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Abstract

A novel approach for pitch mark determination based on dynamical systems theory is presented. Pitch marks are used
for speech analysis and modification, such as jitter measurement or time scale modification. The algorithm works in a
pseudo-state space and calculates the Poincaré section at a chosen point in the state space. Pitch marks are then found
at the crossing of the trajectories with the Poincaré plane of the initial point. The procedure is performed frame-wise to
account for the changing dynamics of the speech production system. The system is intended for real-time use, so
higher-level processing extending over more than one frame is not used. The processing delay is, therefore, limited to
one frame. The algorithm is evaluated by calculating an average pitch value for 10 ms frames and using a small database
with pitch measurements from a laryngograph signal. The results are compared to a reference correlation-based pitch mark
algorithm. The performance of the proposed algorithm is comparable to the reference algorithm, but in contrast correctly
follows the pitch marks of diplophonic voices.
� 2006 Elsevier B.V. All rights reserved.
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1. Introduction

This work is motivated by the need for a pitch
marking system, which can be applied on running
speech and gives results in real-time. The applica-
tion which it is needed for is a voice enhancement
system for speakers with disordered voice (e.g., see
Hagmüller and Kubin (2004)). For practical use in
everyday life the processing delay has to be as low
as possible. For example, if a potential voice aug-
mentation device is used to enhance a telephone
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conversation, the processing delay of the device
adds up with the delay already introduced by speech
coders for the telephone channel. With this in mind
the aim is a reliable algorithm which only needs a
short frame buffer to keep the processing delay as
low as possible.

With Poincaré sections we chose a promising
approach which originates in nonlinear system
theory. Since this field is rather new to the speech
processing community this paper will present the
necessary theoretical background and provides a
step-by-step description of the algorithms to open
up the field of nonlinear time series analysis to the
reader not familiar with the subject.

The resulting pitch marking system is compared
to the pitch marking system provided by the speech
.
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processing software package ‘Praat’ by Boersma
and Weenink (2005).

1.1. Applications of pitch marks

Pitch marks are essential for several speech pro-
cessing methods. For speech modification, Moulines
and Laroche (1995) proposed the time-domain
pitch-synchronous overlap-and-add (TD-PSOLA)
technique. It allows pitch modification of a given
speech signal without changing the time duration
and vice versa. Single pitch cycles are manipulated
and, therefore, the pitch cycles have to be deter-
mined reliably. This method is widely used in
concatenative speech synthesis to modify the stored
speech segments according to the desired prosody
(i.e., fundamental frequency (F0) and duration).

Pitch-synchronous speech enhancement is
another application, where pitch-marks are needed.
Kleijn (2002) proposed a procedure based on aver-
aging over neighboring pitch cycles and applied it
to coded speech. It enhances deterministic harmonic
components and reduces stochastic noise. Hagmül-
ler and Kubin (2004) applied this speech enhance-
ment method to disordered voice augmentation.

Pitch marks can also be used to determine an
instantaneous frequency contour and to calculate
cycle-based analysis measures such as jitter (Scho-
entgen, 2003). Based on such analysis, further appli-
cations such as intonation recognition (Nöth et al.,
2002) for dialogue systems or voice disorder detec-
tion for health care are possible (Titze, 1994).

If a system has to be applied in a live communi-
cation setting, then a major requirement for the
algorithm is that the results can be obtained in real
time with minimal delay.

1.2. Nonlinear processing of speech

Linear methods have been applied successfully to
speech processing problems and are widely accepted
in the speech processing community. Not all
phenomena occurring in human speech can be
explained by linear models. In the particular case
of disordered voices the limitations are clearly
observable. Therefore, nonlinear approaches for
speech processing have been receiving wider atten-
tion for just over a decade as limitations of linear
models call for more general signal models.

