results of the BiSELDnet for a test data file and their corresponding references are 

visualized in Figure 10. Each x-axis of all sub-plots represents the same time frames. Each sound 

event class and its trajectory in azimuth and elevation are marked with a unique color. Figures 10(a1) 

and (a2) are sub-plots for the left and right MSs of the test data file. The unique pattern of each sound 

event such as onset, offset, periodicity, etc., and even the left and right level difference are clearly 

expressed. Figures 10(b1) and (b2) show the reference value and inference result of sound event 

detection, respectively. Each y-axis of the sub-plots represents the index of sound event class (0: 

Alarm, 1: Baby, 2: Cough, 3: Crash, 4: Dog, 5: Female Scream, 6: Female Speech, 7: Fire, 8: Knock, 

9: Male Scream, 10: Male Speech, 11: Phone). The inference results of sound event detection are 

almost perfect, except for the 20 second error of mis-recognizing the fourth sound event class (Dog). 

Thus, it appears that the BiSELDnet learned well local shift-invariant features and temporal context 

information related to each sound event class from the proposed 8-channel binaural feature. It is 

presumed that the MS and V-gram played a major role, but detailed analysis will be carried out later.  

Figures 10(c1) and (c2) show the reference value and inference result of sound azimuth localization, 

respectively. Overall, the BiSELDnet accurately estimated the azimuth angle of each sound event.  

Although the azimuth estimates fluctuate slightly, their mean values are very close to their respective 

reference values. Therefore, it can be visually confirmed that the BiSELDnet properly learned the 

azimuth information of HRTF inherent in each sound event from the proposed binaural feature. It is 

also assumed that both ITD-gram and ILD-gram played an important role in azimuth estimation, but 

a detailed analysis will be conducted later by testing the presence or absence of the two features.  

Figures 10(d1) and (d2) show the reference value and inference result of sound elevation localization, 

respectively. Although the elevation estimates are not as accurate as the azimuth estimates, the average 

of each elevation estimate appears near the corresponding reference value.  Nevertheless, the elevation 

inference results of the BiSELDnet are remarkable. Since the conventional SELD approach uses four 

audio input channels, the physical information of the vertical direction can be used when estimating 

sound event elevation. Whereas, our BiSELD approach uses only two audio input channels arranged 

horizontally. Thus, in order to estimate the elevation angle of a sound event, it depends entirely on the 



 

 

HRTF information inherent in the sound event, just like us humans.  Since the elevation inference of 

the BiSELDnet is achieved by the high-frequency pattern recognition, it is very difficult to estimate 

the elevation angle of a sound event with sparse high-frequency bands. In extreme cases, such as low-

frequency focused sound events, the elevation inference may not be possible. Overall, in binaural 

sound source localization, the elevation estimation is a more difficult task than the azimuth estimation. 

Since it is presumed that the SC-gram contributes to the elevation estimation of a sound event, a 

deeper neural network is needed to improve performance. 

 

Figure 10 – BiSELDnet input (test_mix041.wav) and outputs (inferences): (a1) left MS of the input data, 

(a2) right MS of the input data, (b1) sound event reference, (b2) sound event inference, (c1) azimuth 

reference, (c2) azimuth inference, (d1) elevation reference, (d2) elevation inference 

8. CONCLUSIONS 

To realize human modality in humanoid robots, we proposed a deep learning based BiSELD model 

that simultaneously detects and localizes sound events by learning HRTF localization cues from the 

8-channel binaural feature specialized for sound event detection and localization.  We implemented 

the early prototype of BiSELDnet and examined its feasibility. The final evaluation results on the test 

dataset indicate that the initial version of BiSELDnet achieved 0.18 error rate, 87.0% F-score, 6.5° 

localization error, 85.5% localization recall, and 87.7% BiSELD score. Overall, the sound event 

detections are almost perfect, the sound azimuth estimates are accurate, while the sound elevation 

estimates fluctuate around its reference values. Nevertheless, the BiSELD model showed that the 

detection and localization of sound event are simultaneously possible with only the 2 -channel binaural 

input of humanoid robot. In future work, we intend to conduct research on a deeper neural network to 

improve the elevation inference performance. In addition, we plan to evaluate the performance of 

BiSELDnet with overlapping sound events and various background noises. In the future, humanoid 

robots with BiSELD function are expected to serve not only as helpers in human daily life, but also 

as assistants in emergency situations. 
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ABSTRACT 

Cough is a major symptom of COVID-19. To detect and localize cough sounds, a convolutional neural 
network (CNN) based model was developed and integrated with an acoustic camera for visualization of cough 
sounds. The cough detection model is a binary classifier whose input is a two-second acoustic feature and 
output is Cough or Others. The collected sound samples were augmented to mitigate class imbalance and 
reflect various background noises. For effective feature extraction, conventional features such as 
spectrograms, mel-scaled spectrograms, and mel-frequency cepstral coefficients (MFCC) were enhanced by 
their velocity (V) and acceleration (A) maps. VGGNet, GoogLeNet, and ResNet were simplified to binary 
classifiers such as V-net, G-net, and R-net, respectively. To find the best combination of features and networks, 
a total of 39 models were trained and the prediction results were evaluated using test F1 score. Finally, a test 
F1 score of 91.9% was achieved from G-net with the MFCC-V-A feature. The best cough detection model 
was embedded in the acoustic camera that visualizes sound sources using a beamforming microphone array. 
In a pilot test, the cough detection camera detected cough sounds with an F1 score of 90.0%, and tracked 
cough locations in real time on the camera image. 
 
