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1. INTRODUCTION

Speech is frequently modeled as a source-filter system
where the source (in the case of voiced speech) consists
of glottal pulses and the filter, normally an all-pole fil-
ter, represents the resonances of the vocal tract filter [1].
Both components are known to contribute to the sound
signature of a speaker and to the voice register. Although
it is usually acknowledged that the specific shape of the
glottal pulses influences mainly the voice register [2],
its importance concerning speaker identification remains
largely unclear. The underlying reasons are strongly re-
lated to the practical difficulty in separating the source
signal from the filter [1,2]. This paper represents an at-
tempt to address this issue taking advantage of the phase
information.

Speech elicits a rich and multidimensional analysis from
the point of the human auditory system. If fact, it is a
surprisingly simple task for a human with normal hear-
ing, to infer from a short sentence as ‘Good Morning’,
what was said, who said it and how it was pronounced
(i.e., the phonation type). Each one of these three sub-
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ence and Technology, an agency of the Portuguese Ministry for
Science, Technology and Higher Education, under research project
PTDC/SAU-BEB/104995/2008.

tasks represents a tremendous challenge from the signal
processing point of view [1]. In this paper we focus on
the last two processing challenges: the real-time analy-
sis of speech signals and the extraction of suitable and
meaningful features paving the way for robust speaker
identification and phonation type classification.

While speaker identification has been the object of in-
tense research, also in the perspective of audio forensics,
phonation type classification has received much less at-
tention although is possesses a high interest in the con-
text of automatic speech monitoring and segmentation.
On the other hand, although real-time products exist al-
ready concerning speaker identification, their practical
functionality and robustness to noise and other sources
of interference (such as simultaneous speech sources or
music background), are not commensurate with reliable
operation or fast operation and, therefore, are not widely
deployed when compared for example to biometric sys-
tems based on fingerprints. Interestingly, speaker identi-
fication algorithms frequently use the same tools and ap-
proaches as speech recognition (namely Mel-frequency
Cepstral Coefficients, Gaussian Mixtures Models, Hid-
den Markov Models) [1] despite the fact that their pur-
pose is quite opposite: if the former case the goal is to
identify speech independently of the speaker, in the latter
case the goal is to identify the speaker independently of
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the speech. Most often, algorithms in these two applica-
tion areas ignore the phase information from the speech
signal which may be accounted for the huge difference
between human performance and machine performance
in sound analysis, interpretation and recognition. In this
paper we explore specifically the phase information in
order extract a new type of feature: the Normalized Rela-
tive Delay (NRD) of harmonic partials in voiced speech.
As a first study meant to validate the pertinence of this
approach, in this paper we use the NRD feature in an
experiment of automatic identification of the phonation
type (breathy, modal and pressed).

Three main related ideas and previous works motivate
our approach.

� Contrarily to common a assumption, many illustra-
tive examples show that phase plays a significant
role on the perceptual signature of a periodic sound
such as a sustained voiced vowel [3, page 128].
As an example that will be used in section 4.1, a
sawtooth wave may be synthesized with the correct
phase, with random phase or with the Schroeder
phase rule minimizing the ‘peak-factor’ [3] of the
periodic waveform. Despite the fact that the magni-
tude spectrum in all three cases is exactly the same,
the shapes (or time envelopes) of the resulting pe-
riodic waveforms are different and, in fact, sound
different to a human listener.

� Many experiments in time-scale modification of
speech [4] or in pitch modification of speech [5]
emphasize that in order to reach good quality for
the modified speech and in order to preserve the
acoustic signature of the speaker, the shape of
the speech waveform around each pitch pulse on-
set must be invariant. This concept is known
as ‘shape-invariance’ and is implemented by both
time-domain algorithms (e.g., Pitch Synchronous
Overlap-and-Add, [4]) and frequency domain algo-
rithms [5, 6]. In the latter case, as pointed out by
Laroche [5], a key aspect to insure shape invariance
is to implement a correct phase synchronization be-
tween the harmonics. This is precisely the main pur-
pose of this paper: a specific phase-related feature
permitting analysis and synthesis of a desired har-
monic phase synchronization, independently of the
overall time delay of the waveform, and indepen-
dently of its fundamental frequency (or pitch).

