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Abstract
Interactive speech system scenarios exist which require the user to perform tasks which exert limitations on speech production,
thereby causing speaker variability and reduced speech performance. In noisy stressful scenarios, even if noise could be completely eliminated, the production variability brought on by stress, including Lombard eﬀect, has a more pronounced impact on speech system performance. Thus, in this study we focus on the use of a silent speech interface (PMIC), with a corresponding experimental assessment to
illustrate its utility in the tasks of stress detection and speaker veriﬁcation. This study focuses on the suitability of PMIC versus close-talk
microphone (CTM), and reports that the PMIC achieves as good performance as CTM or better for a number of test conditions. PMIC
reﬂects both stress-related information and speaker-dependent information to a far greater extent than the CTM. For stress detection
performance (which is reported in % accuracy), PMIC performs at least on par or about 2% better than the CTM-based system. For
a speaker veriﬁcation application, the PMIC outperforms CTM for all matched stress conditions. The performance reported in terms
of %EER is 0.91% (as compared to 1.69%), 0.45% (as compared to 1.49%), and 1.42% (as compared to 1.80%) for PMIC. This indicates
that PMIC reﬂects speaker-dependent information. Also, another advantage of the PMIC is its ability to record the user physiology
traits/state. Our experiments illustrate that PMIC can be an attractive alternative for stress detection as well as speaker veriﬁcation tasks
along with an advantage of its ability to record physiological information, in situations where the use of CTM may hinder operations
(deep sea divers, ﬁre-ﬁghters in rescue operations, etc.).
Ó 2009 Elsevier B.V. All rights reserved.
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1. Introduction
Many interactive systems involving speech require the
user to perform tasks which introduce limitations on
speech production, thereby causing speaker variability
and reduced speech system performance (Baber et al.,
1996; Benzeghiba et al., 2007; Bosch, 2003; Corrigan,
1996; Cosmides, 1983; Hansen, 1994; Murray et al.,
1996). This results in Speech Under Stress, which represents a challenge for human cognitive coordination because
of the alteration to the speech production process. Of the
*
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many factors which cause speech production variability
such as accent, dialect, language diﬀerence, stress (cognitive, physical, or emotional based), represents a signiﬁcant
and typically ill-deﬁned set of production deviations. Stress
can result from cognitive load (time-constraint mental
workload, mathematical computations, etc.), or from physical work load (cycling, ﬁre-ﬁghters in rescue operations),
or from exposure to background noise resulting in Lombard eﬀect (while communicating in noisy conditions such
as a party or on a noisy street) ( Hansen, 1996). These
diverse factors including stress degrade automatic speech
system performance as well as cause a loss in intelligibility
for human speech perception. In adverse noisy, stressful
situations where speech technology such as speech recognition, speaker veriﬁcation, or where dialog systems are used,
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addressing noise is not suﬃcient to overcome performance
loss (Junqua, 1996; Hansen, 1993; Bou-Ghazale, 1996;
Viswanathan et al., 1984). In noisy stressful scenarios, even
if noise could be completely eliminated, the production variability brought on by stress, including Lombard eﬀect, has
a more pronounced impact on speech system performance.
Noise in speech can broadly and loosely be categorized into
two components, the ﬁrst being ambient environment noise
(AEN), with the second being noise due to alterations in
the speech production process. Hence, if AEN is minimized, the study of speech production becomes possible.
Any sensor which can record speech before it leaves the
speaker’s lip/oral cavity would be immune to AEN, allowing researchers to focus on the study of alteration to speech
production process due to stress. This is the main focus of
this study, which is to evaluate one such silent speech interface entitled the physiological microphone (PMIC).
Most research focused on speech under stress has concentrated on the use of traditional acoustic microphones.
Some of these techniques which have been shown to
improve performance include:- robust feature methods
(developing features which are robust against stress variations); stress equalization methods (compensating feature
variations due to stress); model adjustment/training methods (multi-style training, training for speciﬁc conditions to
be encountered during testing). They can be adopted to

mitigate the impact of stress on speech system performance
(Bou-Ghazale and
Hansen, 1995; Bou-Ghazale and
Hansen, 2000; Hansen, 1994; Womack and Hansen,
1996b; Womack and Hansen, 1996a). However, for certain
applications, employing an acoustic mic can limit human
task performance, and therefore the use of alternative sensors such as the physiological mic (PMIC) should be considered. PMIC is a non-acoustic sensor which captures
speech via skin vibrations through contact with the skin
near the cricoid and thyroid cartilage. Fig. 1 shows various
vocal organs and supporting structure surrounding vocal
folds including the cartilages. Thus, the PMIC is a nonacoustic, contact sensor. Fire ﬁghters, law enforcement oﬃcers, aircraft pilots, etc. or other subjects who require voice
communication or voice engagement could beneﬁt from the
use of PMIC in their work environment. In such environments, noise robustness of the PMIC far surpasses that
of the acoustic mic (CTM – close-talk microphone). Additionally, PMICs also capture a response related to the heart
rhythm, and breathing, allowing for remote monitoring of
a subject’s physical conditions.
Most silent speech interface studies for speech applications capture articulation-related signal or glottal-fold signals before the sound pressure wave leaves the speaker’s
oral cavity. However, there are several potential sensors
which do not require vocalization of speech, but the artic-