Keywords: Cough detection, Sound visualization, COVID-19 

1. INTRODUCTION 
The most common symptoms of COVID-19 are fever and cough. While fever can be detected using 

a thermal imaging camera, there is still no monitoring system to detect cough. In some approach, 
various signals related to audio, thermistor, accelerometer, and electrocardiogram (ECG) were 
examined to find the best signal for cough detection, and it turns out that the audio signal is the most 
suitable (1). In previous studies of cough detection, various acoustic features were used in general 
machine learning methods (2-4). As deep neural network (DNN) technology has shown excellent 
performance in many fields, it becomes possible to detect cough sounds with high accuracy by 
applying DNN to acoustic features (5-7). Recently, AI framework to prescreen for COVID-19 from 
cough recordings has been developed (8). In addition, the cough monitoring methods that quantify the 
number of coughs per time have been proposed (9, 10). However, the previous methods are suitable 
for monitoring systems that target only one person or detect symptoms in non-real time. To detect 
human cough sound in real time in the field, we developed a cough detection model based on 
convolutional neural network (CNN) and applied it to a sound camera. In this paper, we described the 
entire development process of our CNN-based cough detection camera. 

2. COUGH DETECTION MODEL 

2.1 Dataset 

As shown in Table 1, we collected several datasets to train and evaluate our cough detection model 
(11). We used dataset 1 as test dataset, datasets 2-6 as development dataset, and dataset 7 as 
background noise dataset for data augmentation (DA). All wav files in datasets 1-6 were resampled to 
16 kHz and divided into two classes, Cough and Others. Then, they were cut at 2 second intervals. In 
this process, Others wav files were framed with a 0% overlap, whereas Cough wav files a 50% overlap  
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Table 1 – Collection of sound event datasets 

 Dataset name Class 
Sampling 
rate (kHz) 

Length 
(seconds) 

1 HUMAN20200923 Cough, dish, doorbell, general, glass, knock, phone, snoring, toilet. 48.0 1,580 

2 SMI-office Cough, speech, etc. 44.1 439 

3 Google AudioSet Cough, sneeze, sniffle, throat-clearing, speech, etc. 44.1 50,920 

4 NIGENS 
Alarm, baby, crash, dog, engine, female scream, female speech, fire, 
footsteps, general, knock, male scream, male speech, phone, piano. 

44.1 16,759 

5 DCASE2016-2 
Clearing throat, cough, door slam, drawer, keyboard, keys, knock, 
laughter, page turn, phone, speech. 

44.1 265 

6 DCASE2019-2 
Applause, cheering, chink & clink, clapping, crowd, dishes & pots & 
pans, fart, finger snapping, knock, shatter, slam, sneeze. 

44.1 4,336 

7 DCASE2018-5 
Absence, cooking, dishwashing, eating, other, social activity, vacuum 
cleaning, watching TV, working. 

16.0 729,837 

 

Table 2 – Total number of wav files in the training, validation, and test datasets 

 Train Valid Test Total 

Cough 240,858 26,762 145 267,765 

Others 258,651 28,738 683 288,072 

Total 499,509 55,500 828 555,837 

 
to obtain more cough data. As a result, the number of Cough and Others files was 145 and 683 (1:4.7) 
for the test dataset, and 5,952 and 32,144 (1:5.4) for the development dataset, respectively. To mitigate 
class imbalance, each Cough data is mixed with 45 background noise data, whereas each Others data 
is mixed with 9 background noise data. In this process, each background noise data was randomly 
selected from nine classes of dataset 7. When mixing data, the mixing ratio between 0 and 0.4 were 
randomly selected, where the ratio close to 0 means less noisy condition. To simulate different 
distances, the volume of the mixed data was randomly selected between 0.6 and 1.0, where the volume 
close to 0.6 means longer distance. Finally, the training and validation datasets were organized by 
randomly dividing the augmented development dataset into two subsets at a 9 to 1 ratio. The total 
number of wav files in the datasets is shown in Table 2. 

2.2 Feature 

Acoustic features for cough detection were designed using spectrogram (SP), mel-scaled 
spectrogram (MS), mel-frequency cepstral coefficients (MFCC), and their derivatives, such as 
velocity map (V-map) and acceleration map (A-map). Since cough sound is essentially a transient 
sound, it is necessary to reflect the rate of change over time in the acoustic features to distinguish 
them from the other transient sounds. Therefore, we propose V-map and A-map that can be derived 
from spectrogram-based features such as SP, MS, and MFCC. The V-map and A-map are defined as 
follows 

𝑉(𝑡, 𝑓) =

𝑋(𝑡 + 1, 𝑓) − 𝑋(𝑡, 𝑓);                                  (𝑡 = 0),
{𝑋(𝑡 + 1, 𝑓) − 𝑋(𝑡 − 1, 𝑓)}/2; (1 ≤ 𝑡 ≤ 𝑇 − 1),

