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Abstract—Whisper island detection is a challenging research
problem which has received little attention in the research
community. Effective whisper island detection is the first step
necessary to ensure engagement of effective subsequent speech
processing steps to address mismatch between whisper and
neutral speech production. In this paper we propose an effec-
tive approach for detecting whisper-islands embedded within
normally phonated speech via BIC/T2-BIC using a proposed
4-D feature set. Performance is assessed using our proposed
Multi-Error Score(MES), which show that the new proposed
algorithm achieves the lowest MES(11.51) to date and along
with a perfect 100% correct whisper/neutral vocal effort labeling.
The results show that we can correctly and precisely detect vocal
effort change points(VECP) between whisper-islands and neutral
speech as well as label the vocal effort of the whisper-island. The
proposed feature is sensitive to the vocal effort change between
whisper and neutral speech and is gender independent. The result
suggests that the proposed algorithm is effective and precise for
the whisper-island detection.

Index Terms—Vocal Effort, Whisper, Detection, BIC, T2-BIC,
Segmentation, Classification.

I. INTRODUCTION

Whisper speech is one mode of natural speech communi-
cation with results in reduced perceptibility and a significant
reduction in intelligibility. In general, whispered speech can
occur in a variety of settings with the physiological speech
production change from neutral of a complete absence of vocal
fold vibration[1]. On the other hand, in some voice pathology
cases, whispered speech may be caused by a change in the
vocal fold structure or physiology or muscle control due to
disease of the vocal system, such as functional aphonia[2],
laryngeal cancer[3], functional voice disorders[4] or alteration
of the vocal folds as a result of medical operations[1]. Further-
more, as a paralinguistic phenomenon, whispered speech can
be used in different circumstances. One may wish to communi-
cate clearly, but be in a situation where the loudness of normal
speech is prohibited, such as in a library or a formal setting.
On the other hand, one may be whispering to avoid being
overheard, in which case some loss of intelligibility of context
by a remote listener in the same speaker environment may be
desirable[5]. However, current speech processing systems are
generally designed for normally phonated speech data. In [6],
using experimental results from a close-set Speaker-ID system
evaluation, we observed that for five vocal efforts ranging
from whispered to shouted, whispered speech possesses the
most dramatic loss in performance for speech processing
systems. This is mainly because of the fundamental difference
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in the speech production mechanism of whispered speech
versus neutral speech[7][6]. Therefore, whispered speech has
attracted a series of studies not only for a more comprehensive
understanding of the acoustic characteristics, but also for
applications in speech and language technology. In the medical
domain, knowledge of whispered speech is also necessary
as a means for recovering laryngeal surgery patients[8], or
in the evaluation of voice disorders such as for aphonic
patients[9]. Since whispered speech can be effectively used
for quiet and private communications, and cell-phone use
is significantly increasing, speech processing techniques that
effectively address whispered speech are more relevant for
emerging and robust speech communication systems.

In recent years, several research studies considered advance-
ments in the field of whispered speech signal processing.
The investigation of whispered speech is interesting from a
theoretical point of view in speech production and perception,
and for practical reasons in whispered speech recognition as
well as whispered speaker recognition. In [5], the acoustic
properties and a speech recognition method for whispered
speech were considered. Another study considered the dif-
ference in isolated whispered and normally phonated vowels
produced by male adults from an acoustical perspective[10].
Most studies consider whisper for English, but some have
considered the analysis of consonants in whispered speech in
Serbian[1], vowels in Swedish[11], and Mandarin Chinese[12].
Speaker gender identification from whispered speech has also
been investigated in [13][14] and [11]. In [5] and [6], speech
recognition[5] and speaker ID[6][15][16] for whispered speech
was studied. While many studies have considered the analysis
of speech production under whisper and assessing whisper
speech impact on speech technology, little if any systematic
effort has been reported on how to effectively detect and locate
whispered speech within input audio streams. This research is
crucial, since for subjects with healthy vocal systems, it is ex-
pected that whisper mode will occur in mixed neutral/whisper
combinations depending on the information content within
the audio stream(e.g., it is generally the case that normal
speakers cannot sustain whisper mode for extensively long
periods of time—10mins-hrs). To utilize speech processing
techniques that address whispered speech, the locations of
whispered speech must first be identified within the audio
stream. Furthermore, because of the high probability for whis-
pered speech to convey confidential or sensitive information,
the detection and identification of whispered speech in audio
files can help spoken document retrieval systems or call center
dialog systems(i.e., credit card numbers, emergency response
systems, etc.). Several preliminary studies have investigated
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methods to identify whispered speech or segment non-neutral
speech. In [17], a technique for automatically classifying nor-
mally phonated speech and whispered speech was proposed.
Although the highest correct classification rate of the technique
is 95% (57/60), the 4.8s analysis frame length prevents it from
being applied to detect precise boundaries between whispered
and neutral speech. In [18], Zhang and Hansen proposed an
effective method of detecting vocal effort change points be-
tween non-neutral speech and neutral speech. However, vocal
effort of the speech segment between two consecutive vocal
effort change points cannot be assessed using that algorithm.
Considering previous research, in this study, we formulate an
algorithm which can both locate and identify whispered speech
islands embedded within a neutral audio stream using a new
entropy-based feature. The new feature is integrated within
a modified BIC/T-BIC unsupervised segmentation algorithm
for detecting vocal effort change points between whispered
and neutral speech(see Fig. 1 for the Segmentation phase). A
new measurement strategy termed the Multi-Error Score(MES)
is proposed to evaluate performance of vocal effort change
detection. In the final stage(see Fig. 1 for the Classification
phase), a GMM based classifier trained with speech data using
the new proposed feature is developed to address the problem
of whisper-island detection.