Fig. 1. The human vocal organs surrounding and supporting the vocal folds – speciﬁcally Cricoid cartilage and Thyroid cartilage (obtained from Denes
and Pinson, 1993).
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ulation movement. A second group of sensors concentrate
on face contour mapping by use of image processing of
facial videos (Knudsen et al., 1994; Otani and Hasegawa,
1995). To capture articulation-related signal and glottalfold signals, most sensors are placed near or around the
neck region. For example, the glottal electromagnetic sensor (GEMS) (Brady et al., 2004; Burnett, 1999) is a sensor
which is attached near the neck region. The GEMS sensor
works on the principle of electromagnetic wave scattering
from body organs to reﬂect movement as speech information. GEMS sensor studies have considered detection of
voiced speech, analysis of excitation characteristics (Holzrichter, 2002), improvement of ASR performance as well
as speaker veriﬁcation task (Gable, 2000). GEMS has also
served as the primary signal capture sensor for the US
DARPA Advanced Speech Encoding (ASE) program for
ultra-low-bit (< 600 bits= sec) speech coding. GEMS
require precise setup for eﬀective speech capture and are
costly sensors, requiring EM transmission and antenna
setup. A variant of GEMS called the tuned electromagnetic
resonator collar (TERC) (Brown et al., 2005) has been considered in a study on glottal activity. As compared with
GEMS, TERC does not require precise alignment of the
sensor and receiver, but TERC still requires the speaker
to be positioned in one place. Some research groups are
focused on the use of electrical signal from various muscles
associated with speech production. These sensors can
include for example electromyograms (EMG) ( Chan,
2003; Titze et al., 2000), and electroglottalgrams (EGG)
(Courteville et al., 1998; Titze et al., 2000). EMG exists
in two variations; one EMG uses surface electrodes to capture muscle movement, while the second is more invasive
with needle-like electrodes to capture speciﬁc muscles
responses from speech. EMG (Jou et al., 2007; Wand et
al., 2007) and EGG have been applied for automatic speech
recognition, and speech synthesis. There also exists several
silent speech interfaces (SSIs) which work on vibration
pickup for various bone structures around the neck and
face regions. These bone-conduction sensors (Quatieri et
al., 2006) are mostly placed near the ear bone, or inside
the ear, or forehead region. The purpose of these bone-conduction sensors as a SSI is to improve speech intelligibility
in high ambient noise conditions, to allow diﬀerentiation
between speech and non-speech, and also for ASR applications. Several other SSIs work on the principle of acquiring
speech information via skin vibrations. These sensors and
interfaces include the throat microphone (Ingalls, 1987;
Mainardi and Davalli, 2007; Shahina and Yegnanarayana,
2005; Roucos et al., 1986), skin-conduction accelerometers
(Akargun and Erzin, 2007; Graciarena et al., 2003), symmetrical diﬀerential capacitors (SDC) (Peters, 1995;
Mohamad et al., 2007), and also include the physiological
microphone (PMIC) (Scanlon et al., 2002) which is considered in detail in our study. These skin vibration SSIs convert surface vibrations into what is believed to reﬂect
articulation movement, as well as vocal fold movements.
The main motivation again with such a vibration-based
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sensor is to mitigate the harsh ambient noisy environment.
Sometimes, these SSIs are used along with close-talk microphones in a multi-sensor conﬁguration to boost the ASR
performance by employing a data fusion scheme, where
sensor signal usage is conditioned on the level (or type)
of background noise (represented as SNR). Quite a few
SSIs use an ultrasonic strategy (Heuber et al., 2007) to
acquire speech information by mapping the articulation
movement via a Doppler imaging concept, while some
polymer-embedded microphone devices, like non-audible
murmur (NAM) sensors, have been used for converting
whisper into speech (Noma et al., 2005; Tran et al.,
2008). Some SSIs use optical imaging and photoelectric
sensors for speech interfaces (Knudsen et al., 1994; Otani
and Hasegawa, 1995; de-Paula et al., 1992). As a SSI, some
sensors such as the GEMS, and TERC have a critical procedure, while some sensors like SDC, PMIC, NAM or
throat microphones are simple to use without any necessary prior setup time.
In this paper, the role of the physiological microphone
(PMIC) is evaluated for two tasks – stress detection and
speaker veriﬁcation. Stress speciﬁc information is largely
present in the glottal waveform. Useful speaker speciﬁc
information can also be found in the glottal waveform.
Therefore, it is expected that the PMIC would be useful
in these two tasks due to its close proximity to the larynx.
In other words, the PMIC will faithfully capture the glottal
waveform under all conditions in a robust manner.
This study considers experiments conducted using the
PMIC. The outline of the paper is as follows – the next section describes the collected database for experiments. Section 3 describes the PMIC and illustrates the diﬀerence
between PMIC and CTM based on frequency structure.
Subsequent sections describe the investigation of PMIC
for stress detection and speaker veriﬁcation. Finally, the
last section illustrates the use of PMIC for heart rate monitoring for speech under stress.

2. UT-Scope database
This study is focused on speech data obtained from the
UT-Scope database (Ikeno et al., 2007). The database currently consists of 85 speakers, with 63 females and 22
males. More than half of the speakers in the database participated in two to four data collection sessions in order to
explore session variability. All data collection sessions were
performed in an ASHA (American Speech-LanguageHearing Association) certiﬁed single wall sound booth.
Two synchronous recordings are obtained, with one using
a close-talk Shure Beta-54 microphone (CTM), and the second with a PMIC sensor positioned at the cricoid and thyroid cartilage. The data is sampled at 44.1 kHz and stored
with 16 bits per sample. It is noted that all acoustic channels were recorded on a Fostex 8-channel digital recorder,
so all data sets are recorded synchronously. A Polar heart
rate monitor (Goodie et al., 2000) is used to record heart
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rate information every 5 s, with blood-pressure measurements taken for some subjects before and after the tasks.
Speakers produced speech under two stress tasks (cognitive stress, and physical stress) in addition to producing
speech under a neutral state while seated and relaxed (neutral relaxed state). So, the database consists of three segments of recordings per speakers, (i) neutral relaxed state,
(ii) physical stress, and (iii) cognitive stress. The two stress
tasks consist of a cognitive stress task and a physical stress
task. The cognitive stress includes recordings while the subject operates a car in a racing car simulation with a Playstatione console, while the physical task consists of the
speaker using a stair-stepper at a constant speed of
10 miles/h. The physiological metrics such as blood-pressure and heart rate are recorded for a majority of the
speakers. The ambient noise ﬂoor level is checked during
all tasks, speciﬁcally for the physical task, since noise from
the mechanical movement while stair-stepping was thought
to impact (and thus skew) stress task identiﬁcation. An
environment noise assessment showed that the subject produced utterances at 50 dBA higher than the ambient noise
ﬂoor. Thus, ambient noise does not drastically impair the
task performances. The corpus consists of 35 TIMIT sentences and spontaneous conversation recordings for each
speaker. Each TIMIT sentence1 is between 2 and 5 s in
duration. These sentences are chosen so as to be phonetically balanced. The spontaneous conversation includes discussion and/or views on various daily activities on the
university campus. Thus, no personal information is
recorded during the spontaneous conversation (eg, ensure
IRB compliance).
For this study, speech ﬁles of 42 females (native speakers
of American English) are used for algorithm development
and evaluations. The age distribution is between 18 and
46 years, with more than 50% within the age group of
22–27 years. Analysis on blood-pressure and heart rate is
not directly used for either reporting or enhancing the task
performances, but the heart rate extracting algorithm is
compared with the Polar heart rate monitor ground truth
readings. Here, we focus on the comparative performance
analysis between CTM and PMIC. The contiguous 35
TIMIT sentence recordings for each sensor is divided into
individual sentences for our evaluations. The two sensor
evaluation domains of stress detection and speaker veriﬁcation are used to compare the two sensors. It is noted that
most of the evaluations are carried on neutral relaxed state
and physical stress segments. Thus, experiments are carried
out on a pool of 42 (number of speakers)  35 (TIMIT sentences)  2 (mic types)  2 (stress types) utterances. The
spontaneous speech segment is not used for task assessments in this study. The cognitive stress task is used in Section 4.3, for performance comparison across two stress
styles and Section 5, for speaker veriﬁcation evaluations.