𝑋(𝑡, 𝑓) − 𝑋(𝑡 − 1, 𝑓);                                  (𝑡 = 𝑇),

 (1) 

𝐴(𝑡, 𝑓) =

𝑉(𝑡 + 1, 𝑓) − 𝑉(𝑡, 𝑓);                                  (𝑡 = 0),
{𝑉(𝑡 + 1, 𝑓) − 𝑉(𝑡 − 1, 𝑓)}/2; (1 ≤ 𝑡 ≤ 𝑇 − 1),

𝑉(𝑡, 𝑓) − 𝑉(𝑡 − 1, 𝑓);                                  (𝑡 = 𝑇),

 (2) 

where 𝑡 denotes time index, 𝑓 the frequency (or coefficient) index, 𝑋(𝑡, 𝑓) the spectrogram-based 
feature, and 𝑇 the time length of the feature. Each wav file in the datasets is converted to SP, MS, 
and MFCC with FFT bin size of 512, with window and hop sizes of 30 ms and 15 ms respectively. 
Since cough sound has a spectral distribution between 350 Hz and 4 kHz (12), the maximum frequency 
of the features is set to 4 kHz. Lastly, SP, MS, and MFCC are concatenated with their V-map and A-



 

 

map, respectively, to create a variety of features with a size of 3 (channel) × 128 (height) × 128 (width). 
Using a cough sound as an example, Figure 1(a) is the waveform of the cough sound. Figure 1(a1) 

is an SP-based 3-channel acoustic feature (SP-V-A) that concatenates the SP with its V-map and A-
map. Similarly, Figure 1(a2) is an MS-based 3-channel acoustic feature (MS-V-A), and Figure 1(a3) 
is an MFCC-based 3-channel acoustic feature (MFCC-V-A). For comparison with the cough sound, 
acoustic features of cough-like sounds such as sneeze and throat-clearing are shown in Figures 1(b) 
and 1(c). In Figure 1(a) (cough), a similar spectral pattern is repeated two or three times, and distinct 
vertical lines appear at the beginning and end of the cough over the entire frequency range. In addition, 
tonal components related to the vocal tract stands out between the vertical lines. In Figure 1(b) 
(sneeze), the feature’s magnitude is small when breathing in the air before 0.75 seconds, whereas the 
magnitude becomes very large when ejecting droplets after 1 second. In addition, vertical lines appear 
clearly at the beginning of droplet discharge. In Figure 1(c) (throat-clearing), the feature is mainly 
composed of a short first and a long pattern later, and it is noticeable that the tonal components of the 
vocal tract move to the lower frequencies later. The abrupt vertical line is evident at the start of the 
event. As described above, it could be confirmed with the naked eye that the difference between each 
sound event clearly appeared on the acoustic features. These features are then passed through our 
multilayer CNN models. 

 

Figure 1 – Features of (a) cough sound, (b) sneeze sound, and (c) throat-clearing sound: (x) Waveform, (x1) 

SP-V-A, (x11) SP, (x12) V-map of SP, (x13) A-map of SP, (x2) MS-V-A, (x21) MS, (x22) V-map of MS, 

(x23) A-map of MS, (x3) MFCC-V-A, (x31) MFCC, (x32) V-map of MFCC, (x33) A-map of MFCC. 

2.3 Network 

The cough detection model is a binary classifier where the input is a 2-second long acoustic feature 
and the output is a Cough or Others inference. For binary classification, we simplified typical CNN 
models such as VGGNet (13), GoogLeNet (14), and ResNet (15), and named them V-net, G-net, and 
R-net, respectively. 

VGGNet was originally designed to examine the effect of network depth on performance. 
Therefore, they fixed the kernel size to 3 × 3 and increased the number of convolutional (conv) layers. 
A 3 × 3 sized kernel can make the network deeper than a 5 × 5 or 7 × 7 sized kernel, and has the effect 
of increasing the learning speed by reducing the number of parameters. In addition, as the number of 
conv layers increases, more ReLU activation functions are used, which increases nonlinearity, so more 
useful features can be extracted. However, VGGNet has the disadvantage of too many parameters. 
The main reason is the three fully-connected (FC) layers in the final stage, and the number of 
parameters in this part is about 122 million. Therefore, we reduced the total number of neurons in the 
FC layers to about 1/17 in order to alleviate this shortcoming. In addition, the number of kernels of 
each conv layer was reduced to 1/4 based on D-type VGGNet to be suitable for binary classification. 
Finally, we made a V-net by applying group normalization (GN) (16) after each conv layer so that the 
model performance is robust to the batch size. The architecture of V-net is outlined in Figure 2(a). 