� The excitation of the vocal tract (i.e., the glottal
pulse) influences very strongly the type of speech.
In particular, it has been shown that the glottal pulse
may be estimated from speech and suitable parame-
ters may then be extracted from the estimated glot-
tal waveform allowing for example to automati-
cally identify the phonation type (breathy, normal,
breathy) [7, 8]. Since the shapes of the glottal wave-
forms associated with these three different phona-
tion types differ significantly, then the phase syn-
chronization (or relative delay) among the harmon-
ics must differ substantially in each case and this in-
formation must be embedded in the speech signal.
Therefore, it should be possible to extract and use
this information from the speech waveform. This is
the challenge this paper tackles: to extract a mean-
ingful phase-related feature from speech and to as-
sess its ability and performance in identifying the
phonation type.

This paper is structured as follows. In section 2 we high-
light that the relative phase between the Fourier compo-
nents of a non-periodic waveform are accessible when
this waveform is made periodic by looking at the har-
monics of a DFT analysis encompassing several periods
of the waveform. In section 3 we describe the concept
of NRD and its computation. In section 4 we describe
the NRD algorithm and illustrate its operation with a few
illustrative examples. In section 5 we describe the simu-
lation tests implementing automatic classification of the
phonation type and we characterize the results. Finally
in section 6 we summarize the main results of the paper
and we address future research and developments.

2. HARMONIC ANALYSIS AND SHAPE INVARI-
ANCE

We assume in this section that x"n# represents a non-
periodic signal of length N and with smooth endings such
as a single glottal pulse. Its DFT is obtained as

X "k# $
N�1

∑
n�0

x"n#W kn
N � (1)

where W $ e� j2π . Let us assume that y"n# is obtained
by repeating L times the period represented by x"n#. The
DFT of the new signal has length LN and is given by

Y "k# $
LN�1

∑
n�0

y"n#W kn
LN � (2)
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Since y"n# $ y"n% �N# $ x"n# for � $ 1�2� � � � �L� 1 and
for n $ 0�1� � � � �N�1, (2) may be written as

Y "k# $
L�1

∑
��0

Wk�
L

N�1

∑
n�0

x"n#W kn
LN $ Lδ "k�mL#

N�1

∑
n�0

x"n#W kn
LN �

(3)
which is equivalent to

Y "mL# $ LX "m#� m $ 0�1� � � � �N�1 � (4)

This result is well-known from multirate signal process-
ing theory and reflects that oversampling in the frequency
domain implies periodization in the time domain and
vice-versa. In other words, in our context it also means
that the details of a signal may be analyzed by picking the
harmonics, in the frequency domain, of its periodic rep-
etition in time. However, when dealing with real signals
and practical algorithms such as the Fast Fourier Trans-
form (FFT) and practical transform lengths (making that
the length of y"n# is frequently chosen as a power of two
number), exact frequency sampling as denoted by (4) is
never achieved in practice. Instead, leakage occurs due
to the window used in the discrete Fourier analysis. Fur-
thermore, the time window adds a phase contribution to
Y "k# which must be taken into consideration when ex-
tracting the phase of each harmonic component of the
periodic signal. A detailed signal analysis must therefore
be implemented as described in the next two sections.