1
The text for the 35 sentences were obtained from a selection used in the
TIMIT corpus [http://www.ldc.upenn.edu/].

3. Physiological microphone (PMIC)
The PMIC is a physiological microphone which contains a piezo-electric crystal sensor enclosed in a gel-ﬁlled
pad [refer Fig. 2]. Gel-ﬁlled pads are designed to have the
impedance close to that of the skin, thus allowing for maximum transfer of vibration from skin to the sensor. Secondly, they conserve the bandwidth of the speech spectra
for the best possible transfer of signal structure. As shown
in Fig. 2, the PMIC is attached around the neck to the side
of the cricoid and thyroid cartilage of the speaker using a
Velcro strap. In this manner, it faithfully captures the skin
vibrations during speech. The piezo-crystal in the PMIC
converts skin vibrations into electrical signals which are
subsequently recorded. The insulating material covering
the piezo-crystal minimizes the acoustic (airborne) coupling between the piezo-crystal and the ambient environment. Thus, the PMIC acquires skin vibrations near the
neck region during speech but minimizes transfer of ambient noise, making the sensor robust under high ambient
noisy conditions (Scanlon et al., 2002). Also, the PMIC
captures speech before it leaves the speaker’s mouth, converting the articulation-related signal and vocal-fold signal
through the skin vibrations into an electrical signal. Thus,
the PMIC is one of the many silent speech interfaces, since
it does not directly capture acoustic sound pressure from
the speech airﬂow.
Even though the PMIC has a robust design against
ambient noise, being a contact sensor makes PMIC vulnerable to other signal corruption. Artifacts tend to be introduced because of: (a) body movement near the contact
surface, (b) improper sensor placement, and (c) nature of
contact between skin and gel-pad (caused by perspiration).
Thus, schemes to mitigate or overcome these short-comings
need to be devised. While these issues have been reported in
some studies, to our knowledge no prior research has been
conducted to evaluate their impact on speech technology.
Since the PMIC captures articulation-related signals as
well as vocal-folds signals via skin vibrations, and the
CTM records air pressure variations near the lips, the
two will have diﬀerent frequency content. Spectrograms
shown in Figs. 3 and 4 illustrate the frequency content of
CTM and PMIC under two diﬀerent stress conditions –
neutral and physical stress. As a side note, on careful observation on the magniﬁed spectrum on the right hand side in
Figs. 3 and 4 both for the CTM and PMIC sensor, there
exists a 60 Hz hum, a recording artifact which does not
impact our analysis and other important conclusions
drawn in this study. PMIC shows prominent lower frequency-band proﬁles for all phones, and clear structured
high-frequency content from sustained voiced segments.
Alternatively, as compared to CTM, the PMIC predominantly records the frequency structure in the 0–2 kHz
band. Though a restricted frequency structure does suggest
that potential crucial speech information might be lost, the
PMIC might actually compress the complete frequency
band information [0–4 kHz] within this smaller band [0–
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Fig. 2. The physiological sensor (PMIC) (on right) and its placement (left) around the neck near cycloid thyroid cartilage.

Fig. 3. Speech spectrogram for the utterance the drunkard is a social outcast (i) CTM [top] and (ii) PMIC [bottom] under neutral state – PMIC has almost
no frequency contents above 2 kHz, (right) shows activity for frequencies less than 100 Hz (indicated by side arrows) for PMIC recordings.

Fig. 4. Speech Spectrogram for the utterance the drunkard is a social outcast (i) CTM [top] and (ii) PMIC [bottom] under physical stress – PMIC has
almost no frequency contents above 2 kHz, (right) shows higher activity for frequencies less than 100 Hz (indicated by side arrows), indicates probable
recording of heart-beats and breathing pattern.