GoogLeNet can be divided into four parts: pre-layer, Inception modules, average pooling, and 
auxiliary classifier. The pre-layer is a typical CNN part that exists for initial learning. After the pre-
layer, nine Inception modules are followed. Each Inception module extracts feature maps from kernels 



 

 

of 1 × 1, 3 × 3, and 5 × 5 sizes, concatenates them in the channel direction, and delivers it to the next 
layer. This is different from the conventional CNN that uses the same sized kernel in the same layer, 
and more diverse types of characteristics can be derived. In the classification process, applying an 
average pooling instead of a FC layer after the final Inception module has the effect of significantly 
reducing the computational amount. GoogLeNet has one classifier at the end and two in the middle. 
The two classifiers in the middle are called auxiliary classifiers, which alleviate the vanishing gradient 
problem and help its network converge quickly. We modified the GoogLeNet to use it as a binary 
classifier and named it G-net. First, the pre-layer was changed to fit the size of the input feature, and 
the number of FC layer nodes was reduced to two for binary classification. In preliminary experiments, 
it was found that the G-net does not have the vanishing gradient problem even without the auxiliary 
classifiers. Thus, we removed the auxiliary classifiers and used only the softmax at the end. Finally, 
GN was added after each conv layer so that the model’s performance would not be affected by the 
batch size. The architecture of G-net is outlined in Figure 2(b). 

ResNet uses bottleneck blocks as building blocks to reduce model complexity. The bottleneck 
block first compresses the channel of an input feature with 1 × 1 convolution. Then, an output feature 
is extracted by 3 × 3 convolution, the channel of the output feature is expanded again by 1 × 1 
convolution, the input feature delivered through a skip connection is added, and the merged feature is 
transferred to the next layer. ResNet has the advantage of using both the simple characteristics of 
input terminal and the complex characteristics of output terminal. Above all, the slope of the addition 
operation is 1 when performing backpropagation. Thus, vanishing gradient problem can be solved 
because the loss propagates well to the front of a model. Based on the 50-layer ResNet, we reduced 
the number of kernels of each conv layer to 1/4 for binary classification. In addition, the conv layer 
of the input part was changed to fit the size of the input feature, and the FC layer of the output part 
was modified to 2-way. Finally, R-net was built by applying GN so that the performance of the model 
is not affected by the batch size. The architecture of R-net is outlined in Figure 2(c). 

 

Figure 2 – Architectures of cough detection model: (a) V-net, (b) G-net, (c) R-net 

2.4 Modeling 

We made various candidate groups for cough detection model by combining the features and 
networks proposed above. In Table 3, type 1 is a model candidate group in which V-net, G-net, and 
R-net are trained using the basic features SP, MS, and MFCC, respectively. Types 2 and 3 are model 
candidate groups trained with 2-channel features using V-map and 3-channel features using both V-  



 

 

Table 3 – List of candidate groups for cough detection model 

Type 
Model summary 

Cases 
Feature Network 

1 SP, MS, MFCC V-net, G-net, R-net 9 

2 SP-V, MS-V, MFCC-V V-net, G-net, R-net 9 

3 SP-V-A, MS-V-A, MFCC-V-A V-net, G-net, R-net 9 

4 SP-MS, SP-MFCC, MS-MFCC V-net, G-net, R-net 9 

5 SP-MS-MFCC V-net, G-net, R-net 3 

 
map and A-map, respectively. By comparing the results of types 1 to 3, we examined the effect of V-
map and A-map on the performance of the models. Moreover, we organized types 4 and 5 to examine 
the effect of combinations between basic features on the performance of the models. Accuracy (A), 
recall (R), precision (P), and F1 score (F1) are used as performance metrics of each model. Since 
accuracy can be a misleading metric for imbalanced dataset, we selected the final model with the 
highest F1 score for the test dataset among 39 candidate models of types 1 to 5. 

We trained each candidate model by minimizing cross-entropy loss using Adam optimizer. A 
learning rate scheduler is set to reduce its learning rate by a factor of 0.1 if validation loss does not 
decrease for 5 epochs. In addition, to avoid overfitting, the whole training is set to stop when the 
learning rate falls below 1 × 10 . After training, the performances of types 1 to 5 on the test dataset 
are shown in Tables 4 to 8. In each table, the top 3 F1 scores are bolded, and the best model is shaded. 

Table 4 – Performance of type 1 models on the test dataset 

 SP MS MFCC 

Models A (%) R (%) P (%) F1(%) A (%) R (%) P (%) F1(%) A (%) R (%) P (%) F1(%) 

V-net 93.1 84.1 78.2 81.1 94.2 70.3 95.3 81.0 93.7 75.2 87.2 80.7 

G-net 94.4 83.4 84.6 84.0 95.3 77.2 94.9 85.2 94.4 73.1 93.8 82.2 

R-net 94.1 80.0 85.3 82.6 94.2 80.7 85.4 83.0 93.5 86.9 78.3 82.4 

 

Table 5 – Performance of type 2 models on the test dataset 

 SP-V MS-V MFCC-V 

Models A (%) R (%) P (%) F1(%) A (%) R (%) P (%) F1(%) A (%) R (%) P (%) F1(%) 

V-net 94.7 77.2 91.1 83.6 95.0 74.5 96.4 84.0 94.3 79.3 87.1 83.0 

G-net 95.4 84.1 89.1 86.5 96.7 83.4 97.6 90.0 94.9 83.4 87.1 85.2 

R-net 95.2 75.9 95.7 84.6 95.4 77.2 95.7 85.5 94.6 80.0 87.9 83.8 

 

Table 6 – Performance of type 3 models on the test dataset 

 SP-V-A MS-V-A MFCC-V-A 

Models A (%) R (%) P (%) F1(%) A (%) R (%) P (%) F1(%) A (%) R (%) P (%) F1(%) 

