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Abstract: The development of ambulatory voice monitoring devices has
the potential to improve the diagnosis and treatment of voice disorders. In
this proof-of-concept study, real-time biofeedback is incorporated into a
smartphone-based platform that records and processes neck surface acceleration. The focus is on utilizing aerodynamic measures of vocal function
as a basis for biofeedback. This is done using regressed Z-scores to compare recorded values to normative estimates based on sound pressure level
and fundamental frequency. Initial results from the analysis of different
voice qualities suggest that accelerometer-based estimates of aerodynamic
parameters can be used for real-time ambulatory biofeedback.
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1. Introduction
Our research group has recently reported the development of a user-friendly and
flexible platform for ambulatory voice monitoring referred to as the Voice Health
Monitor (VHM).1 The system consists of a smartphone as the data acquisition platform and a miniature accelerometer (ACC) as the phonation sensor mounted at the
base of the neck. The VHM allows for recording of the unprocessed neck skin acceleration signal, with storage space for over 18 h of recording per day for at least 7 days,
and it also has interactive capabilities. Recording the neck skin acceleration signal
allows the investigation of new voice use-related measures based on a vocal system
model and facilitates collecting data to better understand vocal behaviors related to
daily activities.2
In current-generation technologies, approaches based on acoustic parameters
have been implemented for real-time biofeedback using a threshold for either fundamental frequency (f0) or sound pressure level (SPL).3 However, the VHM provides an
opportunity to incorporate novel, more sophisticated real-time biofeedback capabilities
based on advanced measures of vocal function to potentially improve the identification
and treatment of detrimental vocal behaviors (e.g., vocal hyperfunction). A recent
approach provides a method to estimate aerodynamic measures of vocal function from
the ACC signal through modeling of the vocal system and performing subglottal
impedance-based inverse filtering (IBIF).4 This vocal system model is a physiologically
based transmission line model that uses the ACC signal as an input to estimate the
glottal volume velocity (GVV) airflow waveform as an output, and it has been shown
to provide accurate estimation of maximum flow declination rate (MFDR) and
unsteady flow amplitude (AC Flow). Using statistical analysis based on an assessment
of regressed Z-scores, it has been shown that these aerodynamic measures are
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associated with the presence of adducted vocal hyperfunction that can cause vocal fold
trauma and the formation of lesions (e.g., nodules).5
The aim of this study is to incorporate new, more advanced real-time biofeedback
capabilities into the VHM. The new approach is based on using aerodynamic measures of
vocal function that are extracted from neck surface acceleration as a basis for biofeedback.
Regressed Z-scores are used to compare recorded values to normative estimates of aerodynamic parameters (predicted normal thresholds) on the basis of sound pressure level and
fundamental frequency. The present investigation provides a proof-of-concept for these
new features, which still require further development and testing within a framework that
incorporates current principles of motor learning and biofeedback.6
2. Real-time biofeedback approaches
In this section, two approaches for triggering real-time biofeedback are presented and
implemented: (1) a threshold-based method using fundamental frequency and SPL estimates as trigger parameters and (2) a Z-score threshold approach based on aerodynamic measures derived from IBIF processing.
2.1 Smartphone platform
The algorithms to provide real-time biofeedback are implemented on the Samsung
Nexus S smartphone (Samsung, Seoul, South Korea) and a software application called
the VHM. The system records the unprocessed ACC signal at an 11 025 Hz sampling
rate, 16-bit quantization, and 80-dB dynamic range to obtain frequency content of
neck surface vibrations up to 5000 Hz. Detailed specifications of the system have been
previously published.1
2.2 Fundamental frequency and SPL biofeedback
The accelerometer is attached a few centimeters above the suprasternal notch using
double-sided tape (model 2811, 3M Company, Maplewood, MN). Even though there
are multiple ways to compute f0 in the acoustic domain,7 a simple time-domain technique is sufficient to estimate f0 from the ACC signal through a normalized autocorrelation function every 50 ms. SPL was estimated in the time domain by calibrating the
level of the ACC signal to the level of a microphone signal when recorded 15 cm from
the lips. The calibration factor was obtained from a linear regression between the
synchronized microphone and accelerometer signals as the speaker produces the sustained vowel /a/ with increasing loudness.1
During real-time data acquisition, the neck skin acceleration signal was processed in frames of 50 ms, which were divided into sub-frames of 25 ms, where SPL was
computed for each sub-frame and compared with a voicing threshold settable on the
device (set to 62 dB). If both sub-frames surpass the threshold, the frame is labeled as
voiced and then SPL and f0 are re-computed for the entire frame where f0 is restricted
to the range of 60 to 500 Hz. Otherwise, the frame is labeled as unvoiced, and both
SPL and f0 are set to zero. These thresholds and ranges for SPL and f0 have been
used on previous studies,1,2 where the focus was on normal to loud vocal efforts.
However, the device provides nearly 80 dB of dynamic range,1 so the SPL threshold
could be adjusted to study lower or higher SPL levels.
With regard to biofeedback, values of SPL and f0 are used to trigger a vibrotactile cue based on SPL and/or f0 thresholds as well as a duration threshold (i.e., how
long the threshold must be exceeded before triggering a vibrotactile cue). The vibrotactile alert has a modifiable duration from 50 to 1000 ms. These settings replicate the biofeedback capabilities of the Ambulatory Phonation Monitor (APM, model 3200,
KayPENTAX, Montvale, NJ).
2.3 Subglottal impedance-based inverse filtering based biofeedback
The IBIF method was implemented for real-time processing in the time domain via a
finite impulse response (FIR) filter obtained through a separate calibration procedure
where the oral volume velocity (OVV) airflow waveform and electroglottography signals were recorded (and processed offline) prior to the subject wearing the VHM. This
procedure only uses sustained vowels /a/ performed at normal loudness, thus lasting
less than 5 min to complete. The recordings provide information that allows to obtain
subject-specific parameters, which have been initially shown to vary to a certain degree
in running speech, for which the IBIF parameters adjustment from sustained vowels is
considered valid.8 The length of the FIR filter impulse response was reduced from
50 ms to 15 ms to balance the need for computational efficiency and performance for
real-time processing and biofeedback. As a result of filtering the ACC signal with the
IBIF filter, an estimate of the GVV signal (in mL/s) and the time derivative (dGVV)
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are obtained on a frame-by-frame basis. Both, dGVV and GVV signals are used to
derive MFDR and AC Flow features, respectively. While MFDR is obtained from the
negative peak of the first derivative of the GVV waveform and is an indirect estimate
of maximum vocal fold closing velocity, AC Flow is the unsteady component of the
flow and is assumed to indirectly reflect the amplitude of vocal fold vibration. MFDR
and AC Flow have been demonstrated to robustly represent the same features derived
from a gold-standard (the OVV signal) within 10% accuracy4 and have been previously
used in the clinical assessment of vocal function.5 Furthermore, MFDR and AC Flow
have been used empirically to differentiate subjects with normal voices from a small
sample of patients with vocal hyperfunction in the form of regressed Z-scores.5 These
measures are SPL and f0 dependent; however, in this study, they were only computed
based on SPL (instead of using both SPL and f0)5 for simplicity.
Regressed Z-scores for MFDR and AC Flow are calculated as
Z¼