2 kHz]. This is because PMIC signal is signiﬁcantly intelligible. Fig. 4 shows speech spectrograms under physical
stress. Here, it is observed that the lowest frequency

[0–100 Hz] for PMIC shows distinct activity which could
be related to physiological activity. By comparing Fig. 4a
and b, it can be seen that some potential physiological
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activity is represented in the PMIC but not seen in CTM.
The physiology of the user is reﬂected while the speaker
is under physical exertion (Fig. 4b). This ability to reﬂect
physiology (heart-beat information) is reported in Section
6 wherein the algorithm results are compared with baseline
ground truth for neutral relaxed state and physical stress.
An informal listener test with 3 subjects was conducted in
which listeners evaluated the CTM and PMIC recordings
for two recording segments: (a) speech segment, and (b)
silence segment. The evaluation was used to ﬁnd the diﬀerences between the two recordings. The listeners reported
that (i) while the PMIC recordings were not as intelligible
as CTM recordings, and listening to the PMIC speech over
a long duration produced annoyance/fatigue, the listener
was able to understand the sentence prompts, (ii) for silent
segments, listeners did not hear any speech or other artifacts, yet upon increasing the audio gain, each subject
would hear a regular beat. When the signal was inspected
visually, the signal bore similarity with QRS complex
pattern (representing the heart depolarization and repolarization electrical activity) as observed for heart-beat (Klabunde, 2005); (iii) the breathing pattern became recognizable
at the very end of the physical stress session, when the subject becomes tired.
In the next section, we perform a comparative analysis
between CTM and PMIC for two speech applications –
stress detection (SD) and speaker veriﬁcation (SV).
4. PMIC-based stress detection
The focus here is to compare the performance of PMIC
and CTM, with the goals to:
(1) determine the impact of using diﬀerent number of
speakers in modeling stress,
(2) determine the impact of fusion scheme on PMIC and
CTM-based systems, and
(3) determine stress detection performance for two diﬀerent stress types (cognitive–neutral and physical–
neutral).
The stress detection (SD) task is a binary (two-way)
decision task in which the test signal is classiﬁed either as
belonging to neutral or physical stress. Analysis involving
cognitive stress is not reported in Sections 4.1 and 4.2, since
larger deviations in speech production are expected under
the physical stress condition. To evaluate the performance
under the above mentioned scenario, 50% of the UTScope
utterances from a speaker are used for training models, and
the remaining 50% are employed as test data. The task is

evaluated using the prompted speech segments from the
UTScope database in which 35 sentences were recorded
per speaker. Hence, 17 sentences were used for training
and the remaining 18 sentences to evaluate the algorithm.
4.1. Impact of using diﬀerent number of speakers in training
stress model
To study the impact of variable number of speakers in
the stress model, we form groups of 3, 6, 12, 20, 35 speakers
derived from a larger pool of 42 female speakers. This process of forming groups of 3, 6, 12, 20, and 35 speakers was
repeated ﬁve times to obtain ﬁve diﬀerent sets for each
speaker group [ﬁve-fold cross validation]. The diﬀerent
set of speakers is chosen to build the models across these
ﬁve runs. Using multiple runs (ﬁve in our case) eliminates
any speaker bias in the performance assessment. An overall
average of the ﬁve runs is then reported as the ﬁnal system
performance. Stress detection is carried out using a GMM
framework (128 mixtures), where the diﬀerence in log likelihood scores of the neutral model and physical stress
model is used to classify a test token. The GMM models
are trained using TEO-CB-AutoEnv features. The features
are extracted from the signal using the process as described
in (Zhou et al., 2001), and have been shown to be eﬀective
features for stress classiﬁcation. For purposes of completeness, we include a ﬂow diagram of the TEO-CB-AutoEnv
feature in Fig. 5 (Zhou et al., 2001). We ensure that test
and train utterances do not have overlap [no speaker overlap as well as data overlap]. Table 1 shows the average performance of stress detection for all ﬁve groups and both
microphone sensors (PMIC, CTM) for TEO-CB-AutoEnv
features. It is observed that the PMIC based system shows
increasing performance with increasing group size. It is
possible that the PMIC contains more diverse information,
thus requiring more speakers to model both stress and
related speech/speaker structure. Both systems (CTMbased and PMIC-based) show a jump in performance when
moving from 3 speakers to 6 speakers in the stress model
[SD accuracy of 87.07% and 88.69% for CTM, and
PMIC-based system has accuracy of 83.49% and 86.27%
for 3 and 6 speakers respectively]. The stress detection performance with CTM levels out for more than 6 speakers
(less than 0.5% across 12 speakers, 20 speakers and 35
speakers). This indicates that the CTM may not contain
as diverse information as compared to PMIC. Also, having
12 speakers with CTM may suﬃce for SD, while having an
increased number of speakers with PMIC is better.
Table 2a indicates binary stress detection (neutral–physical stress) performance for CTM using both MFCC (ﬁrst

Fig. 5. TEO-CB-AutoEnv feature extraction algorithm [adapted from Zhou et al., 2001].
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Table 1
Stress detection performance [in terms of accuracy (%)] for stress models
build using TEO-CB-AutoEnv features for neutral/physical stress twoway detection – PMIC performs close to CTM-based system for stress
models built using at least 12 speakers.
Number of speakers in models

Close-talk mic (CTM)
PMIC
diﬀ. w.r.t. CTM

3

6

12

20

35

87.07
83.49
3.58

88.69
86.27
2.49

88.49
87.51
0.98

88.21
87.98
0.23

88.07
89.42
1.35

Table 2
Stress detection performance for MFCC, TEO-CB-AutoEnv and fused
system [in terms of accuracy (%)] combining MFCC and TEO-CBAutoEnv based scores using Adaboost algorithm, (a) CTM and (b) PMIC.
PMIC performs close to CTM-based system for stress models built using
diﬀerent speakers.
Number of speakers in models
3

6

12

20

35

(a) CTM-based Adaboost system
MFCC
90.83
91.93
TEO
87.07
88.69
Fusion
90.82
94.03

92.80
88.49
95.16

93.00
88.21
93.96

92.96
88.07
95.16

(b) PMIC-based Adaboost system
MFCC
87.65
91.70
TEO
83.49
86.20
Fusion
92.56
93.55