V-net 95.2 77.9 93.4 85.0 96.0 82.8 93.7 87.9 95.9 86.2 89.9 88.0 

G-net 95.9 89.0 87.8 88.4 96.7 85.5 95.4 90.2 97.2 90.3 93.6 91.9 

R-net 96.3 80.0 98.3 88.2 96.1 86.9 90.6 88.7 95.4 83.4 89.6 86.4 

 

Table 7 – Performance of type 4 models on the test dataset 

 SP-MS SP-MFCC MS-MFCC 

Models A (%) R (%) P (%) F1(%) A (%) R (%) P (%) F1(%) A (%) R (%) P (%) F1(%) 

V-net 95.2 81.4 90.1 85.5 94.8 79.3 89.8 84.2 95.0 78.6 91.9 84.8 

G-net 96.4 92.4 87.6 89.9 96.0 82.1 94.4 87.8 95.5 77.9 95.8 85.9 

R-net 96.1 81.4 95.9 88.1 95.2 85.5 86.7 86.1 95.7 76.6 98.2 86.0 

 

Table 8 – Performance of type 5 models on the test dataset 

 SP-MS-MFCC 

Models A (%) R (%) P (%) F1(%) 

V-net 96.1 92.4 86.5 89.3 

G-net 96.3 85.5 92.5 88.9 

R-net 96.5 91.0 89.2 90.1 



 

 

In Table 4, the top 3 of type 1 models are MS & G-net (85.2%), SP & G-net (84.0%), and MS & 
R-net (83.0%). All the top 3 models have higher precision than recall. In particular, MS & G-net, the 
top model, has the highest precision among the top 3, while the lowest recall. In Table 5, the top 3 of 
type 2 models are MS-V & G-net (90.0%), SP-V & G-net (86.5%), and MS-V & R-net (85.5%). All 
models of type 2 have higher precision than recall, and the best model, MS-V & G-net, has the highest 
precision. In Table 6, the top 3 of type 3 models are MFCC-V-A & G-net (91.9%), MS-V-A & G-net 
(90.2%), and MS-V-A & R-net (88.7%). All the top 3 models have higher precision than recall, and 
the top model, MFCC-V-A & G-net, is the only model that exceeds 90.0% in both recall and precision. 
In Table 7, the top 3 of type 4 models are SP-MS & G-net (89.9%), SP-MS & R-net (88.1%), and SP-
MFCC & G-net (87.8%). The best model, SP-MS & G-net, has the highest recall in type 4, and the 
other models have higher precision than recall. In Table 8, the top model of type 5 is SP-MS-MFCC 
& R-net (90.1%). The top model has the smallest gap between recall and precision in type 5. 

When comparing the features of types 1 to 3, the 3-channel features of type 3 using both V-map 
and A-map showed the best performance. In the case of types 4 and 5, it was found that the 
combination of basic features was effective, but the 3-channel combination did not show superior 
performance than the 2-channel combination. Overall, we confirmed that using V-map and A-map is 
more effective in detecting cough sound than combining several features. Moreover, calculating its V-
map and A-map based on one basic feature is more efficient than calculating multiple features. 
Looking at the top models’ networks in types 1 to 5, the 16-layer V-net was not selected once, whereas 
the 21-layer G-net was selected four times and the 50-layer R-net was selected once. Thus, as far as 
resources allow, it is clear that the deeper the layers of the network, the better the performance. Due 
to the vanishing gradient problem, G-net is limited in stacking layers deeper, but R-net solves this 
problem through skip connection, so we can stack it deeper. Since MFCC-V-A & G-net has the highest 
F1 score, we selected it as the cough detection model, and embedded it in a sound camera to localize 
cough sounds. 

3. SOUND CAMERA 

3.1 Principle 

Sound camera is an imaging device used to locate sound sources with a microphone array. Acoustic 
signals input from the microphone array are processed through the delay and sum (DAS) beamforming 
method. Figure 3 gives an illustration of the DAS beamformer in the sound camera. 

 

Figure 3 – Beamformer of sound camera: (a) structure, (b) location vectors for time delay calculation 

In the time domain DAS processing, beamformer output can be defined as follows 

𝐵 𝑡, 𝑋⃗ = ∑ 𝑎 𝑠 𝑡 − 𝜏 𝑋⃗ , (3) 

where 𝑡 is time, 𝑋⃗ is the reference direction vector, 𝑁 is the total number of microphones, 𝑎  is 
a weight coefficient to be applied for individual microphones, 𝑠 (𝑡) is the acoustic signal received 
by n-th microphone, and 𝜏  is a specified time delay to be imposed to the signal for virtual rotation 
of the array. In general, 𝑎  is set to unity, and 𝜏  is calculated through the following operation based 
on 𝑋⃗. First, the spatial domain of interest is discretized into pixels on a virtual inspection plane. 
Second, 𝑋⃗ is calculated for each pixel. Third, the position vector of n-th microphone is obtained by 



 

 

𝑋⃗ = 𝑋⃗ − 𝑀⃗, where 𝑀⃗ is the relative position vector of n-th microphone from 𝑋⃗. Finally, 𝜏  is 
obtained by 

𝜏 𝑋⃗ = 𝑋⃗ − 𝑋⃗ , (4) 

where 𝑐  is speed of sound. The scanning algorithm of the sound camera performs the delay 
calculation over the entire spatial domain it monitors. For a given pixel, after the time delays for all 
microphones are imposed on the input signals, the delayed signals are summed up as shown in Figure 
3(a) to produce a beamformer output. The amplitude contour can be obtained by representing the 
beamformer output amplitudes at all pixels as a color map. The contour is then overlaid on the camera 
image and output to the display on the sound camera. The location of sound sources is determined by 
the areas highlighted in the display. By taking several contoured images per second, the sound location 
information can be provided in video format. Therefore, we can visualize the location of sound sources. 