To evaluate performance of the algorithm, two corpora
which contain containing speech data under different vocal
efforts, as well as normally phonated speech embedded with
whispered speech islands are employed. All analysis and
experiments presented in this study are performed based on
data from these corpora.
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Fig. 1: High Level Flow Diagram of Whisper-Island Detection

The remainder of this paper is organized as follows. First,
a short review of whispered speech is presented. Next, the
corpora developed for this study is introduced in Section III.
In Section IV, the baseline routine for whisper-island detection
is presented. Next, details of the proposed new feature and
algorithm is addressed in Section V. Evaluations using two
whisper/Vocal Effort corpora are presented in Section VI.
Finally, Sec. VII includes discussion and conclusions of this
study.

II. REVIEW OF WHISPERED SPEECH

In Fig. 2 and Fig. 3, waveforms and spectrograms of the
speech signal for the TIMIT sentence “She is thinner than
I am.” for both neutral and whispered speech are displayed.

In addition to the fact that the intensity of whispered speech
is significantly lower than that of neutral speech, the lack of
voiced periodic components in whispered speech can also be
observed. These observations indicate the fundamental and
significant difference between whispered and neutral speech
production. Without voicing, in theory it is not possible to dis-
tinguish between voiced and unvoiced stops and fricatives(e.g.,
/sl vs. [zl, Ish/ vs. /zh/, It/ vs /d/, Ip/ vs. /bl etc.).
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Fig. 2: Waveforms of Neutral Speech and Whispered Speech
Signals for the Phrase “’She is thinner than I am”.
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Fig. 3: Spectrograms of Neutral Speech Signal and Whispered
Speech Signal

In fact, the main difference between whispered speech and
neutral speech is the complete absence of vocal fold vibration
for whispered speech. In neutral speech, voiced phonemes
are produced by modulation of the flow air from the lungs
through vibration of the vocal folds. However, for whispered
speech, with exhalation of air used as the sound source, the
shape of the pharynx is adjusted such that the vocal folds do
not vibrate[5][19][20][7]. Furthermore, recent studies report
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that a three-dimensional vocal tract shape measurement from
magnetic resonance imaging(MRI) show a narrowing of the
tract in the false vocal fold regions and weak acoustic cou-
pling with the subglottal system[1][21]. In [12], the laryngeal
sphincter mechanism was found to be a principle contributing
physiological maneuver in the production of whisper. Larynx
rising is more evident in whispered tense vowels than lax
vowels, and the tongue root is retracted in the tense vowels as
well. In [22], the role of lip kinematics in the production of
whispered plosives was considered, which support the theory
that whispered speech and voiced speech rely on distinct motor
control processes.

Due to these physiological differences in the production
mechanism, the acoustic characteristics of whispered speech
are different from those of neutral speech. In [23][9][24],
acoustic analysis of vowels in whispered and neutral speech
showed that formant frequencies for vowels in whispered
speech shift to higher frequencies compared to neutral speech.
In [1][6], the fact that the duration of whispered speech is
longer than that of neutral speech was also noted. It was
shown in both [5] and [6] that the spectral tilt of whispered
speech is much flatter than that of neutral speech. Earlier
studies focused on a range of speech under stress speech
styles, including angry, slow, fast, Lombard, as well as soft
and loud considered pitch structure, glottal spectral traits,
duration, intensity, and formant structure over 200 features
revealed significant change, between soft, neutral, and loud
production of speech[25][26]. However, soft speech still has
periodic excitation, and is different than whisper speech. Based
on the fundamental acoustic differences between whispered
and neutral speech, the detection of whispered speech within
a neutral audio stream is much more than simply detecting the
speech audio which has lower overall energy. One key reason
is that most technology for voice communications employ
an automatic gain control(AGC)(e.g., all telephone, TV, radio
transmission, etc.), and depending on the adaptation rate it
may not be possible to use only gain to decide between
neutral/whisper speech islands. Previous research in voice
activity detection(VAD) based on frame energy illustrated the
challenge in using a single feature to detect speech versus
silence, let along the challenge in separating neutral versus
whisper speech segments. It is therefore necessary to develop
an effective and robust algorithm to detect real whispered
speech within an audio stream instead of simply relying on the
low energy pieces caused by distance or gain changes while
recording.

III. CoRrPUS

To address the general problem of whispered speech de-
tection as well as contribute to the field of whispered speech
processing, two corpora are developed with different foci. The
Corpus UT-VocalEffort(UT-VE) I consists of speech under
five distinct vocal efforts: whispered, soft, neutral, loud and
shouted; while corpus UT-VocalEffort(UT-VE) II is focused on
neutral speech streams embedded with key whispered speech
“islands”. Both corpora were collected in an ASHA certified,
single walled sound booth using a multi-track FOSTEX 8-
channel synchronized digital recorder with gain adjustments
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Fig. 4: (a): Table Setting of Data Collection for UT-VE-I; (b):
Setting of Data Collection for UT-VE-I in ASHA Certified
Sound Room

for individual channels. Calibration test tones(1kHz at 75d B-
SPL), are employed for all recordings to ensure ground-truth
in absolute dB sound levels for all speech.