93.46
87.51
97.18

94.40
87.98
95.38

96.22
89.42
96.28

row) and TEO-CB-AutoEnv (second row) features. Similar
conclusions can be drawn, as seen with TEO-CB-AutoEnv
features, with stress detection accuracy leveling oﬀ at about
92.80% (+/ 1% variation) for 12 or more speakers in the
stress models. Table 2b indicates stress detection performance for PMIC. MFCC-based system shows a jump from
the 3 speaker based stress model to the 6 speaker based
stress model (accuracy 90.83% jumped 91.93% for CTM,
and 87.65% to 91.70% for PMIC). The PMIC SD system
shows a gradual increase in stress detection accuracy with
an increase in the number of speakers used to train the
stress model. Secondly, the MFCC-based PMIC system
shows improved accuracy as compared with the CTM system for 12 or more speakers (92.80% with CTM, and
93.46% with PMIC at 12 training speakers). The performance variations (jumps and lower values) for less than
12 speakers in the stress model can be clearly attributed
to a reduced data diversity for training models, but still a
SD accuracy of greater than or equal to 87.65% is still signiﬁcant. Thus, the experiments with both TEO-CB-AutoEnv (18-dimension), MFCC (19-dimension C1–C19)
present similar conclusions. The results indicate that PMIC
performs as good as CTM or slightly better when the number of speakers is greater than 12. Thus, this is an indication that PMIC can be a viable alternative for CTM
while operating under unfavorable conditions, such as
emergency personnel in rescue operations (e.g., ﬁre-ﬁght-
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ers). During such operations, the subject will have signiﬁcant gear and needs to be free of hand-held communication devices. Extreme levels of noise render CTM less
successful, while the PMIC will be able to sustain performance as acoustic noise conditions evolve/change.
4.2. Fusion scheme
In this section, we explore if the two features (MFCC,
TEO-CB-AutoEnv) carry complementary information. If
the features were to be complementary, then it is
expected that a fusion system will outperform the individual classiﬁer systems. The fusion system combines the
individual systems based on MFCC and TEO-CB-AutoEnv features for CTM and PMIC. The Adaboost algorithm is selected to fuse the systems and evaluate this
hypothesis. The details on Adaboost algorithm implementation can be found in (Freund and Schapire, 1999;
Huang et al., 2007). The LLR scores from the MFCCbased approach are combined with the TEO-CB-AutoEnv-based system. The fusion scheme performances are
compared for binary stress detection tasks which detects
whether the test signal belongs to either neutral relaxed
state or physical stress. Table 2a and b illustrates the performance for the two sensors. Table 2a illustrates the performance of CTM with Adaboost fusion scheme, while
Table 2b shows the performance of PMIC with Adaboost
fusion scheme. The results clearly show that the individual system using MFCC or TEO-CB-AutoEnv feature for
PMIC may not outperform CTM for all the speaker conditions. The combined PMIC Adaboost fusion outperforms CTM Adaboost fusion system in nearly all
speaker group sizes. This suggests that the MFCC feature-set and TEO-CB-AutoEnv feature-set for PMIC sensor may store a subtle complementary information that is
not possible with only the CTM sensor. Thus, stress differentiating information is distinctly stored by the PMIC
sensor. PMIC-based fused system clearly outperforms
CTM-based system by at least 1% over diﬀerent speaker
groups in stress models, except for the 6 speaker group
where CTM based stress detection accuracy is 94.03%
and PMIC based is 93.55% (slightly better by 0.08%
more, which is not statistical signiﬁcant). At 12 speakers,
CTM fused system has a performance of 95.16% while
PMIC has 97.18% (2.02% higher). This also indicates that
for systems with 12 speakers or more in the stress model,
PMIC becomes a viable alternative for CTM-based system. It is noted that while the error rate reduction
between the CTM fusion system and the PMIC fusion
system is 2.02%, this reﬂects a 41.7% relative reduction
in stress detection error rate.
4.3. Performance for diﬀerent stress types
The UTScope database consists of two stress types, cognitive and physical stress. Though evaluations in previous
subsections focused on SD between neutral and physical
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stress (NX–PP), another set of experiments were carried
out to compare the two sensors performance also for neutral/cognitive (NX–CP) stress. As mentioned is Section 2,
cognitive stress data recordings are done while the speaker
operates a car in a racing car simulation with a Playstatione console. The separate set of experiments were carried out and results are represented in Fig. 6.
The cognitive stress model and neutral state models were
constructed using speech data from 12 speakers, since it is
reported in Section 4.2, that both PMIC and CTM-based
SD have comparable performances which level oﬀ with
12 or more training subjects. However, due to data convergence problems using the cognitive stress data, the accuracies are reported with 64 mixtures used in the Gaussian
mixture models instead of 128 mixtures as reported in the
earlier section for physical stress. MFCC features were
used to build the stress models. The performance is lower
for the NX–PP as compared to that reported in Table 2,
due to the reduced number of mixtures in the GMM models. In spite of this, we feel that the conclusions drawn on
the sensor performance for the two stress styles are still
eﬀective.
Fig. 6 shows the comparative performance of CTM and
PMIC across two SD systems. For binary SD for cognitive/neutral, CTM gives 65.62% accuracy, whereas PMIC
has 76.86% accuracy, a performance diﬀerence of
+11.24% absolute, indicating that PMIC can eﬀectively
represent the subtle diﬀerences between cognitive and neutral conditions to a far greater degree than the CTM sensor. The SD accuracy for physical/neutral is 73.29% with
CTM, while PMIC represents better performance by
+5.73% absolute at 79.02% accuracy. By comparing the
relative diﬀerence between CTM and PMIC performances
for the CP–NX system, it is clear that the PMIC stores
the cognitive stress information distinctly as compared
with CTM. This would suggest that the glottal folds
undergo drastic changes during their vibratory pattern
for speech production which can be caught by skin vibrations, thus by PMIC.