With the emergence of nonlinear dynamical
systems analysis, researchers started to apply low
dimensional dynamical models to speech processing
Tishby (1990). Specifically, the vocal fold oscillation
has received a considerable amount of attention
from the viewpoint of nonlinear dynamics (e.g.,
Herzel et al., 1995 and Giovanni et al., 1999a).
Phenomena like bifurcations, subharmonics or per-
iod-doubling—as occur in diplophonic voice—and
chaotic behavior have all been observed in the human
voice. Human speech has been examined in terms of
Lyapunov exponents and correlation dimensions,
among others (Banbrook et al., 1996; Kumar and
Mullick, 1996; Kokkinos and Maragos, 2005). For
an overview of nonlinear speech processing, see
Kubin (1995). From meetings dealing specially with
nonlinear speech processing several publications
resulted, which also provide an overview of the
state-of-the-art in the field (Bimbot, 2003; Chollet
et al., 2005; Faundez-Zanuy et al., 2006).

For disordered voices, nonlinear approaches
have received considerable attention for analysis,
in particular as an objective alternative to auditory
voice evaluation methods (e.g., Giovanni et al.,
1999b; Titze, 1994; Jiang et al., 2006; Little et al.,
2006). More recently, state-space approaches have
been used for noise reduction (e.g., Hegger et al.,
2001, 2000; Matassini and Manfredi, 2002; Johnson
et al., 2003). State-space methods have also been
applied to improve automatic speech recognition
(Indrebo et al., 2006).

This paper wants to introduce the value of spe-
cific state-space methods to the speech community,
and make the methodology accessible to a wider
audience.

1.3. Pitch marks–perception–harmonicity–

periodicity

Depending on the application, one wants to ana-
lyze either the periodicity or the harmonicity of the
signal (see Fig. 1). This is specially of interest for
irregularities of the fundamental frequency, which
can either be interpreted as an alternating fundamen-
tal period in the time domain, or as an additional sub-
harmonic component in the frequency domain. If
signal modification is implemented in the frequency
domain, such as harmonic plus noise modeling by
Stylianou et al. (1995), the necessary information is
only captured if the smallest occurring harmonic is
considered. For time-domain based signal modifica-
tion approaches such as TD-PSOLA (Moulines
and Laroche, 1995) or analysis of the vocal fold
movement, the smallest measured period has to be
captured to reconstruct the irregularities of the voice.
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Fig. 1. Top: Wave-form view of a signal section (vowel ‘o’). The two alternating fundamental periods, sa and sb can be analyzed. Bottom:
Fourier transform of the signal. The subharmonic of the signal can be seen.
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The perception of the subharmonic appearing in
a speech signal depends on the relative energy con-
tained in the subharmonic. In case of a weak sub-
harmonic the perceived pitch stays the same, but a
change in the vocal quality such as roughness occurs
(Titze, 1994). When the subharmonic is strong, it is
perceived as a new pitch.

2. Background and related work

Here we want to present the necessary back-
ground needed to understand the proposed algo-
rithm. A more indepth coverage can be found in
(Kantz and Schreiber, 2004).

2.1. Embedding of dynamical systems

If one wants to analyze a dynamical system the
most efficient representation is the state space with
an appropriate dimension. In continuous time the
dynamics of a system are defined by m first-order
ordinary differential equations

d

dt
sðtÞ ¼ f ðsðtÞÞ; t 2 R; ð1Þ

where f is a set of m functions, f(s(t)) =
(f1(s(t)), f2(s(t)), . . . , fm(s(t))) and s(t) is the m-
dimensional state vector of the system. Eq. (1) is
also called the flow of a system.
In discrete time the dynamics are described by a
map F

s½nþ 1� ¼ Fðs½n�Þ; n 2 Z: ð2Þ

For both cases the state-space trajectory is specified
by the temporal evolution of the state vector s 2 Rm.

2.1.1. Delay embedding

Human speech is usually available only as a
one-dimensional signal, x[n]. Therefore, one has to
convert this scalar signal into a state space represen-
tation. It has been shown that a nonlinear dynami-
cal system can be embedded in a reconstructed state
space by the method of delays (Kantz and Schrei-
ber, 2004). The state space of a dynamical system
can be topologically equivalently reconstructed
from a single observed one-dimensional system var-
iable (Takens, 1981).