A. UT-VocalEffort 1

For UT-VE 1, a total of 12 male, native English-speaking
subjects participated in the data collection. All speakers were
native American English speakers with no history of speech
or hearing limitations/disorders. For each subject, speech
was recorded for a series of tokens using three positioned
microphones: a P-Microphone(physiological microphone)[27],
a SHURE Beta-54 close-talking microphone and a SHURE
MX391/S far field microphone. A 1 kHz sinusoid signal gener-
ated by an NTI analog audio generator was played through an
ALTEC speaker at the same physical location as the calibration
test tone and included in all recordings. At the beginning of
each token, the volume of the test tone was carefully adjusted
so the dBA sound pressure level(SPL) of the test tone measures
75dB using a QUEST sound level meter(SLM). The test tone
was recorded for all three microphones. The position of the
subject, the location of the calibration test tone speaker, and
the location of the sound level meter were all positioned in an
equi-distant triangle separated by 75cm. The table recording
setting is illustrated in Fig. 4(a), along with an image of the
ASHA certified 13’ x 13’/ sound room in Fig. 4(b).

The data collection procedure was divided into 3 phases for
each subject. Phase I consists of 2 sessions with 5 tokens
corresponding to the five speech modes. In each token, 5
sentences from the TIMIT database were spoken in one of
five speech modes and recorded. Each subject was prompted to
read the particular sentences from a laptop display positioned
in front of the subject. Phase II consists of 20 sentences which
were all read sequentially in the neutral speech mode. Phase
II includes spontaneous speech of one-minute duration in
each of five vocal modes(e.g., whisper, soft, neutral, loud, and
shouted). Human transcriber were used to verify speech and
vocal effort content for all recordings for UT-VEL

B. UT-VocalEffort 11

In addition to the UT-VE I corpus, a much larger corpus
named UT-VE II was constructed in the same acoustic envi-
ronment as UT-VE 1. Here, whispered and neutral speech from
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37 male and 75 female subjects were collected. Unlike the UT-
VE I corpus which focused on five vocal efforts, corpus UT-
VE 1I is focused on neutral speech embedded with whispered
speech islands. The corpus consists of spontaneous natural
exchanges with small blocks of whispered speech consisting of
key information parts. For the spontaneous part, the collection
environment was explained to the subject to be a cyber cafe
scenario. Three subjects were positioned in the ASHA 13’ x 13’
sound room as shown in Fig. 5. Subject 1 and 2 engage in a
conversation (seated across from each other, where a laptop is
placed in front of Subject 1). Here, Subject 1 is the volunteer
producing neutral/whispered speech, Subject 2 is the data
collector and second party listener for Subject 1, and Subject
3 is a cyber cafe participant attempting to listen-in on the
conversation between Subject 1 and 2 while using their com-
puter. In order to achieve completely natural human-to-human
conversation, the data collector(Subject 2) was instructed to
keep their conversation engaged(e.g., between Subject 1 and
2). In order to satisfy IRB requirements, we did not want
to record personal information regarding Subject 1(e.g., their
name, credit card or phone numbers, names of family/friends,
etc.). To solve this challenge, random names were generated
by selecting different first and last names from the Dallas
telephone directory, along with company names and addresses
pieced together from directory listings(e.g., ”Acme Trucking”
and “Dallas Furniture Mart” becomes ”Acme Furniture” and
”Dallas Trucking”). Each person or business name was printed
on sheets of paper, with key parts for whisper production
highlighted as sensitive information. The Subject 1 was in-
structed to be certain that when using the names/information
in conversation, any highlighted parts needed to be kept
confidential between Subject 1 and 2, so Subject 3 should
not hear this information. The list of information, including
names, addresses, phone numbers or credit card numbers, was
given to Subject 1. Key information was randomly chosen
to be spoken in whisper mode from the list by Subject 1.
Furthermore, Subject 1 was told that Subject 3 is trying
to pick up as much key information as possible, and thus
Subject 1 was persuaded to produce the speech as low as
he/she can but to convey the key information to Subject 2
in conversation. By doing this, when Subject 1 introduces the
information from the list to Subject 2, Subject 1 would be
able to work into the audio rather than be required to produce
whispered speech for key information in the neutral phonated
conversation. In the read part of UT-VE II, only Subject 1
was enrolled and required to read material in either neutral
or whispered modes. Three types of read materials were used
in the read part. The first type consists of sentences selected
from the TIMIT database. Here, 41 TIMIT sentences were
produced alternatively in neutral and whispered mode, with
the 14" and 15" sentences both read in neutral mode. The
second material type consists of two paragraphs selected from
a local newspaper. For each paragraph, four whisper-islands
were produced, with each island consisting of 1-2 sentences.
The third type of material consists of the same paragraphs as
those of the second type. However, for each paragraph, five
phrases were read in whispered mode, with each phrase 2-3
words in duration.
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Fig. 5: Setting of Data Collection for UT-VE-II

In the present study, the speech data produced with the
close-talk SHURE Beta-54 microphone in UT-VE I&II were
used for analysis and experiments.

IV. BASELINE ROUTINE

The baseline routine for whisper-island detection consists of
two main algorithmic steps: segmentation and classification.
The structure of the routine is illustrated in Fig. 6.
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Fig. 6: Flow Diagram of Whisper-Island Detection.

The potential vocal effort change points(VECPs) of the
input speech data embedded with whisper-islands are first
detected in the segmentation step (left part of Fig. 6). Based on
the sequence of potential detected VECPs, the speech stream
is divided into segments. In this study, an improved 72-BIC al-
gorithm is incorporated to detect the potential VECPs between
whisper and neutral speech. The T2-BIC algorithm, developed
by Zhou and Hansen[28] and also described in [18][29][30],
is an unsupervised model-free scheme that detects acoustic
change points based on the input feature data. A range of
potential input features for the 72-BIC algorithm can be used
to detect input acoustic changes within audio stream. For
example, in [30], the speaker change points within the input
audio streams were detected based on T2-BIC algorithm using
a range of features. In this study, the 72-BIC algorithm is
considered as a potential effective method to detect the VECPs
between whisper and neutral speech if an effective feature
for vocal effort change is employed. Further details will be
presented in Sec. V.B.2.