3. NORMALIZED RELATIVE DELAY (NRD)

In this section, according to (5), we assume that a quasi-
periodic signal x"n# consists of L sinusoids that are ap-
proximately harmonic of a fundamental frequency ω 0.

x"n# $ A0 sin&nω0%φ0'%
L�1

∑
��1

A
�
sin&nω

�
%φ

�
'

$ A0 sinω0&n%n0'%
L�1

∑
��1

A
�
sinω

�
&n%n

�
'(5)

In (5), A
�
, φ

�
and n

�
denote, respectively, the magnitude,

phase and time delay of the �th sinusoid relative to a ref-
erence point in n. When x"n# is transformed to the fre-
quency domain using a complex uniform transform such
as the DFT, the reference point depends on the time win-
dow that is used to multiply the data before DFT trans-
formation. Its length N defines the time support of the
time-frequency transformation and usually matches the

length of the transform. Since most often the window is
even symmetric, the natural reference point corresponds
to the center of the window. In other words, it corre-
sponds to the group delay of the filter whose impulse
response is the time window. Therefore, if X "k# repre-
sents the complex transform (of length N) of x"n# after
windowing, the phase of X "k# denotes the time delay nk
relative to the center of the window. We may therefore
omit in (5) the independent variable n so as to highlight
the NRD concept and to emphasize that it may be esti-
mated from the magnitude and phase information pro-
vided by X "k#. In this context and taking into considera-
tion the discussion in section 2, if N is at least about three
times the period of the fundamental frequency (i.e., if
N � 3�P0 $ 3�2π�ω0) then, the magnitude of X "k# ex-
hibits a discernible harmonic structure whose local max-
ima (or spectral peaks) denote the periods P

�
$ 2π�ω

�

of the different sinusoids in (5). As will be described
in section 4, these periods are estimated from the mag-
nitude spectrum and the time delays are extracted from
the phase spectrum. Both are instrumental to define the
NRD:

x $ A0 sinω0n0%
L�1

∑
��1

A
�
sinω

�
&n

�
'

$ A0 sin2π
n0

P0
%

L�1

∑
��1

A
�
sin2π

n
�

P
�

$ A0 sin2π
n0

P0
%

L�1

∑
��1

A
�
sin2π

n0%n
�
�n0

P
�

$ A0 sin2π
n0

P0
%

L�1

∑
��1

A
�
sin2π

�
n0

P
�

%
n
�
�n0

P
�

�

$ A0 sin2π
n0

P0
%

L�1

∑
��1

A
�
sin2π

�
n0

P
�

%NRD
�

�
�(6)

In this equation NRD
�

represents the delay difference be-

tween the �th sinusoid and the fundamental frequency,
relative to the period of the �th sinusoid. Since it is de-
sired that the NRD is normalized, i.e., that 0�0�NRD

�
�

1�0, the NRD is computed by following two steps:

1. NRD
�
$

n
�
�n0
P
�

%�
n0
P
�

�, where ��� denotes the largest

integer, and

2. if NRD
�
� 0�0, NRD

�
$ NRD

�
%1.

The meaning of the NRD concept may also be explained
with the help of Fig. 1. In this figure, n0 represents the

AES 39TH INTERNATIONAL CONFERENCE, Hillerød, Denmark, 2010 June 17–19

Page 3 of 11



Sousa AND Ferreira Harmonics relative delay

time
reference

∆d

n1

n

n0

Fig. 1: Illustration of the relative delay d between a har-
monic of a fundamental frequency sinusoid whose delay
to a time reference is n1, and the fundamental frequency
sinusoid whose delay to a time reference is n0.

delay of the fundamental frequency sinusoid relative to
a time reference that in our context corresponds, as ex-
plained above, to the center of the time analysis window
defining the time support of the time-frequency transfor-
mation. The delay of a harmonic sinusoid relative to the
same time reference is represented by n1. As illustrated
in Fig. 1, n0 is equal to ∆ plus an integer number of
periods of the harmonic sinusoid that fit within n0. If
the period of the harmonic sinusoid is represented by P1,
then n0 $ ∆% �n0�P1�P1. The relative delay is therefore
given by d $ n1�∆ $ n1� n0 % �n0�P1�P1. If d � 0�0,
then d $ d%P1 so that d is always a positive number less
than P1. When d is divided by P1 it becomes normal-
ized between 0�0 and 1�0 and corresponds to the NRD.
Due to its nature, the NRD has the same properties of
phase and thus the notions of periodicity, wrapping and
unwrapping, also apply.