An M-dimensional trajectory x(n) can be formed
by delayed versions of the speech signal x(n),

xðnÞ ¼ fx½n�; x½n� sd�; . . . ; x½n� ðM � 1Þsd�g; ð3Þ

where sd is the delay time, which has to be chosen so
as to optimally unfold the attractor. An attractor is
a bounded subset of the phase space onto which,
after some transient time, the trajectories will have
converged. Trajectories with initial points outside
the attractor but within the ‘basin of attraction’ will
be attracted to that subset of the phase space. This



Fig. 2. Placement of the Poincaré plane orthogonal to the flow of
the trajectories.
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subset can be a point, a curve, or a more compli-
cated topological structure.

2.1.2. Embedding dimension
The optimal choice of the dimension for state

space embedding is an important issue. If the
dimension is too small the determinism of the signal
flow is no longer preserved, on the other hand, if the
dimension is chosen too large, the computational
effort rises. For a D-dimensional attractor it is suffi-
cient to form an M P 2D + 1 state space vector
(Takens, 1981). Later this result was generalized
by Sauer et al. (1991) to M > 2DF, where DF is the
(fractal) box counting dimension of the attractor.
In practice, though, smaller values of M > DF can
be sufficient. The method of detecting false nearest
neighbors can be used to determine the minimal
necessary embedding dimension (Kantz and Schrei-
ber, 2004).

2.1.3. Embedding delay

For the optimal delay, no mathematical formula-
tion exists, only from a practical point of view, a
goal is to optimally unfold the attractor. That
means the extension of the attractor would be
roughly the same in all dimensions. This is the case,
when the reconstructed state vector components
have minimal statistical dependence of each other.
The most natural approach would be to use the
autocorrelation function of the signal, which is a
good choice, but is only based on linear statistics.
Both linear and nonlinear dependencies can be
calculated by the auto-mutual information, also
known as the time-delayed mutual information.
This is an information theoretic concept, which is
based on the Shannon entropy. It computes the sta-
tistical dependencies between different time delays
of a signal. The auto-mutual information for a time
delay s is defined as

I �ðsÞ ¼
X

i;j

pi;jðsÞ ln pi;jðsÞ � 2
X

i

pi ln pi; ð4Þ

where � is the resolution of the histogram estimate
for the probability distribution of the data, pi is the
probability that the signal has a value which lies in
the ith bin of the histogram and pi,j is the probability
that s(t) is in bin i and s(t + s) is in bin j. The time lag
s at the first minimum of the auto-mutual informa-
tion is the optimal delay time for the embedding.
The resolution � can be set rather coarse, since only
the dependence of I� on s is of interest and not the
absolute value of I�(s) (Kantz and Schreiber, 2004).
2.1.4. Poincaré plane

If one chooses an arbitrary point on the attractor
in an M-dimensional space then one can create a
hyper-plane which is orthogonal to the flow of the
trajectories at the chosen point. This is called the
Poincaré plane (Fig. 2). All trajectories, that return
to a certain neighborhood of the initial point, cross
the hyperplane and can be represented by their
intersection with this plane in M � 1 dimensions
compared to the original M-dimensional trajectory.

2.2. Pitch detection in state space

Kubin (1997) first suggested to use Poincaré sec-
tions for the determination of pitch marks and men-
tioned special applications for signals with irregular
pitch period. Experiments showed very promising
results for an example with vocal fry, where the
pitch period doubles for some time. The pitch
period was followed correctly.

Later Mann and McLaughlin (1998) further
worked with Poincaré maps and applied them to
epoch marking for speech signals, with glottal
closure instants set as initial point. They again saw
promising results, but reported the failure to resyn-
chronize after, e.g., stochastic portions of speech.

More recently, Terez (2002) introduced another
state space approach to pitch detection, using
space–time separation histograms. Each pair of
points on the trajectory in state space is separated
by a spatial distance r and a time distance Dt. One
can draw a scatter plot of Dt versus r or, for every
time distance, count the pairs within a certain
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neighborhood r. This count can then be normalized
to 100% to yield a histogram (Fig. 3).