In the classification step(right part of Fig. 6), a GMM-
based vocal effort classifier is developed to label the vocal
effort of each speech segment obtained from the previous step.
GMMs of whisper and neutral speech are respectively trained
with whisper and neutral speech data. The scores obtained by
comparing the detected segment with two vocal effort models
are sorted, and the model with the highest score is identified
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as the model which best fits the vocal effort of the current
segment.

V. PROPOSED ALGORITHM
A. New Feature Description

Since a feature-based algorithm is deployed in this study
to detect the VECPs between whisper and neutral speech, a
proper feature which is sufficiently sensitive to reflect the vocal
effort change between whisper and neutral speech is necessary.
Although several previous studies have considered the differ-
ence in acoustic properties for segment detection of neutral
speech, such as formant frequency for vowels[23][9][24],
duration[1][6] and spectral tilt[5][6], little if any effort has
considered an effective feature for use in whisper detection, but
simultaneously maintains performance for neutral speech. In
[17], the Energy Ratio(ER), which represents the ratio between
the energy in a high frequency band(2800-3000 Hz) to the
energy in a low frequency band(450-650 Hz) was deployed to
classify whispered and normally phonated speech. Although
the highest correct classification rate of the technique is
95%(57/60), the extensive 4.8s analysis frame length prevents
this technique from being applied for detection of the precise
boundaries between whisper and neutral speech in this study.
In [31], an entropy-based feature, which was originally devel-
oped in [32][33] for speech boundary detection in realistic
noisy environments, was proposed to fulfil the initial/final
segmentation for Chinese whispered speech. A threshold for
the average spectral information entropy must be properly
chosen such that the initial and final points of the segment
of whispered Chinese speech could be determined. Based on
these previous studies, a new feature is proposed here based on
the spectral information entropy(SIE), which can be effectively
integrated within the 72-BIC segmentation algorithm to detect
VECPs between whisper and neutral speech.

For each 20 msec analysis frame from the input speech
signal, the spectrum obtained from an FFT can be viewed
as a vector of coefficients in an orthonormal basis. Hence,
the probability density function(pdf) can be estimated by
a normalization over all frequency components. The SIE
can then be obtained from this estimated pdf. The SIE for
a specific frequency band is obtained using the following
procedure:

Step(i): Assuming X (k) is the power spectrum of the input
speech frame x(n), where k varies from k; to kj; in a specific
frequency band; then that portion of the frequency content in
the kth band versus the entire response is written as,

2
p( ):—kt}((k)‘ —, k=ky,...
Ditk, [X()I1?

Step(ii): Since Z’;gkl p(k) = 1, p(k) can be viewed as
an estimated probability that describes the energy distribution
within this frequency band. Thus, the SIE for the entire
frequency band can be calculated as,

kv (D

kar

H=-""p(k)logp(k). )

k=k1

It should be noted that, the SIE is not influenced by the
amplitude of actual speech signal waveform, so either an
active/disabled automatic gain control(AGC) for any commu-
nication device will not impact segmentation performance.
Fig. 7 shows a waveform of an original speech signal and
the same speech signal which has been amplified by 2.0,
respectively. Fig.8 shows the corresponding spectral informa-
tion entropy(SIE) sequence using 20 msec analysis frames
for the speech signal shown in Fig. 7. It is obvious that the
spectral information entropy response is unchanged although
the original speech waveform has been amplified, thus the
effect of an automatic gain control system on whisper speech
will not affect the value of the spectral information entropy.
The spectral information entropy represents the distribution of
energy over the frequency domain rather than the total amount
of energy over the entire frequency domain. The proposed new
feature consists of a 4-D parameter set of spectral information
entropy obtained through distinct methods to form the feature
vector.
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Fig. 7: (i) Waveforms of a speech signal(top); (ii) Waveform
of the same speech signal amplified by two(bottom)
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Fig. 8: SIE sequence of the speech signals shown in Fig. 7

In [17][18], the energy ratio between the energy in a
high frequency band(2800-3000 Hz) versus the energy in a
low frequency band(450-650 Hz) was shown to statistically
represent the acoustic difference between whisper and neutral
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speech. This fact reflects the observation that high(2800-3000
Hz) and low frequency bands(450-650 Hz) can be viewed
as significant bands in representing the difference between
whisper and neutral speech. The difference of the energy
distribution within these two bands may also be used to
differentiate whisper from neutral speech. Using only energy, it
is necessary to sample a larger amount of speech data( 4.5 Sec)
in order to reduce the variability across the phoneme space.
Instead of roughly using the summation of energy within these
two bands, the more detailed SIE within each of these two
bands can be calculated to obtain the entropy band ratio. Thus,
the entropy ratio between a high frequency band(2800-3000
Hz) and low frequency band(450-650 Hz) is used as the 1st-
D parameter of the proposed segmentation feature, which is
illustrated in Fig. 10.