Instead of describing a quasi-harmonic signal by using
the triplet A

�
, ω

�
, and φ

�
, i.e., the magnitude, frequency

and phase of all harmonic partials, the NRD concept al-
lows to describe that signal by using the magnitude, the
frequency and the delay of each partial of the harmonic
structure relative to the fundamental frequency sinusoid.
The advantage is that the only variable time information
is the delay of the fundamental frequency sinusoid since
the delays of all partials are relative to it. Thus, the NRD
consists in an important signal feature characterizing the
shape of the waveform of that signal, independently of its

overall time shift, and independently of its fundamental
frequency. This is extremely important not only for sig-
nal analysis and identification, but also for signal trans-
formation since the NRD of one harmonic signal may
be imprinted on any other harmonic signal of a different
pitch frequency. Provided that the magnitude and fre-
quency relations among all partials are preserved, shape
invariance will also be preserved. Thus the NRD denotes
the time waveform of a periodic signal and, therefore,
implicitly denotes its time envelope. This suggests that
the NRD has the potential to represent this perceptually
meaningful characteristic of a complex tone, in a com-
pact way.

The next section will describe the algorithm implement-
ing the computation of the NRD concept and will de-
scribe its operation with a few illustrative examples.

4. NRD ALGORITHM

The NRD
�

coefficients are computed using the algorithm
illustrated in Fig. 2. The signal x"n# is first multiplied by
the square root of a shifted Hanning window (which hap-
pens to correspond simply to the first half of a sine pe-
riod and hence it is also known as sine window [9]) and
is then transformed to the frequency domain by means of
an Odd-frequency Discrete Fourier Transform (ODFT)
[10]. These two steps are described in [11, 12] and are in-
herited from an audio coding algorithm [13]. The ODFT

&
ODFT

accurate
harmonic
analysis

windowing

NRD
�

x"n# XO"k#

P
�

n
�

n0
ω

�

φ
�

Fig. 2: Algorithm implementing the estimation of the
NRD parameters and overall time shift (n0) of the wave-
form.

spectrum, XO"k#, is then analyzed in detail so as to iden-
tify the most relevant harmonic structure of sinusoids
[14] and in order to accurately estimate the frequency,
magnitude and phase of each sinusoid relative to the cen-
ter of the time analysis window. As illustrated in Fig.
2, only the frequency ω

�
and the phase φ

�
pertaining to

each harmonic partial are used to compute the NRD co-
efficients. Accurate frequency estimation uses an algo-
rithm presented in [12]. A similar algorithm adapted to
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the DFT has been recently presented in [15, 16]. Accu-
rate phase estimation uses an algorithm similar to that
presented in [17]. In fact, while in [17] the algorithm
presumes a time reference corresponding to the begin-
ning of the time window, a modification has been intro-
duced such that the center of the time window is con-
sidered instead. It should be noted that both frequency
estimation and phase estimation are performed in a non-
iterative way using the magnitude and phase information
available from a single audio frame. These constraints
pave the way for the real-time operation of the algorithm
which is a must considering our target application sce-
narios (including the biofeedback of the singing voice
and real-time voice analysis for speaker identification
purposes).

The period and delay of the �th sinusoid are given by (7)
and (8), respectively.

P
�
$

2π
ω

�

(7)

n
�
$

φ
�

ω
�

(8)

The NRD
�

coefficients are subsequently obtained as ex-
plained in section 3. It should be noted that shape invari-
ance is represented by NRD

�
for �$ 1�2� � � � �L�1 and is

independent of the overall time shift (n0) and pitch fre-
quency of the waveform (ω0). The next two sub-sections
will illustrate a few examples of NRD analysis using syn-
thetic and natural signals.