In case of periodicity in the signal, the histogram
concentrates at certain Dt values, whereas others
have rather low values. The first maximum of the
histogram indicates the fundamental pitch period.
Compared to the auto-correlation function the peak
is much more significant and, therefore, the author
claims, it offers improved performance. In case of
noise-like signals the histogram is more evenly
spread over all time distances. Since histograms
are based on averaging statistics, pitch marks can-
not be determined reliably with this approach. The
computed fundamental period is an average over
the chosen frame length. Though, if the frame
length is very short, the accuracy would be rather
high.

3. Algorithm

This work builds on the aforementioned
approaches and is an improved version of the work
previously described in (Hagmüller and Kubin,
2003, 2005). A step-by-step guide is included in
Matlab-like notation to allow a smooth and easy
access to the area of nonlinear dynamical systems.
3.1. Pre-processing

The algorithm works on a frame-by-frame basis
to handle the slowly changing parameters of the
speech production system. For pitch mark detec-
tion, the low-dimensional characteristics of the
signal need to be observed. So the noise has to be
removed, otherwise, specially for hoarse voices,
the attractor is hardly visible using three-dimen-
sional embedding (Fig. 4). If the embedding dimen-
sion is high enough, intersections with the Poincaré
plane would still correspond to the pitch period, but
with less reliability. However, at a certain noise level
the algorithm breaks down.

For a noise reduced attractor, a singular-value-
decomposition (SVD) embedding approach has
been proposed (Broomhead and King, 1986), but
similar results can be achieved by a simple linear-
phase low-pass filter (Fig. 5). The latter is computa-
tionally less demanding of course, so this is chosen
here for noise reduction.

To remove the influence of a changing ampli-
tude, automatic gain control or envelope smooth-
ing is applied for every frame of the input
signal x0[n]. First, the signal envelope m(n) is
calculated
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neighbors. Bottom: Time-domain waveform plot. Low-pass filter.

M. Hagmüller, G. Kubin / Speech Communication 48 (2006) 1650–1665 1655
m½n� ¼ 1

K

XK�1
2

k¼�K�1
2

x0½nþ k�j j; ð5Þ

x½n� ¼ x0½n�
m½n� ; 8m½n� > mth; ð6Þ
where x[n] is the speech signal, K is the length of
the moving average filter, which is set to the maxi-
mum expected fundamental period and mth is a
threshold to avoid overamplification of low-energy
non-speech sections. This moves the trajectories of
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quasi-periodic signals closer together, which means
that the attractor is contracted, if it was spread
due to amplitude variations (Fig. 6).

Then the signal is upsampled to fs = 48 kHz to
increase the resolution of the pitch marks, since at
low sampling rates the pitch marks would exhibit
too much discretization error. The embedding in
state space is implemented by the method of delays,
the embedding dimension is chosen to be M = 8.
Experiments showed that this number gives the
most robust results over different kinds of speech
samples, though the algorithm will generally work
with embedding dimensions M P 3. For every
frame a state-space matrix X is formed

X ¼

x½0� x½sd� . . . x½ðM � 1Þsd�
x½1� x½1� sd� . . . x½1� ðM � 1Þsd�

..

. ..
. . .

. ..
.

x½N � x½N � sd� . . . x½N � ðM � 1Þsd�

0
BBBB@

1
CCCCA
;

ð7Þ

where N is the frame length, M is the embedding
dimension and sd is the embedding delay. Each
row represents a point x(n) in state-space.
3.2. Poincaré section

At the heart of the algorithm is the calculation of
the Poincaré hyperplane. First a point at time n0 has
to be chosen. This can either be a maximum or min-
imum in the time-domain waveform. A potential
source of error is the choice of spurious peaks in
the signal, not connected to the voice signal or the
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Fig. 6. Left: Projection of state-space embedding on two dimensions
control applied. Right: Automatic gain control applied.
voice onset (see Fig. 13). Another possibility is to
select the initial point directly in state space.