Earlier studies [32, 33] showed that speech under
stressed/speaking styles have spectral slopes for the glottal
spectrum of -13.7, -12.1, -9.5dB/Octave for soft, neutral, and
loud speech[33]. In general, when producing speech under
loud, neutral and soft, the spectral slope starts off flatter(-
9.5dB/Octave) and moves to a steep slope(-13.7dB/Octave)
for soft because of the loss of high frequency energy content.
However, for whispered speech, studies have shown a much
flatter spectral tilt than neutral speech does[5][6], due primarily
to the absence of voiced/periodic excitation. While the change
in spectral slope for soft to loud and shouted is due primarily
to the change in high frequency energy content, under whisper
speech condition, the spectral slope becomes flat because there
is a significant loss in the low frequency energy content as
well due to the absence of voiced excitation. To illustrate this
change, Fig. 9 shows an average power spectrum of whisper
and neutral speech from 60 speakers from the UT-VE II corpus
using 20 msec analysis frames, which have all been averaged
to obtain the two responses. It is easily to see the separation
of energy distributed in the high frequency portion between
whisper and neutral speech is smaller than the separation
seen for low frequencies. The difference of the energy dis-
tribution in the low and high frequencies result in the much
flatter spectral tilt for whisper versus that for neutral speech
above 300hz. Thus, the SIE calculation is performed over the
selected high frequency band and low frequency band. By
careful selection, the frequency band from 300Hz to 8000Hz
was evenly divided as low(300Hz-4150Hz) and high(4150Hz-
8000Hz) frequency bands(see Fig. 11). Furthermore, since
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Fig. 9: Power Spectrum Amplitude for Whispered Speech and
Neutral Speech

the spectral tilt of whispered speech is statistically different

from the spectral tilt of neutral speech[6], the spectral tilt
can be used as a discriminative feature in differentiating the
whispered speech and neutral speech. Finally, the 4-D Whisper
Island Detection(WhID)feature set proposed in this study can
be described as shown in Eq. 3,

WhID = 1-D spectral information entropy ratio(ER);
2-D spectral information entropy(SIE);
1-D spectral tilt(ST).
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Fig. 11: The Two Sub-Band over Frequency Domain for
Whisper Analysis

B. Segmentation Algorithm

1) Measurement Tool: Multi-Error Score: The goal of reli-
able segmentation in audio streams requires that we assess the
mismatch between hand/human segmentation and automatic
segmentation. Traditional methods emphasis frame precision
scores, but these do not take into account the desired continuity
conditions needed for speech recognition. Toggling action
between the two classes(e.g., a flip-flopping effect resulting
in short duration blocks) at or near the true boundaries cause
problems for the classification stage, and therefore it is more
desirable to have longer contiguous blocks versus short blocks
that flip-flop often between classes. Mismatch can be de-
scribed by three error scores: miss detection rate(MDR), false
alarm rate(FAR) and average mismatch in milliseconds(MMR:
normalized by combined segment durations). The following
Fig. 12 illustrates these three types of error. For the case of

[vocal Effort A
[l Vocal Effort B

Mismatch in—— §
Milliseconds €%

Miss Detection
Hr o)
False Alarm

Fig. 12: Three Types of Segmentation Error for Whisper
Islands in Audio Streams.

vocal effort segmentation, the false alarm error rate can be
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compensated by merging two very close segments of common
vocal effort, or by merging two adjacent segments classified as
the same vocal effort in a later vocal effort classification step.
Hence, false alarm errors are less important than miss detection
errors in the overall evaluation of segmentation. Furthermore,
the average mismatch between experimental and actual break
points is an important norm which reflects break point accu-
racy for the feature and data. We propose a new combined
evaluation criterion that fuses these three error scores into an
overall performance measure. To fuse the average mismatch
in milliseconds with false alarm rate and miss detection
rate in percentage, we obtain the average mismatch rate by
averaging the percentage of the mismatch of the total duration
of two consecutive segments corresponding to the actual break
points, which can be illustrated by Fig. 13 with VE1 and
VE2 denoting two different vocal efforts respectively(e.g.,
potentially neutral and whisper). The multi-error score(MES)
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Tmismatch 4

Total Duration = Ttotal

oy
-

Fig. 13: Tllustration of how boundary mismatch(in msec)
is converted to overall boundary mismatch rate(in %):

Mismatch% = TTi‘”L’ x 100%
total

can be expressed using the following equation:

MES = False Alarm Rate(FAR)
+ 2 x Mismatch Rate(MMR)
+ 3 x Miss Detection Rate(MDR). (4)
where
Fal Al VECP
FAR = a ?e arm , ce # x 100%,
VECP # in Detection Result
Not Detected VECP #
MDR = x 100%,
Total Real VECP #
Mi tch
MMR = Temare % 100%. (5)

Total Duration

The costs associated with FAR, MMR, and MDR are set
to 1,2, and 3 respectively(other cost values can be selected
based on user goals). Next, we consider the meaning of the
resulting MES scores, including an upper and lower bound
on performance. The ideal whisper/neutral segmentation has a
zero false alarm rate, zero miss detection rate, and 0 mismatch
in milliseconds, and thus the multi-error score(MES) will be
zero in the ideal/lower-bound case. If in the case that the
mismatch rate, false alarm rate and miss detection rate are
all no greater than 10%, the resulting MES is no greater than
60, which we denote as “fair” performance in segmentation.
If the false alarm rate is at 10%, but the miss detection rate
and mismatch rate are at 15%, the MES becomes 85, which
suggests that segmentation is collectively considered to be
performing “’poorly”. If the error rates are all at their maximum
value(100%), then the MES will be 600. Therefore, the goal

of the segmentation phase is to achieve an MES as small as
possible.