5. Speaker veriﬁcation experiments
The prior section considered the PMIC and CTM for
stress detection. In this section, the focus shifts to a speaker
veriﬁcation application carried out to evaluate the suitability of PMIC versus CTM. As PMIC is snuggly attached
around the neck, close to the larynx (vocal folds), it is
expected that PMIC will record speaker-dependent information. To test our hypothesis, the best option is to check
the degree of variability across diﬀerent speakers. Hence, a
speaker veriﬁcation task will be a good indicator. Speaker
veriﬁcation (SV) is a binary decision task to declare
whether a test utterance belongs to a speaker (target model)
or not (hence, an outside imposter). Evaluations were carried out on the pool of 42 female speakers, with the individual speaker GMM model constructed using 50% of the
data, and the anti-speaker GMM model obtained from
50% of the utterances belonging to 12 speakers. The choice
of using 12 speakers for the anti-speaker model is motivated by the stress detection results reported in the earlier
subsection, wherein the results indicated that CTM-based
system peaked for models formed with 12 training
speakers. This allows for a comparison of the best case
for CTM with PMIC while having suﬃcient trials for
evaluations.
A single run of SV task consists of scoring test ﬁles
against both the speaker model and anti-speaker model.
If the diﬀerence between the scores (target model scores –
imposter model scores) is greater than a threshold, the test
ﬁle is classiﬁed as the target speaker, otherwise when the
diﬀerence is less than or equal to the threshold, the test ﬁle
is categorized as an outside imposter. To avoid a bias that
may exist within a single run, the speaker model is tested
against ﬁve diﬀerent anti-speaker models, each time building the anti-speaker model with a diﬀerent set of 12 speakers. This represents a ﬁve-fold cross validation assessment.
The results are reported by averaging the results from all
ﬁve-fold cross validations. The percent Equal Error Rate
(%EER) is the measure used to compare SV performance.
Table 3 reports the results for the speaker veriﬁcation
tasks. The boldface ﬁgures are under matched stress conditions, wherein both the test and train speech belongs to the
same stress condition. Fig. 7 shows a DET curve for a single run of speaker veriﬁcation task for the matched neutral
condition. The DET curve for mismatched will intersect the
diagonal (which represents the EER line) higher (for e.g.,

Table 3
Speaker veriﬁcation performance [in terms of EER (%)] for matched and
mismatched conditions. For matched conditions, PMIC system outperforms CTM-based system (boldface are ﬁgures for matched conditions).

Fig. 6. Stress detection (Accuracy %) for PMIC and CTM sensors.

Train

Neutral

Cognitive stress

Physical stress

Test

CTM

PMIC

CTM

PMIC

CTM

PMIC

Neutral
Cognitive
Physical

1.69
6.08
15.08

0.91
7.10
16.15

4.32
1.49
12.93

11.33
0.45
19.75

6.39
6.31
1.80

13.15
12.36
1.42
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Fig. 8. Speaker veriﬁcation (ERR %) under matched train-test stress
conditions for PMIC and CTM sensor. Lower the value, better the system.

Fig. 7. DET curve for speaker veriﬁcation task for Neutral conditions,
EER with CTM is 1.94%, with PMIC 1.41%, (EER is point as which DET
plot intersects the diagonal, lower EER indicates a better system).

for PMIC sensor data, SV system trained with cognitive
stress style ﬁles and tested for neutral ﬁles, it will interact
at 11.33%), but the curve will be similar. DET (Detection
Error Trade-oﬀ) curve plots variation in two types of
errors, reﬂecting the false acceptance rate (FAR) and false
rejection rate (FRR) as a change in threshold. The point on
the DET curve where FAR equals FRR is termed the
Equal Error Rate (ERR), which lies along the diagonal.
The FRR is a percentage ratio of the true tests being
assigned as false versus the total true tests [test signal
belonging to the speaker model but decided as NOT
belonging to the speaker]. FAR is the percentage ratio of
the false tests being decided as true versus the total false
tests [test signal NOT belonging to the speaker but decided
as belonging to it]. Hence, it becomes obvious that the
lower the value of EER, better the resulting system. For
details related to speaker veriﬁcation, please refer to (Bimbot et al., 2004; Reynolds, 1995).
Fig. 8 indicates that under all matched conditions, the
PMIC-based SV system outperforms the CTM-based system. For example, under matched cognitive stress conditions (wherein both the models and test ﬁles belong to
cognitive stress), the CTM-based system has a speaker veriﬁcation EER of 1.49%, while the PMIC-based yields
0.45% ERR. Thus, PMIC-based Speaker veriﬁcation system makes fewer errors of assigning target test ﬁles as
imposters and vice-versa as compared with CTM-based
SV in the matched stress condition. Thus, subtle speaker
diﬀerentiating information is captured by the PMIC to a
greater extent as compared to CTM. On a diﬀerent note,
the SV system overall performs better under the cognitive
versus physical stress condition, indicating that speakers