4.1. Examples with synthetic signals

In order to test the NRD algorithm, several synthetic sig-
nals for which the relative delays are known, have been
used. One such signal is the sawtooth wave whose con-
tinuous time signal is easily reconstructed by using a de-
sired number of terms of the Fourier series:

x&t' $�
L

∑
��1

2A
π�

sin
2π
T

�t � (9)

In this equation A represents the amplitude, T represents
the reciprocal of the fundamental frequency, and the sam-
pling frequency has been set to 16 kHz. The number of
sinusoids L has been set to 50. The resulting waveform,
its magnitude spectrum, and the estimated NRD coeffi-
cients (only the first 30 are shown) are plotted in Fig. 3.
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Fig. 3: Time representation of a sawtooth wave (upper
figure) synthesized using 50 coefficients of the Fourier
series, its magnitude spectrum (middle) and estimated
NRD coefficients (lower figure).

The sawtooth waveform is interesting because the phases
of all harmonic sinusoids are known. A simple analysis
of 9 reveals that taking the null phase (or delay) of the
fundamental frequency as a reference, then the phases of
higher harmonics alternates between π , 0, π , � � �, which,
in terms of Normalized Relative Delays, corresponds to
0�5, 0, 0�5, � � �. This is in fact the output of the algorithm
as can be seen in Fig. 3 and, as expected, this output
is stable and independent of the overall time shift of the
waveform. Interestingly, if the minus sign is removed in
(9) then all harmonics are in phase (relative to the null
phase of the fundamental) and the output of the NRD al-
gorithm is zero for all harmonics. Furthermore, if the
input to the algorithm is according to (9) and if all NRDs
are then forced to be zero, a reconstruction algorithm us-
ing the magnitude spectrum, n0 (see Fig. 2) and the so
modified NRDs, delivers an output waveform that is the
symmetrical of that in Fig. 3, as expected. The possi-
bilities opened by this analysis/synthesis approach using
NRDs are promising and will be discussed in a future
paper.

A perceptually interesting experiment has been per-
formed as suggested by Schroeder [3, page 128], by al-
tering the initial phases of all harmonics in (9) so as to
minimize the ‘peak-factor’ [3] of the periodic waveform.
Such as waveform and its corresponding analysis are dis-
played in Fig. 4. When comparing Fig. 4 and Fig. 3,
it can be concluded that while the magnitude spectrum
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Fig. 4: Time representation of a sawtooth wave (top)
synthesized using 50 coefficients of the Fourier series
and whose initial phases have been modified according
to a Schroeder rule [3] minimizing the ‘peak-factor’. The
figure in the middle represents the corresponding magni-
tude spectrum and the lower figure represents the esti-
mated NRD coefficients.

is exactly the same in both cases, the NRD profiles are
markedly different since the waveform shapes are quite
different and indeed sound quite different. Yet, a sig-
nal analysis using Mel-Frequency Cepstral Coefficients
(MFCC) for example (that only rely on magnitude spec-
trum) would led to the conclusion that both waveforms
sound the same. Contrarily to a general assumption, this
is a simple evidence that MFCCs must be completed with
phase related information so as to reflect better human
auditory perception.

An important synthetic signal has been tested that cor-
responds to a train of glottal pulses according to the
Liljencrants-Fant model [18]. The Voicebox Matlab tool-
box has been used to generate this signal. The corre-
sponding analysis is depicted in Fig. 5. In this figure
the first 30 partials of the magnitude spectrum are rep-
resented as well as the corresponding NRD coefficients
(it should be noted that by definition the first NRD coef-
ficient is always zero as it corresponds to the reference
delay of the fundamental frequency). It is interesting to
note that the NRD profile is regular and is wrapped. Un-
wrapping would lead to a straight line and this is perhaps
a hint for the natural structure of the glottal excitation.
This is an idea for further research on the possibility to
reconstruct the glottal pulse using NRD information.
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Fig. 5: Time representation of an ideal Liljencrants-
Fant glottal pulse train (top), its corresponding magni-
tude spectrum (middle) and NRD representation (lower
figure).