3.2 Integration with Cough Detection Model 

We developed a cough detection camera by embedding our cough detection model into BATCAM 
2.0, a commercial sound camera developed by SM Instruments Inc. The entire process of detecting 
cough sound and estimating its location in the cough detection camera is described in Figure 4. The 
acoustic signals input to the microphone array are discretized through the DAQ process, converted 
into an amplitude contour through the DAS beamforming process, overlaid on the camera image, and 
then wait for the cough inference result from the cough detection model. While the sound camera is 
running, the cough detection model extracts a feature (MFCC-V-A) from the input signal and outputs 
the cough inference result through its neural network (G-net). If the inference result is Cough, the 
contoured camera image with a “Cough” label is displayed on the screen, and if it is Others, only the 
camera image is displayed on the screen. 

 
Figure 4 – Flowchart of cough detection and localization process 

4. PILOT TEST AND DISCUSSION 
In a room equipped with the cough detection camera, we tested its performance by sequentially 

generating various sound events including cough sound. Table 9 shows a list of sound events used in 
this pilot test. All sound events are divided into two classes, “Cough” and “Others”, consisting of 40 
and 160 respectively. Moreover, the “Others” has three subclasses: “cough-like sound”, “impact 
sound”, and “general sound”. Especially, the first two are important for the performance evaluation 
because they consist of sound events that can be misrecognized as cough sound. 

The pilot test results are shown in Figure 5. From the confusion matrix in Figure 5(a), the true 
positive (TP) is 0.90, indicating that 90% of the actual cough sounds are estimated correctly. Also, the 
true negative (TN) is 0.97, which means that the proposed model predicts sounds other than cough 
with 97% accuracy. In Figure 5(b), we can visually check the location and number of cough sounds 
through the contour and label displayed on the output screen of the cough detection camera. In addition, 
we can track a person who coughs in real time by following the path of the contour. 

Table 9 – List of sound events for pilot test 

Class Subclass Sound event type Total 

Cough - Cough 40 

Others 
(10 per type) 

Cough-like sound Sneeze, throat-clearing 20 

Impact sound Applause, clapping, knock, footsteps, door slam, finger snapping, clink 70 

General sound Speech, laughter, sniffle, snoring, page turn, phone, keyboard 70 



 

 

 
Figure 5 – Pilot test result: (a) normalized confusion matrix, (b) output screen of cough detection camera 

As shown in Table 10, our cough detection camera achieved 96.0% accuracy, 90.0% recall, 90.0% 
precision, and 90.0% F1 score in the pilot test. For the F1 score, there is no significant difference 
from the F1 score of 91.9% (accuracy of 97.2%), the result of the previous modeling process. This 
reflects the robustness of the proposed model for different noisy environments because it was trained 
with augmented data for various background noises. 

We proposed a 3-channel acoustic feature suitable for CNN-based architecture. In an auditory 
cortex model, auditory features are extracted in a transition process from acoustic features to 
perceptual features and finally to category-specific representations at the top level (17). This is similar 
to the processing of vision information, which is the basis of CNN. Also, our brain tends to respond 
sensitively to the rate of change. Therefore, we named the 3-channel acoustic feature as Spectroflow 
by reflecting the human auditory perception process. Spectroflow is easily configured by calculating 
both V-map and A-map from a spectrogram-based feature and then concatenating them all in the 
channel direction. Looking at the performance results for the test dataset of each candidate model, it 
was found that the overall performance improved when both V-map and A-map were used. 

The network applied to the cough detection camera is G-net consisting of 9 inception modules. In 
each inception module, kernels of various sizes, such as 1 × 1, 3 × 3, and 5 × 5, extract feature maps 
at the same time, and we think that such simultaneous extraction of various patterns was effective in 
detecting the pattern change of cough sound from various sounds. Considering that R-net is a 50-layer 
network, the final selection of 21-layer G-net was unexpected. However, it is worth noting that R-net 
was among the top 3 in all types of performance evaluation for the test dataset. We can make R-net 
deeper because it mitigates the vanishing gradient problem by using skip connection. Considering the 
152-layer ResNet, it is expected that further performance improvements would be possible by using 
R-nets of more than 50 layers. 