tend to preserve more consistent speaker dependent structure under the cognitive stress as compared to that under
physical stress, or even neutral relaxed state. This highlights speaker traits under cognitive stress in comparison
to other states. The SV performance deteriorates for physical stress, indicating that there is a greater increase in
stress-related information as compared to speaker-related
information under physical stress speech conditions. As
the PMIC sensor is close to the neck region, it will capture
source excitation information faithfully. Thus, the changes
in speech production apparatus due to the physical stress
will also be captured. The most predominant changes due
to physical stress will be change in the breathing patterns,
and also changes to the control on the vocal folds. The
changes due to physical stress are likely to overshadow
the diﬀerences in speech features across diﬀerent speakers,
an attribute essential for speaker veriﬁcation task. The key
ﬁndings is that, under matched stress conditions, the PMIC
performs better as compared to CTM.
Table 3 indicates performance under matched (diagonal)
as well as mismatched (oﬀ-diagonal) stress conditions. The
performance for speaker veriﬁcation clearly degrades from
neutral to either cognitive or physical stress conditions.
The PMIC is measurably better than CTM for matched
neutral, cognitive or physical stress conditions (0.45–
1.42% EER for PMIC versus 1.49–1.80% for CTM). However, for mismatched conditions, the CTM performs
slightly better for neutral models (6.08% versus 7.10%
and 15.08% versus 16.15%). Mismatched conditions using
cognitive or physical stress models, showed much better
EER performance for CTM versus PMIC. Since these
error rates are so large, the reason for the diﬀerence in
CTM versus PMIC performance is left for future work.
From the DET curves and EER table, experiments indicate that the PMIC performs better as compared to CTM
under matched stress conditions, thus indicating that
PMIC sensor captures speaker traits/information more
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eﬀectively as compared to CTM. This is by virtue of its
proximity at the cricoid and thyroid cartilage making it
possible to capture glottal movement/structure, which
might represent some speaker variability.
6. Extracting physiological information
Studies have shown that non-acoustic sensors such as
the NAM microphone, SDC, or a combination of multiple
sensors can be useful in the study of heart rate and respiratory function, or even assessing lung sounds (Noma et al.,
2005; Peters, 1995; Wang and Wang, 2003). Also, studies
have been conducted that suggest the existence of a relationship between the amount of physical exertion and heart
rate/heart rate variability (Brouha et al., 1961; Brouha et
al., 1963; Courteville et al., 1998; Mulder and Mulder,
1981; Maxﬁeld and Brouha, 1963). The ability of the current non-acoustic sensor – PMIC – to provide additional
information would in general be impossible with a standard CTM sensor. By virtue of the PMIC being a contact
sensor and its proximity to the cartoid arteries (which physicians use to measure heart pulse), it is in theory possible
to obtain heart rate information. Thus, if placed correctly,
the PMIC can reﬂect the physiology traits of the speaker.
The silent segment of PMIC recordings shows heart-beat
pattern. The distance between the two successive peaks
which is the time between successive heart-beats is called
the Inter-Beat Interval (IBI). For a silent segment of the
PMIC sensor recording for speaker performing physical
task as shown in Fig. 9, the three successive IBI values
are 0.61 s, 0.62 s, and 0.62 s, so for this particular speaker
the heart rate does not vary much for the time duration
considered in the ﬁgure. This pattern is computed using
an algorithm described here. The idea in the current set
of experiments is to evaluate and study the feasibility of
the use of the PMIC sensor for heart rate extraction. Thus,
our current focus is not to evaluate and compare perfor-

Fig. 9. Speech waveform (magniﬁed) clearly shows heart-beat pattern
during the silence segment as recorded with PMIC under physical stress
task (time between two successive heart-beats is called Inter-Beat Interval
IBI).

mance of diﬀerent heart rate extraction algorithms, but to
illustrate the PMICs ability to capture this knowledge,
and therefore a basic autocorrelation approach is implemented with certain constraints to suit our goal. The autocorrelation approach may occasionally produce spurious
peaks consisting of period halving or doubling, thus making this approach impractical for a direct heart rate estimator. However, steps are included in the algorithm to
suppress these anomalies and limit their impact. Thus, it
is possible to draw desired conclusions. Fig. 10 compares
algorithm results with an external Polar heart monitor
which is used as a baseline reference. The Polar monitor
was set to record the subjects heart rate every 5 s. The
top part of Fig. 10 shows plots for the neutral relaxed session, while the bottom part shows plots for physical stress
session for a speciﬁc female speaker (subject: fac1_1). The
reported speaker used 254 s to complete the neutral relaxed
speech capture session, while 312 s were used for the same
speech capture during the physical stress session. Thus, the
time taken for a session will vary from session-to-session as
well as speaker-to-speaker. The time taken by a speaker
deﬁnes the duration of the recordings. The evaluation is
done for all the speakers, but evaluation statistics are
reported for a single speaker (fac1_1) in the key of Fig. 10.
Here, heart rate information is extracted from the PMIC
signal as follows. An autocorrelation is performed using a
window (2 s duration) of PMIC signal data, with a skip
rate of 500 ms between subsequent analysis windows. The
peak of the autocorrelation signal represents the time
elapsed between two heart-beats. This time duration represents the Inter-Beat Interval (IBI) that is, the instantaneous
heart rate. The window duration of 2 s is chosen since this
duration will include at least two heart-beats for the neutral
relaxed state. The minimum heart rate recorded in the
UTScope database was 72 beats per minute (which is more
than 1 beat per second). Though the heart rate can change
between subsequent beats, the constraint that the heart rate
will not change by more than 30% as compared to the previous value helps mitigate drawbacks of period halving or
doubling associated with traditional autocorrelation based
methods. A ﬁve-point median ﬁlter helps average random
spikes which can persist unnoticed. To match the baseline
readings from the Polar heart rate monitor, the IBI calculations over a period of 5 s were averaged. The performance of the heart rate algorithm is reported in terms of
root mean square error (RMSE) for neutral and physical
exertion. RMSE is computed over a complete session duration for the speaker. As reported in Tables 4 and 5, RMSE
for the neutral condition is 7.2 beats/min, and for physical
stress, it is 5.9 beats/min for a single speaker (speaker tag –
fac1_1). The results from Tables 4 and 5 clearly conﬁrm the
ability of the PMIC to accurately represent heart rate
actively and subject heart rate statistics in both neutral as
well as physical stress conditions. This is important in
physical stress task such as in current scenario stair-stepper, as neck movement may introduce artifacts which will
distort the heart rate measurements.
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Fig. 10. Heart Rate extraction for the neutral (top) and physical stress (bottom) recordings of a speaker.

These results indicate that the PMIC pcan be employed
to extract heart rate information reliably for most speech
segments, with spikes reported for neutral recordings in
the 50–200 s region (refer to Fig. 10). A listener assessment
of the PMIC recordings indicate a lateral movement of the
speakers neck, hence introducing unwanted artifacts in the
heart rate information. Since we have limited change in
heart rate variation across subsequent computation not
to exceed 30% and added a ﬁve-point median ﬁltering

Table 4
Statistics of polar heart rate monitor and physiology information from
PMIC (neutral condition) – total task recording 254 s.
Statistical measure

Polar heart rate monitor

From PMIC

Mean (l beats/min)
Variance (r2)
RMSE

90
3.7
7.2

94
6.1
beats/min

Table 5
Statistics of polar heart rate monitor and physiology information from
PMIC (physical stress) – total task recording 312 s.
Statistical measure