Interestingly, we did a reconstruction of the signal us-
ing a synthesis algorithm that is the reverse of that repre-
sented in Fig. 2 and by forcing a decay of the magnitude
partials of 6db/oct and by zeroing all NRD coefficients.
The result was a perfect sawtooth wave with the pitch of
the glottal pulse train. This simple experiment is another
evidence that in fact the NRD coefficients materialize the
shape invariance concept. We also tried the converse:
taking the sawtooth period signal, forcing a decay of the
magnitude partials of 12 dB/oct and using the NRD ‘sig-
nature’ of Fig. 5. The resulting waveform was similar
but not as smooth as the glottal pulse of Fig. 5. Further
investigation revealed that the main problem is that the
first few partials do not strictly follow a decay as high as
12 dB/oct as it is commonly admitted in the literature.

4.2. Examples with natural signals

In this section three electroglottographic (EGG) signals
recorded from the same speaker are analyzed. The three
signals correspond to three different phonation types of
the same vowel. Both EGG and voice signals will be
used in the automatic classification tests described in the
next section.

Figures 6, 7 and 8 correspond to the phonation types
breathy, normal and pressed, respectively. The EGG
signals denote the area of contact of the vocal chords
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Fig. 6: Time representation of a natural EGG signal re-
sulting from the breathy phonation of a sustained vowel
(top), its corresponding magnitude spectrum (middle)
and NRD representation (lower figure).

and thus do not represent directly the glottal airflow pulse
shape. It can be seen that while the magnitude spectrum
does not exhibit dramatic differences, the NRD data be-
haves smoothly in all three cases and the decay rate as a
function of the harmonic number varies noticeably ac-
cording to the phonation type. This suggests that the
NRD may possess relevant discriminative information.
This has been one of the motivations for the classifica-
tion tests that are described in the next section.

5. SIMULATION TESTS AND RESULTS

In this section we describe the automatic classification
tests that were conducted in order to assess the perfor-
mance of the NRDs in the identification of the phonation
type. A database of 39 audio records (kindly provided
by Prof. Paavo Alku from the Aalto University School
of Science and Technology) was used. This database
includes the acoustic voice records as well as the EGG
signals corresponding the phonation of vowel /a/ by 13
speakers, 7 males and 6 females, using three different
phonation types: breathy, normal and pressed. Each
record is about 200 ms long. The vowel /a/ was selected
because it minimizes the interaction between the source
(i.e., the glottal pulse) and the filter (i.e., the resonances
of the vocal tract filter). In other words, the spectrum
of an acoustic signal corresponding to vowel /a/ is more
conveniently ‘illuminated’ as the harmonic partials till
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Fig. 7: Time representation of a natural EGG signal re-
sulting from the normal phonation of a sustained vowel
(top), its corresponding magnitude spectrum (middle)
and NRD representation (lower figure).

about 1000 Hz are not as attenuated as they are for other
vowels [19].

In order to benchmark our results we have considered
an established method of glottal pulse estimation that
is known as Iterative Adaptive Inverse Filtering (IAIF)
[7]. Several perceptually relevant time parameters are
then extracted from the estimated glottal pulses as well
as their derivatives and are considered as input features
for the classification of the phonation type. A similar re-
search has been described in [8]. The Matlab software
environment implementing the IAIF algorithm and com-
puting the glottal pulse parameters is Aparat and is pub-
licly available.

The glottal pulse parameters considered in our research
are the open quotient 1 (OQ1), the open quotient 2
(OQ2), the quasi-opening quotient (QOQ) and the open-
ing quotient ac (OQa) that characterize the glottal open
phase; and the closing quotient (ClQ) that characterizes
the glottal closing phase. For a detailed definition of
these parameters please see [7, 20]. In addition, the am-
plitude quotient (AQ), the normalized amplitude quotient
(NAQ), the speed quotient 1(SQ1) and the speed quo-
tient 2 (SQ2) are computed from the glottal pulse and
its derivative, and are also included as features. Local
averages of these parameters are considered for groups
of about five detected glottal pulses. This number has
been found so that the total number of input vectors to
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Fig. 8: Time representation of a natural EGG signal re-
sulting from the pressed phonation of a sustained vowel
(top), its corresponding magnitude spectrum (middle)
and NRD representation (lower figure).

the classification environment (WEKA) is the same for
the glottal pulse-based features and for the NRD-based
features.