2) BIC/T?-BIC Algorithm: The ultimate goal of segmen-
tation is to produce a sequence of discrete segment blocks
with vocal effort characteristics remaining constant within
each block(e.g., limited “flip-flop” action). The operating
characteristics of choice depend on the overall structure of
the whole system. In this study, the vocal effort of whispered
and neutral speech are chosen as the primary speech/speaker
characteristics.

Segmentation can be reformulated as a model selection task
between two nested competing models. Bayesian Information
Criterion(BIC), a penalized maximum likelihood model se-
lection criterion, is employed for model selection[34]. The
segmentation decision is derived by comparing BIC values.
As a statistical data processing method, BIC requires no prior
knowledge concerning acoustic conditions and no prior model
training is needed. Instead of choosing a hard threshold for the
segmentation decision, BIC statistically finds the difference in
the acoustic features of the input frames to determine a point
which can separate the data within the processing window into
two models.

The problem of model selection is to choose one among a
set of candidate models M,;, ¢+ = 1,2,...,m, as well as the
corresponding model parameters 6; to represent a given data
set D = (Dy, Do, ..., Dy). These candidate models may be
nested or non-nested. The BIC value of model M, for the
given data is defined as,

1
BIC(M;) = log P(D1, Dy, D|M;) = 5d;log N, (6)

where d; is the number of independent parameters in the model
parameter set, and P(Dy, Do, ..., D¢|M;) is the maximized
data likelihood for the given model. In BIC, the term %di log N
is subtracted from the log-likelihood as a penalty for model
complexity, where BIC favors the model which maximizes the
BIC values [35].

For a segmentation task, let us denote X = z; € Rd,i =
1,2,..., N as the sequence of frame-based feature vectors
extracted from an input audio stream in which there is at most
one segment boundary. Frame b € (1,N) will be tested as
a potential whisper/neutral/silence boundary. If we suppose
that each acoustically homogeneous speech block can be
modeled as one multivariate Gaussian process X ~ N(u, X),
the segmentation issue can be viewed as a model selection
problem between the following two nested models [34],

M1 X:ILLI}Q,...,J?NNN(/J,,Z)
M, Ty, T, ..., xp ~ N(p, X1);
Toy1, T2, .-, TN ~ N(p2,02).

Here, model M; assumes that all samples are distributed as
a single Gaussian, which implies there is no boundary within
the input stream of data. Model M, assumes the first b frame
samples are drawn from one Gaussian while the last N — b
frame samples are drawn from a separate Gaussian. With these
assumptions, if BIC favors M; then the data is assumed to be
homogeneous, otherwise a boundary frame should be found
within this block of data at frame location “b”.
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For a normal distribution N (u,3), the likelihood of the
observation data x1,%2,...,znN is maximized when p = I
and X = ¥, where

1
ﬂ:jzﬁglwiv @)
and
.1 X

Using Eq. (6), the BIC values for models M; and M can
obtained as,

- d N - N
BIC(M;)= — —=Nlog2r— —log|X|— —
2 2 2
1 1
- (d+2d(d+1)> log N,  (9)
and
= d b . — .
BIC(Ms) = - §N10g27r—§log\21|— 5 log [35]
N 1
- 2—)\<d+2d(d+1)>logN, (10)

respectively, where i, fl and 232 are ML covariance estima-
tions from corresponding sample data, A is the penalty factor
to compensate for small sample cases, and d is the overall
feature dimension size. Next, the BIC value difference ABIC
can be viewed as a function of the boundary frame point b,

ABIC(b) = BIC(M,)— BIC(M)
(N log|S] — blog 51| — (N — b) log [£2])

1
2
1 1
75)\ d+ §d(d+1) log N. (11)
According to the BIC rule, segmenting this audio stream into
two parts at frame b will be favored if ABIC(b) > 0. The
final segmentation point decision can be achieve via MLE as,

b= arg maxi <y« N;ABIC(5)>0ABIC (D). (12)

Obviously, the BIC-based segmentation algorithm has
quadratic complexity. The computational cost is extensive
since the determinants of two full covariance matrices for
every possible frame break point b in a window must be
evaluated. Therefore, Zhou and Hansen [28] proposed the 7T"-
statistic to detect possible boundary points faster and more
efficiently. Hotelling’s T"2-statistic is a multivariate analog of
the well-known ¢-distribution[36] was employed. In terms of
segmentation, the problem can now be stated as follows: for a
given audio stream X = z; € Rd,z’ =1,2,...,N, determine
if the two sets of samples, one containing the frames [1,b]
and the second containing [b + 1, N], are homogeneous. If
the covariance of the audio stream is assumed to be common
and unknown, the two sets of samples are homogeneous if
and only if they are drawn from the same underlying normal
distribution. With this statement, the segmentation problem
can be viewed as verifying the hypothesis Hy : g1 = po
against the alternative Hy : 11 # po, where pq and po are the

means of the two sets of frame samples respectively. From
[36], the likelihood ratio test is derived as the following T2-
Statistic[28],

b(N —b)
N
where Y is the common covariance matrix. As stated in [36],
the 72 value is distributed as 72 with N — 2 degrees of
freedom. Instead of setting a threshold, the T2 value defined in
Eq. (14) is used as a distance measure for the sets of samples.
Obviously, the smaller the value of T2, the more similar the

two sample distribution sets. Thus,

T?(b) = (p1 — p2)' S~ — pa), (13)

b = arg maxgs<p< 5T (b), (14)

can be viewed as the possible VECP within the current
processing window.