xx
;
rx

(1)

 and rx are the mean and
where x is the frame-based MFDR or AC Flow value, and x
standard deviation, respectively, for a vocally normal group’s MFDR or AC Flow at
specific SPL values. This group consists of 62 adult speakers (28 females and 34
males). The males ranged in age from 20 to 56 years, while the females ranged from
20 to 49 years.
Figure 1 shows MFDR and AC Flow estimates for different SPL values. The
subsequent normalization of MFDR and AC Flow estimates in real time corrects for
the effect of loudness. The statistical parameters to compute the Z-scores are preloaded into smartphone memory before monitoring an individual, where the mean and
standard deviation for a normal group were projected from Perkell et al.9 as a function
of SPL. In order to account for the effects of variations in MFDR and AC Flow
across SPL, a linear regression described the relationship using normative values
(means and standard deviations from either MFDR or AC Flow) from the normal
and loud conditions found in Perkell et al.9 Above the SPL for loud voice, the mean
of MFDR and AC Flow is calculated according to the linear regression; the standard
deviation is fixed at the value corresponding to a loud voice. Below the SPL for comfortable voice production, mean and standard deviation values are fixed at those given
for the comfortable voice to avoid negative mean values. This is clearly a first approximation of real-time Z-score analysis, and thus requires further research to validate or
enhance the method.
The approach described above is the first attempt to compute ACC-derived
aerodynamic measures in real time. This Z-score scheme for biofeedback is hypothesized to be more clinically salient than biofeedback based on simple f0 and SPL thresholds since (1) MFDR and AC Flow have been shown to be sensitive to the presence of
hyperfunctional vocal behaviors5 and (2) the system provides a biofeedback measure
that takes into account the subject’s acoustic sound level.
3. Experimental setup for validation
In order to evaluate the functionality of the VHM’s biofeedback capabilities, the APM
was used as a reference for SPL based biofeedback. Since the APM does not compute

Fig. 1. (Color online) Method for obtaining Z-scores for (a) maximum flow declination rate (MFDR) and (b)
AC Flow measures versus sound level. Plots show interpolated means (red dashed line) 62 standard deviation
(blue solid line) for each measure, where x-marks (black) indicate empirical data points from speakers with normal voices (15 males).
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Table 1. Summary statistics of ambulatory phonation measures for the Ambulatory Phonation Monitor (APM)
and Voice Health Monitor (VHM) systems.
Device

Total time (hours:minutes:seconds)
Phonation time (hours:minutes:seconds)
Percent phonation (%)
Mean fundamental frequency (Hz)
Mean sound level (dB SPL)
Percent compliance (%)
Biofeedback time (hours:minutes:seconds)
Percent biofeedback (%)