Table 10 – Pilot test performance of cough detection camera 

Model A (%) R (%) P (%) F1 (%) 

MFCC-V-A & G-net 96.0 90.0 90.0 90.0 

5. CONCLUSIONS 
As a result of reviewing on the modeling process and pilot test, we confirmed that DA technique, 

Spectroflow suitable for CNN, and the inception module of G-net have an important influence on the 
performance of the cough detection camera. In the future, it will be possible to further improve the 
cough detection performance by developing various R-nets with more than 50 layers or proposing a 
network that maximizes the advantages of the inception module. Since droplets released during 
coughing are one of the transmission pathways of virus, it is very important to detect cough to prevent 
the spread of infectious diseases such as COVID-19. Through data collection using IoT devices, it is 
expected to be used as a medical device that automatically monitors the patient’s condition in hospitals 
or as a monitoring system to detect epidemics in public places such as schools, offices, and restaurants. 
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ABSTRACT 
Human care robots are needed by elderlies for their convenient life as well as emotional stability. The robots 
should quickly and accurately detect events happening around the users in order to execute right actions at 
the right time. In this paper, a real-time sound event recognition (SER) system for human care robots is 
proposed. To maximize recognition performance, CNN-based SER model is personalized for selected event 
classes that are highly specific to the users such as doorbell and phonebell. Personalizing SER model by 
training it using the specific personal sound events has improved average F-score for doorbell and phonebell. 
A pilot living room test for the proposed personalized SER model built in a humanoid robot (Pepper) with 
real-time setting confirmed that the real-time personalized SER system could be successfully utilized by 
human care robots. 
 
Keywords: Sound event recognition, Human care robot, Real-time sound processing 

1. INTRODUCTION 
Human care robots are emerging as an alternative solution to the aging society, and the need for 

human care robots to assist and take care of the elderlies is growing all over the world. Thanks to the 
rapid development in deep learning technology, various types of intelligence to human care robots can 
comprehend situations and take appropriate actions depending on the situations on their own. Auditory 
intelligence enables robots to understand situations more comprehensively by recognizing urgent 
situations where alarms ringing, people being hurt or sick, various emergencies, etc. with more 
specific details. It is advantageous over visual intelligence as sound can be heard when the sound 
source is invisible. Thus, we implement sound event recognition (SER) system that recognizes events 
from given audio input to provide auditory intelligence on a human care robot. 

Although SED algorithms continue to develop, there have been few studies on how to apply SED 
models to human care robots. Previous studies for robot application have been mainly conducted to 
secure robust recognition performance in noisy situations by applying SER models [1-4]. We intend 
to identify and resolve the effect of sound events rather than noise on the performance of SER model. 
SER is required for human care robots to accurately recognize the situation, but there are some issues 
in application of SER. Firstly, there are personal sound events differ by various users such as doorbell 
and phonebell. The trained SER model using general doorbell and phonebell cannot accurately 
recognize those events because sound events within each class do not have enough common acoustic 
characteristics. Thus, personal sound events of which acoustic characteristics vary depending on users 
degrade SER performance. In addition, human care robots require real-time SER systems to recognize 
sound events and provide the necessary services to the elderlies at the right time. SER models are 
generally designed to predict sound event contents within audio clips with fixed length. Thus, a real-
time implementation system to adopt SER model is needed. To test the practicality of the proposed 
SER system, a pilot test in living environment was conducted with real-time setting in the commercial 
human care robot (Pepper). 

In this paper, we proposed a system that trains SER model with personal sound events specific to 
the users to solve the performance degradation problem of personal sound events. In addition, a real-
time sound event detecting system was also proposed to mount the proposed SER model on the human 
care robot. With a pilot test, practicality of the proposed system on the human care robot was verified. 
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2. METHODOLOGY 

2.1 Personalization of Sound Event Recognition Model 
We chose four representative sound event classes to be recognized by human care robot: cough, 

snore, doorbell, and phonebell. All events other than the four events and background sound should be 
recognized as others. These four sound event classes are effectively helpful for caring elderlies 
through there should be various sound events in a room environment. When training SER model with 
personalized sound events, it is hard to extract general acoustic feature and it might cause poor 
recognition performance due to their different acoustic characteristics. To solve this problem, we 
utilized specificity of human care robots and personalized sound events. Human care robots operate 
mostly in the specific users’ living space and the user hardly changes the personalized sound. In this 
normal use case, it is sufficient for robots to react to the sound specifically used by their own users, 
without considering all other sound candidate samples. Therefore, we propose a system that trains 
SER model using only specific personalized sound event samples used by the certain robot’s user, 
rather than collecting and training with personalized sound samples belonging to other users.  

2.2 Real-Time Operation of Sound Event Recognition Model 
Typical CNN-based models are trained using data with fixed size and tested using other data with 

the same size to the training data. For the real-time application of SER model, continuously received 
microphone input should be split into the size of training dataset while the splits are continuously fed 
to SER model. To mitigate this contradiction, we propose a method to overlap adjacent input sample 
fed to SER model by an optimized overlapping proportion. We examined how recognition performance 
changes with different overlap setting and determined the optimal overlap proportion through the 
experiment. Thought this approach, the overlapped input can capture more complete sound events in 
a robust manner, which might otherwise be cut into unrecognizable pieces of inputs. 