In [28], the T? value was calculated for frame b € (1, N)
to find the candidate boundary frames in the region near b.
Next, BIC value calculations are performed only on the frames
in the neighborhood of b to find the best frame breakpoint
and verify the decision of the boundary according Eq.s (11)
and (12). In this study, for increased accuracy and reliable
detection, the BIC calculation was performed within the range
[(b—50), (b + 50)] after the T statistic algorithm was used
to detect the possible VECP b. With this, we have,

b=arg max(i)750)<b<(l3+50);BIC(b)>OBIC(b)’ (15)

which represents the VECP. In this study, the T2 -Statistic
was integrated within the BIC algorithm in this manner for
processing shorter audio streams, while the traditional BIC
algorithm was used to process long duration blocks. Since
most experimental data used in this study represent read
TIMIT sentences with different vocal effort levels, which are
2-3 sec. in duration, the BIC algorithm was used for a process
window L, larger than 5 sec., and T2-BIC was used when
L., was less than 5 sec.

The implementation of the overall proposed segmentation
algorithm for vocal effort change point(VECP) detection is
described in Fig.14.

C. False Alarm Compensation

It is expected that false alarm detection errors of VECPs will
occur, and these are troublesome if the segments are too short,
and not sufficiently long in duration to be correctly classified
by a GMM model classifier. In this study, a compensation
algorithm based on spectral tilt(ST) is used to address the
false alarm errors from VECP detection. In [6], it was shown
that the average spectral tilt of whispered speech is much
flatter than that of neutral speech. As a statistical property,
although spectral tilt may not be used for precisely classifying
vocal effort for each speech frame, it can be used to eliminate
the false alarmed VECP errors in this study. Fig.15 shows
an example of a short segment(n) formed by two detected
VECP, and VECP;. The corresponding spectral tilts ST,,_1,
ST,, and ST,4+; of segment(n), previous segment(n-1), and
next segment(n+1) are calculated and compared. If the value of
ST,, is close to ST,,_1, then the VECP,, can be eliminated as a
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Initialization: set the working window [S, E], where
S and E denotes the start frame and end frame
respectively, window length is Lw;
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Fig. 14: Segmentation based on BIC/T2-BIC processing algo-
rithm for VECP detection

false alarm VECP. Also, if ST, is close to ST, 1, then VECP,
can also be eliminated as a false alarm VECP. By doing this,
some of the false alarm VECPs can be removed from the
detected VECPs, such that the audio stream can be partitioned
more precisely according to true vocal effort changes. Later on
in the classification step, the remaining false alarm VECPs can
be addressed by merging two very close segments of common
vocal effort, or by merging two adjacent segments classified
as the same vocal effort.

VECPa VECP»

\ A {V

Segment (n)

Segment (n-1) Segment (n+1)

Fig. 15: An Example of Compensation of False Alarmed
VECP

D. System Description

By using the proposed entropy-based feature, the BIC/T"2-
BIC segmentation algorithm is able to detect VECPs between
whisper and neutral speech within the input audio stream.
The input audio stream is divided into a sequence of segment
blocks according to the VECPs detected. Although there may
be some false alarms in VECP detection, the subsequent
classification step can compensate for false alarm errors by
merging adjacent segments which are correctly classified as

the same vocal effort. In the classification step, GMMs which
are trained with whisper and neutral speech using the proposed
entropy-based feature instead of MFCCs, are used to classify
and label the vocal effort segments. The flow diagram of the
entire system is illustrated in Fig. 16. In [5], the analysis

GMM of
SB&?Ch Whispered
ata Speech -
Pre- Feature VECP Whisper/
..,““ﬂ;.... b b } - Neutral
processing Extraction Detection s h
GMM of peect
Neutral
Speech

Fig. 16: The Flow Diagram of Entire System: (i) segmentation,
followed by (ii) whisper/neutral classification.

results showed that the average spectrum of consonants for
whisper are similar as the that of the consonants for neutral
speech. Furthermore, for both whisper and neutral speech, the
spectrum of consonants are flatter than that of the vowels.
Thus, a pre-processing step was deployed to remove the frames
with spectral tilt flatter than 0.8 of the average spectral tilt of
input audio stream. Next, entropy-based feature vectors are
extracted from the pre-processed audio speech frames and
used by the BIC/T2-BIC segmentation algorithm to detect the
VECPs between whisper and neutral speech within the audio
stream. Feature vectors of segments obtained according to the
detected VECPs are compared with GMMs for whisper and
neutral speech, and the model with the higher score is labeled
as that vocal effort for the segment. As a final stage, successive
segments labeled as homogeneous vocal effort classes are
merged into an entire single segment to compensate for the
false alarm error in VECP detection.

VI. EVALUATION
A. Experimental Setup

The experimental results reported in this study are all
evaluated on audio streams from UT-VE I & II(from Sec.III)
recorded using a SHURE Bets-54 close-talking microphone.
All streams were sampled at 16 kHz with 16-bit sample
mono audio. Again, ground-truth knowledge of absolute sound
pressure level is known based on integrated 75dB-SPL test
tones at 1kHz during all recording sessions.

B. Experimental Results of Segmentation

To test performance of the proposed entropy-based fea-
ture in VECP detection using the BIC/T2-BIC algorithm,
an experiment was carried out, with experimental results
evaluated using the proposed Multi-Error Score. The speech
audio consists of 41 TIMIT sentences alternatively read in
whisper and neutral mode by each subject from the UT-VE 11
corpus was manually labeled based on the vocal effort in each
of the corresponding transcript files. The audio files from 59
subjects were employed in the present experiment to detect
the VECPs. The transcript files of these audio streams were
used to compare with VECP detection results obtained from
the BIC/T2-BIC algorithm using the proposed feature, so that
the MES can be calculated. In addition to these features, the
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classic 13-D MFCC feature(without energy feature) was also
used within our algorithm for experiments as a reference. The
MES score and detailed error scores using MFCC and the
proposed WhID feature are summarized in Table I, where the
penalty factor for BIC/T2-BIC segmentation in Eq. 11 is set
to A =1.2.