APM

VHM

02:08:47
00:38:03
29.61
145.9
82.7
93.5
00:00:46
2.03

02:08:52
00:32:45
25.42
148.1
81.6
96.3
00:00:19
1.01

MFDR and AC Flow, it does not estimate a parameter comparable to the VHM’s
aerodynamic Z-scores function.
3.1 Biofeedback based on SPL
The new real-time processing and biofeedback capabilities implemented on the VHM
were validated through a comparison with an ambulatory voice monitor, the APM.
Specifically, this comparison was carried out using a bioacoustics transducer tester
(BATT)10 with an ambulatory recording of neck surface acceleration previously captured with the VHM from an adult male subject with a normal voice during a 90 min
lecture. Both systems were calibrated with the same subject-specific parameters that
related accelerometer level to acoustic SPL.1 An ACC was mounted on a BATT that
was set to have a flat, band-limited response between 70 Hz and 2 kHz.
Only dB-thresholds were tested in this study and to simulate biofeedback,
both the APM and VHM were set with an upper dB-threshold of 95 dB SPL (above
which biofeedback is triggered), duration threshold of 300 ms, and a vibrotactile alert
duration of 300 ms.
3.2 Biofeedback based on aerodynamic measures
Given that no existing ambulatory device can be used to evaluate the aerodynamic features, the tests in this section focused on two objectives: (1) verifying the correct processing and discrimination of the Z-scores in real-time by recording and analyzing different voice modes and (2) assuring that the added processing does not interfere with
the overall performance of the VHM. A vocally normal adult male sustained the vowel
/a/ in modal and nonmodal (combination of breathy and rough) voice qualities at varying SPL while the Z-score for MFDR was computed online on the smartphone.
4. Results
4.1 Biofeedback based on SPL
The summary statistics for measures computed by the APM and VHM are shown in
Table 1. The same conditions and calibration were provided to both systems, with
phonation time, percent compliance, and biofeedback time qualitatively similar.

Fig. 2. (Color online) Comparison of glottal volume velocity (GVV) airflow estimation using online (red dashed
line) and offline (blue solid line) subglottal impedance-based inverse filtering for the sustained vowel /a/ by an
adult male. Also shown is the effect of (a) same-length finite impulse response (FIR) filter and (b) shorter FIR
filter for online processing on the smartphone. Note that DC levels are not modeled by the AC accelerometer
signal.
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Fig. 3. (Color online) Estimation of maximum flow declination rate (MFDR) for a sustained vowel /a/ by an
adult male. Measures derived from modal (black x-marks) and nonmodal (black rounded marks) voices indicate
that vowel segments of the nonmodal vowel lie outside the normative bounds.

However, the two devices were not synchronized in time and operated with separate
internal clocks, despite the fact the input stimuli was the same for both. Thus, onsets/
offsets are captured in different ways, which can affect the phonation estimates.
Differences in average f0 and SPL estimates were approximately 2 Hz and 1 dB, respectively. Percent biofeedback showed the largest discrepancy. These results can be also
addressed in terms of technological differences between the two devices since the VHM
has a 16-bit instead of 7-bit signal quantization, which results in a wider dynamic
range and a superior numerical precision than the APM.
4.2 Biofeedback based on aerodynamic measures
Figure 2 compares online and offline IBIF processing. Figure 2(a) illustrates that the
GVV waveform estimated using the same IBIF filter length (15 ms) are similar for
online and offline processing. In contrast, Fig. 2(b) notes slight differences when this
shorter (15 ms) version of the IBIF filter implemented on the device is compared with
the full (50 ms) version of the filter computed offline. However, both yield a similar
waveform.
Figure 3 presents MFDR estimates using the short version of the online IBIF
filter for the modal and nonmodal vowels. Whereas MFDR values for modal vowels
were observed within the normative range, those derived from the nonmodal vowels
were outside of the normative range. These initial results suggest that normalizing
MFDR for SPL may aid in indicating the presence of nonmodal voice quality, which
is frequently associated with vocal hyperfunction.
5. Conclusion
Two approaches to real-time biofeedback were incorporated into the VHM. First, a
vibrotactile alarm based on SPL and f0 thresholds was implemented and compared
with the APM. The VHM provided comparable performance to the APM and differences noted are likely due to the increased quantization, dynamic range, synchronization,
and computational precision of the VHM. In addition, a real-time biofeedback scheme
was introduced that was based on the estimation of aerodynamic parameters using subglottal impedance-based inverse filtering and a Z-score assessment. The aerodynamic
assessment discriminated between modal and nonmodal vowels in a proof-of-concept
test. Also, the initial performance assessment indicated that the added computational
load is not a limitation for the smartphone platform.
Future work will include the testing of innovative ambulatory biofeedback
approaches based on motor control and learning theories to improve retention of
desired vocal motor behaviors using the framework proposed herein.
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