The NRD feature vector consists of the first 15 NRD
coefficients estimated from the harmonic structure of
the acoustic/EGG signal. As the sampling frequency of
the signals is 22050 Hz and the NRD analysis involves
frames with 1024 samples and 50% overlap, each 50ms-
long frame for which a pitch is identified, generates an
NRD feature vector that is used as input to the classifica-
tion environment.

The selected pattern recognition and classification envi-
ronment is WEKA and is publicly available [21]. In or-
der to have fairly comparable conditions for glottal pulse-
based classification and for NRD-based classification,
WEKA has first been used to select the most efficient
set of five features in both cases. These sets of features
are identified in Table 1 and are presumed on all results
presented in this section. Using the results of the feature
selection stage, two scatterplots have been prepared to
illustrate the discrimination ability provided by the two
best features found for NRD and GLOT F in the case of
the acoustic signal. These scatterplots are represented in
Fig. 9 for the NRD1-NRD2 feature pair, and in Fig. 10
for the NAQ-C1Q feature pair. These figures represent
all the acoustic data. It can be seen in both cases that
cluster sets can be found despite some dispersion degree.

Table 1: Selected NRD and glottal-based features
(GLOT F) for acoustic and EGG data.

Acoustic EGG

NRD GLOT F NRD GLOT F

NRD1 NAQ NRD1 NAQ
NRD2 ClQ NRD2 AQ
NRD6 AQ NRD3 QOQ
NRD8 QOQ NRD4 OQa
NRD10 OQ2 NRD5 SQ1
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Fig. 9: Scatterplot for the first two NRD coefficients per-
taining to all the breathy, normal and pressed voice data.

In fact, the data for the pressed and breathy phonation
types are well separated with the normal data lying in-
between which suggests that pressed and breathy data
will be easier to classify than normal data. This is an
indication that in both cases a discrimination ability exits
that may lead to meaningful classification results.

In our classification tests we used the 10-fold cross-
validation method and the Nearest-Neighbors classifier
(NN-classifier) since it is simple and is known to provide
good classification results [21]. The confusion matrix
is represented in Table 2. This matrix reveals that the
breathy and pressed phonation types are identified more
successfully that the normal phonation type which con-
firms the preliminary conclusions extracted from Fig. 9
and from Fig. 10. On the other hand, the results suggest
that the overall classification for the acoustic data is more
successful than for the EGG data. In fact, the overall
scores of correctly identified phonation types are 87.1%
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Table 2: Confusion matrix. The columns indicate the number of instances pertaining to the phonation type indicated
in the first column that have been identified as breathy (bre), normal (nor) or pressed (pre).

Acoustic EGG

NRD GLOT F NRD GLOT F
bre nor pre bre nor pre bre nor pre bre nor pre

bre 87 8 4 86 11 0 76 15 7 88 5 2
nor 15 80 5 10 87 3 14 70 16 9 78 8
pre 4 3 96 0 7 91 4 15 79 2 5 88
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Fig. 10: Scatterplot for the C1Q and NAQ glottal pulse
parameters as estimated by the IAIF algorithm and per-
taining to all the breathy, normal and pressed voice data.

and 89.5% for acoustic data using NRD and GLOT F
features, respectively; and are 76.0% and 89.1% for EGG
data using NRD and GLOT F features, respectively.

More informative scores may be obtained by considering
two intermediary performance measures, the True Posi-
tive Rate (TPR) defined as (10) and the Precision defined
as (11), and a final performance measure, the F-Measure,
defined as (12) [21].