TABLE I: Evaluation for Vocal Effort Change Points Detection

Feature Type | MDR(%) | FAR(%) | MMR(%) MES
MFCC Feature 1.13 27.44 2.63 36.09
WhID Feature 0.00 8.13 1.69 11.51

The reduction of MES from 36.09 to 11.51, as well as
reduction in MDR, FAR, and MMR, is quite remarkable. From
the experimental result, the zero value of MDR denotes that
all the VECPs within the audio stream were detected, with
1.69% of mismatch rate compared to the real VECPs. Among
the total VECPs in the detection result, 8.13% of change points
are false alarms which will be compensated in the subsequent
classification step.

C. Experimental Results of the Whisper Island Detection
System

Based on the VECPs detected in the segmentation step, the
audio stream 1is partitioned into several segments which are
then to be classified by a GMM based vocal effort classifier.
There are 4 training scenarios for 64 GMMs of whisper and
neutral vocal efforts for classifier. Table II shows the details
of all four experimental scenarios. The round-robin technique

TABLE II: Training Scenarios for GMM based Classifier

TABLE III: Evaluation for Overall Whisper Island Detection

Scenario | Detected Number Detection Rate(%)
A 572 48.39%
B 1182 100%
C 1182 100%
D 1182 100%

Scenario Testing Subjects | Training Subjects Feature
A each of 59 rest 58 of 59 13-D MFCC
B each of 59 rest 58 of 59 4-D WhID
C 20 Male 39 Female 4-D WhID
D 39 Female 20 Male 4-D WhID

was deployed in experimental Scenarios A&B to obtain the
average performance of the vocal effort classification. The
same audio streams used in the previous subsection are
employed here. The subjects, used include a combination of
male and female(Scenarios A&B), as well as gender depen-
dent(Scenarios C&D). From the input audio streams, there are
generally 20 whisper-islands for each audio stream, resulting
in a maximum of 1182 whisper-islands in total for detection.
The detection results for each subject’s speech was compared
with the human transcript file having manually labeled vocal
effort to calculate the detection rate of whisper-island. Table
III shows the performance for the overall system in terms of
detection rate of whisper-islands.

From the above table, we can see that the classifier in
scenarios B,C and D, trained using the 4-D proposed WhID
feature, correctly detected and labeled all 1182 whispered
islands. It should be noted that the false alarmed VECPs were
compensated in this step.

VII. DISCUSSION

In whisper-island detection, one critical point for detection
accuracy is the ability to find the boundary points between the
whisper-island and the normally phonated speech. Therefore,
although keeping the other two error rates low is neces-
sary(FAR, MMR), obtaining a 0% Miss Detection Rate is far
more important. The reason for this, is that once a segment
of whisper has been incorrectly incorporated into an adjacent
neutral speech block, it is not possible to ever recover that
island for alternative speech processing. The algorithm devel-
opment here for the proposed feature is focused on achieving
as close to zero MDR as possible, while also trying for low
FAR and MMR as well, which makes the success of the
subsequent classifying task possible. The zero miss detection
of VECPs shows that the proposed 4-D WhID feature set is
sensitive to the vocal change between whisper and neutral
speech.

The 100% percent detection rate in Table III for scenarios
B.C.D also show that the model trained with the proposed
feature can clearly describe the vocal effort difference between
whisper and neutral speech. Comparing the detection rate for
scenarios C and D, although scenario C and D was trained
with all female speech and male speech respectively, the two
scenarios have both excellent detection rate performance with
100%. This fact indicates that the proposed feature is gender
independent, which can be useful in GMM based classifier
training regardless of the gender ratio in the training data.

VIII. CONCLUSION

Whisper island detection is a challenging research problem
which has received little attention in the research community.
There are profound differences in speech production under
whisper(e.g. no voicing) for all speech which renders speech
system technology virtually ineffective(ASR, speaker ID, cod-
ing, etc). Effective whisper island detection is the first step
needed to ensure that subsequent engagement of effective
speech processing steps could be employed to address whisper.

In this paper, we proposed a 4-D WhID feature combined
with a BIC/T2-BIC algorithm which has shown to have the
lowest proposed Multi-Error score to date with zero MDR,
meaning that all vocal effort change points between whisper
and neutral within audio streams have been correctly detected.
Next, the segments partitioned according to the detected
VECPs were correctly labeled based on vocal effort by the
trained GMM based classifier. It was also shown that the false
alarm VECPs produced in the previous segmentation step were
all eliminated by merging the adjoint segments with identical
vocal effort classes.
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The zero miss detection rate of VECPs and 100% detection
rates for classifiers trained with both male and female speech
indicate that the proposed WhID feature set is not only
sensitive to the vocal effort change between whisper and neu-
tral speech but also is gender independent. Furthermore, the
BIC/T?-BIC segmentation algorithm works effectively with
the proposed feature in VECP detection. Finally, the proposed
algorithm has been applied successively and precisely for
detection of whisper-islands embedded in the neutral speech
audio streams. Having achieved this stage in the field of
whisper speech processing, is now possible to develop future
strategies to improve speech system performance for whisper
based speech in speech/language technology.
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