 

3. RESULT AND DISCUSSION 

3.1 Sound Event Recognition Performance in Testing Domestic Environment 
ResNet-34-based SER model is trained using the training dataset gathered from AudioSet [5], 

Youtube, and DCASE challenge dataset [6, 7] with data augmentation. The sound events are decided 
to be positive when the result node corresponding to that event yields value exceeding a certain 
threshold value 0.7. When none of four result nodes’ values exceed the threshold, the result is 
considered to be others class. The conventional model trained as whole sound event dataset was tested 
with recorded validation dataset, and confusion matrix of the result is shown in (b) of Fig. 2. While 
cough and snore (F-score: 0.952 and 0.945, respectively) are well recognized, doorbell and phonebell 
(F-score: 0.906 and 0.581, respectively) show relatively low recognition performances. It seems to be 

           
(a)                                        (b) 

 

Figure 1. Confusion matrices of SER models tested with validation dataset using (a) the conventional SER 
model trained with all bell sounds with average F-score of 0.846 and (b) the personalized SER model trained 
with personal bell sounds with average F-score of 0.970. 
 



 

 

contributed to overgeneralization on personal sound events that have very little similarity between the 
individual sound events’ acoustic characteristics.  

We tackled this problem by personalizing SER model by training the model with doorbell and 
phonebell sound samples used by a specific user. Trained personalized SER model was also tested 
with the recorded validation dataset, and confusion matrix of the result is shown in (b) of Fig. 2. 
Compared to the previous results by conventional SER, the proposed personalized model not only 
showed better recognition performance for doorbell and phonebell (F-score: 0.964 and 1.000, 
respectively) but also better F-score for cough and snore (F-score: 0.968 and 0.947, respectively). The 
doorbell and phonebell events, which vary largely with users, show that it is effective to train with 
specific sound samples depending on specific user. 

 

3.2 Pilot Test for Real-Time Sound Event Recognition 
The human care robot system consists of Pepper and a server computer for SER. The server 

computer receives audio packets of Pepper's microphone in real-time through a wireless transmission 
and recognizes sound events using the SER model. The personalized SER model was mounted on 
server computer that communicates with Pepper robot in an indoor apartment environment shown in 
Fig. 4. An appropriate speech response of Pepper to the user is determined using recognition results 
and sent back to the Pepper.  

We designed a pilot test with total eight sound events, two of each for four sound event classes 
(cough, snore, doorbell, phonebell). Total five rounds of eight sound events were testes, so total forty 
events were tested in this pilot test. The F-score for whole pilot test with different overlap proportions 
(0%, 50% and 75%) are listed in Table III. For doorbell and phonebell events, the proposed SER model 
showed 1.000 of F-score regardless of the overlap proportion setting. This verifies that personalized 
SER system works well in real situations where it is mounted on a robot within a similar domestic 
environment. However, cough and snore recognition performances were relatively low in case not 
having overlap. The reason why doorbell and phonebell works equally well without overlap but cough 
and snore decrease SER performance is the difference in acoustic characteristics of the event classes. 
Doorbells and phonebells are mainly melodic sounds, and they are more than 2 seconds. Conversely, 
cough and snore are impulse-like sounds, and they have a very short duration. Thus, there is a high 
probability that 2-second interval will contain short part of cough or snore events, rather than fully 
containing the events when collecting data with short overlap proportions. For this reason, long 
overlap section is required for accurate real-time SER of cough and snore sounds.  

 
 

Table 1. F-scores with different overlap proportion in pilot test 

Class 0% 50% 75% 
Cough 0.889 0.947 1.000 
Snore 0.667 0.889 0.889 

Doorbell 1.000 1.000 1.000 
Phonebell 1.000 1.000 1.000 
Average 0.889 0.959 0.972 

 

   
 

Figure 2. Domestic environment where a human care robot is operated and pilot test on SER system was done. 
There are Pepper and the server computer that processes the data collected by Pepper. The personalized SER 
model was mounted on the server computer. 
 



 

 

With 75% overlap proportion, the average F-score is 0.972, which is even better than the 
performance verified at the laboratory level. The result of real-time recognition with 75% overlap is 
shown in Figure 3. It can be seen that not only accurate SER but also accurate onset and offset are 
indicated. Therefore, through the pilot test, we confirmed that the proposed method and system are 
suitable for accurate real-time SER for human care robot system. 

 

4. CONCLUSION 
In this paper, a real-time personalized sound event recognition system was proposed for human 

care robots. A total of four events, cough, snore, doorbell, and phonebell, that the human care robot 
must detect were adopted as representative classes. We propose a method to train SER model using 
only specific sound events used by a specific user, taking advantage of the fact that the user and usage 
environment of the human care robot hardly change. Personalized SER model showed high F-score 
for doorbell and phonebell compared to the conventional model using whole sound event dataset. 
Furthermore, to verify whether it could be applied to human care robot system, personalized SER 
model was mounted on Pepper robot and a pilot test was conducted in the actual living environment 
with real-time setting. The human care robot system with personalized SER model showed that 
accurate real-time recognition performance was achieved with F-score of 0.972.  
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Figure 3. A recorded sound and recognition result: (a) raw waveform recorded by Pepper and (b) SER results 
using real-time personalized SER model with 75% overlap. The dotted line in the waveform plot indicates onset 
and offset points at which the event occurred and ended. 
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