TPR $
instances correctly classified as type X

instances classified as type X
(10)

Precision $
instances correctly classified as type X

type X instances
(11)

F-Measure $
2�TPR�Precision

TPR%Precision
(12)

For a given phonation type, the TPR expresses the perfor-
mance along a column of the confusion matrix, the Pre-

cision expresses the performance along a row of the con-
fusion matrix, and the F-Measure combines both. Thus,
the F-Measure is a more representative and informative
performance measure.

Figure 11 represents the F-Measure scores for all the
combinations of data (acoustic and EGG) and feature
vector (NRD coefficients or glottal pulse-related param-
eters). Several conclusions may be extracted.

ACOUS/NRD ACOUS/GLOT_F EGG/NRD EGG/GLOT_F
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Fig. 11: F-Measure performance results for the auto-
matic classification of the breathy, normal and pressed
phonation types using as signal features the most effi-
cient 5 NRD coefficients or the most efficient 5 glottal
pulse-related parameters (GLOT F) delivered by IAIF.
The results were obtained with the Nearest-Neighbor
classifier and the WEKA classification environment.
Both acoustic (ACOUS) and EGG data are considered.

� The performance of the NRD features is remark-
ably close (and in same cases comparable) to the
performance resulting from the glottal pulse fea-
tures, which is surprising and very revealing. In
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fact, since the NRD features do not include mag-
nitude information while the glottal pulse features
implicitly consider both magnitude and phase infor-
mation, reveals that the idea of using the relative
delay between harmonics is perceptually pertinent
and has the potential to lead to more complete mod-
els of auditory perception by incorporating phase
information and by highlighting its psychophysical
interpretation.

� The EGG data lead to better performance when the
glottal pulse-based features are used than when the
NRD features are used, which may indicate that
for healthy voices the area of contact of the vocal
folds faithfully reflects the shape the glottal pulse.
Surprisingly, when the acoustic signal is used, the
performance that is achieved using NRD features
or glottal pulse features is quite comparable and is
slightly higher than the performance obtained when
EGG data is used, which may suggest that acoustic
data conveys more reliable information regarding
the glottal source waveform. A side conclusion is
that since the NRD features are phase related only,
they also have the potential to lead to better inverse
filtering techniques, i.e., they have the potential to
lead to more perfect glottal source estimation.

� It is true for all four combinations of data and test
conditions, that pressed phonation can be identi-
fied reliably, followed by the breathy phonation, and
only then by normal phonation. Thus, the pressed
and breathy phonation types possess more extreme
phase and magnitude features that facilitate their au-
tomatic identification.

6. CONCLUSION

In this paper we have proposed a new approach to the
identification and modeling of the shape invariance of a
periodic signal by capturing the relative delays between
the harmonics. The concept has been described using
theoretic considerations and using illustrative examples
involving both synthetic and natural audio signals. A
new signal feature based on normalized relative delays
(NRDs) of the harmonic partials has been proposed, and
first results have been presented characterizing its perfor-
mance in a classification task involving three phonation
types: breathy, normal and pressed. Theses results are

assessed taking as a reference a well established method
of inverse filtering and time-domain features obtained
from the estimated glottal source signal. Results are
quite encouraging and suggest that the proposed NRD
concept and feature correlate well with perceptual infor-
mation. Future developments will explore further the po-
tential of NRDs in an extended analysis-synthesis con-
text allowing to 1) reconstruct the glottal pulse from
spectral information, 2) identify a richer variety of voice
registers other than the phonation types addressed in this
paper, 3) modify in real-time the sound signature of a
speaker, and 4) improve the robustness and efficiency
of existing speaker identification algorithms by combin-
ing spectral magnitude information and NRDs. Since
NRDs depend very strongly on accurate instantaneous
frequency and phase estimation algorithms, these will
also be adapted for robust operation in real-time and un-
der the influence of dynamic concurrent sounds.

Despite the fact that the NRD concept and associated fea-
tures are presented here for the first time, and that first
results are presented that demonstrate their discrimina-
tion potential, we firmly believe that their usefulness will
be particularly relevant in forensic-related applications,
namely in voice and speaker identification. Further re-
search will be motivated by these objectives.
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