Polar heart rate monitor

From PMIC

Mean (l beats/min)
Variance (r2)
RMSE

161.4
5.3
5.9

162.1
3.8
beats/min

stage, our algorithm will not show sudden spikes as seen
in Polar heart monitor. Furthermore, experiments not only
indicate the ability to extract heart rate information, but
also that the two diﬀerent stress conditions have a distinctly
diﬀerent heart rate response, a vital biometric aspect for
stress detection and an ideal metric to indicate the presence
of stress for the speaker. The plot also indicates an increase
in heart rate activity for physical stress as compared to the
relaxed neutral task, which is expected, but the increase
and the rate of increase in heart rate depends on the phys-
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ical ﬁtness of an individual and the familiarity with performing the required task. Thus, heart rate measurement
on its own may not be as useful as a physiological stress
indicator, as formulating a mathematical relationship
would be a diﬃcult task. In spite of these points, the current experiments do indicate that the PMIC can be a useful
tool to extract physiological indicators of stress, which
when appended with the stress features previously considered in this study should help stress detection performance/accuracy for practical applications in speech
technology. Also, heart rate knowledge can be used to
enhance our understanding on speech parameterization
and heart rate change. This analysis, along with the ability
to record speech signals makes the PMIC a good alternative to CTM in next generation speech technologies.
7. Conclusion
In this study, the prospect of silent speech interface and
an alternative sensor (PMIC) for stress detection and
speaker recognition was considered. The PMIC performance as compared to a close-talk mic (CTM) was studied
under various conditions. The PMIC was shown to perform similar to CTM or better under all conditions. For
the stress detection task, a wide range of experiments were
carried out to assess the PMIC sensor – to study the impact
of diﬀerent number of speakers in the stress model, diﬀerent feature-sets, score fusion schemes, performance across
diﬀerent stress types, and also for a speaker veriﬁcation
application.
First, Tables 4 and 5 illustrate a diﬀerence in the mean
heart rate for neutral and physical stress, for a particular
speaker. Secondly, studies have indicated that heart rate
variability and breathing patterns can be an indicator of
stress. Hence, the additional advantage of the PMIC to
represent the physiology state (heart rate and breathing
pattern) of the speaker will add a vital dimension/feature
for stress detection as well as stress level assessment tasks.
The PMIC sensor is connected near the cricoid cartilage,
hence acquiring the articulation-related signal and vocalfold signal before it leaves the speaker’s oral cavity via skin
vibration. For a study on the impact of an increasing number of training speakers in the stress model, the SD performance improved with an increase in the number of
speakers for PMIC recordings, while performance levels
oﬀ for CTM at 12 speakers or more in the stress model.
This implies that the PMIC contains diverse information
requiring more speakers to model stress (PMIC SD performance is 86.27% (93.16%) for 12 training speaker level
which improved to 89.42% (96.22%) at 35 speakers level
with TEO-CB-AutoEnv (MFCC) features respectively).
The PMIC sensor not only helps capture complementary
information with two feature-set (TEO-CB-AutoEnv and
MFCC), it also contributes for a fusion system combining
the two features with the Adaboost-based fusion scheme,
indicating that the PMIC sensor provides complementary
knowledge to the CTM by about 2% absolute. For two dif-

ferent stress/neutral scenarios, the PMIC outperformed the
CTM by +11.24% (neutral/cognitive stress detection), and
+5.73% (neutral/physical stress detection) respectively with
12 speakers and a reduced number of mixtures. These
experiments indicate that the PMIC may reﬂect stressrelated information to a greater extent as compared to
the CTM.
To evaluate the utility of the PMIC at capturing
speaker-dependent information, a speaker veriﬁcation
(SV) application was considered. The study on speaker veriﬁcation (with results compared using DETs and %EER)
shows that the PMIC sensor consistently outperforms the
CTM for neutral (0.91% EER as compared to 1.69% for
CTM), cognitive (0.45% as compared to 1.49% EER),
and physical task stress (1.42% as compared to 1.80%)
under matched stress conditions. Thus, the PMIC stored
speaker speciﬁc information to a greater extent as compared to the CTM. Additionally, with the stress mismatched condition (SV task when the train and test stress
conditions did not match), the PMIC performed worse as
compared to CTM, indicating that stress-related information takes precedence over speaker-related information.
Although further experiments are required, we postulate
that as the PMIC is connected near the neck, it should capture the speaker dependent glottal excitation signal faithfully and thus impact of stress on the speech production
will be more pronounced. This may cause the two speakers
to occupy the same feature space degrading the speaker
veriﬁcation performance under stress mismatched condition. Hence, the PMIC indicates worse speaker veriﬁcation
performance as compared to CTM for stress mismatched
condition.
Since the PMIC is a skin-contact silent speech interface
(SSI), it has an ability to reﬂect heart rate information. A
signal processing scheme based on correlation analysis
was used to extract heart rate information from the PMIC,
where the heart rate value shows good agreement with an
external baseline Polar heart rate monitor, with an RMS
error (RMSE) of 7.2 beats per min for neutral condition,
and 5.9 beats per min. for physical stress task for a particular speaker. As demonstrated in this study, the heart rate
extraction from the PMIC signal is in good agreement with
the baseline ground truth, and the PMIC can be exploited
to extract useful heart rate information for future speech
technologies. Though heart rate cannot be used as a single
indicator of stress, it is suggested that when coupled with
the stress detection (SD) system presented in this study,
the combined performance will certainly improve, even
for a reduced number of training speakers in the stress
model.
Future work could include robust heart rate extraction
strategies and investigate the impact of (i) placement of
the sensor at diﬀerent locations around the throat, (ii) quality of contact between skin and sensor, (iii) impact of body
movement, and (iv) impact of breathing patterns on heart
rate measurements. It is also of interest to assess the suitability of PMIC under high ambient noise conditions, a
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major advantage of the PMIC over CTM sensors. Thus,
based on the results from this study, the PMIC is a viable
option (as a SSI) for tasks which require humans to operate
under diﬀerent stress conditions, as well as under conditions wherein CTM may limit/impact an individual’s
mobility for workplace task scenarios.
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