This method tries to find an area in state space,
where the local bundle of trajectories is most paral-
lel. The initial point is placed here. This provides
for an improved reliability, since this is optimal
for finding pitch marks using the Poincaré plane,
and the time-domain wave form is not considered
anymore.

Around this chosen query point x(n0) = X(n0,:),
the state space is searched for the k closest points,
according to the Euclidean distance measure form-
ing a neighborhood Nðn0Þ. This can be done by
calculating the Euclidean distance between x(n0)
and all other points x(n) of the state-space matrix X

deuclðnÞ ¼
XM

m¼1

ðX ðn;mÞ � X ðn0;mÞÞ2: ð8Þ

There exist computationally efficient methods to
search for the neighbors in state space (e.g., Schrei-
ber (1995)).

Then a mean flow direction f(n0) of the trajecto-
ries in this neighborhood Nðn0Þ is calculated

f ðn0Þ ¼ meanðxðnþ 1Þ � xðnÞÞ; 8n 2Nðn0Þ;
ð9Þ

where only trajectories are considered, which point
roughly in the same direction as the initial flow vec-
tor f

T ðnÞ
0 f0ðn0Þ > 0:6, where f0 is a unit-length vec-

tor), i.e., orthogonal flow vectors or flow vectors
in the opposite direction will not be considered.

So for every frame the Poincaré hyperplane is
defined as the hyperplane through x(n0), which is
perpendicular to f(n0) (Fig. 7(b)).
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Fig. 7. Vowel ‘a’ from a dysphonic speaker. Top: Projection of state-space embedding in three-dimensions and Poincaré plane. Circles are
neighbors. Bottom: Waveform plot. (a) Wrong parts of the trajectories chosen. (b) Correct placement of Poincaré plane and pitch marks.
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ðP � xðn0ÞÞ � f ðn0Þ ¼ 0; ð10Þ
where P is any point on the Poincaré plane.

To calculate the intersections with the plane, the
points before and after the passing of the trajectory
through the plane have to be found. If

ðxðnþ 1Þ � xðn0ÞÞ � f ðn0Þ > 0; and

ðxðnÞ � xðn0ÞÞ � f ðn0Þ < 0: ð11Þ

then the points x(n), x(n + 1) are just before and
after the plane or if

ðxðnÞ � xðn0ÞÞ � f ðn0Þ ¼ 0; ð12Þ
then point x(n) lies exactly on the Poincaré plane.
The exact location of the intersection points is
calculated by linear interpolation between the two
points before and after the intersection x(n) and
x(n + 1). The points, which are at the intersection
of the trajectory with the Poincaré plane, and their
time indices are considered as pitch mark positions.

The length of one frame is chosen so that at least
two periods of the expected minimum frequency fit
into the frame. If the signal is quasi-periodic, the tra-
jectory returns at least once into the chosen neighbor-
hood and intersects the Poincaré hyperplane and a
pitch mark can be detected. The hop size depends
on the pitch mark in the current frame. The beginning
of the following frame is set to the last pitch mark.
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3.3. Post-processing

The voiced/unvoiced decision is based on differ-
ent criteria. First, a frame is considered as unvoiced
if the energy of the low-pass filtered signal is below a
certain threshold. If the energy criterion does not
detect an unvoiced frame it is further analyzed in
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dates in two clusters is performed. If the result is a
cluster which is clearly distinct from the points
around the query point, those points are attributed
a higher cost. Another parameter is the energy
around a candidate pitch mark, a low energy is
associated with a higher cost. Candidate points with
a cost above a certain threshold are discarded. In
addition to the detection of unvoiced sections, this
also reduces the occasional hit of a first harmonic
(Fig. 7).

Fig. 8 shows a flow diagram of the pitch marking
system.

4. Discussion

There are some interesting results for the algo-
rithm and open problems, which we want to discuss
in this section.

4.1. Jitter in peak detection algorithm

Fig. 9 shows a signal section with a temporal evo-
lution of its positive peaks. The positive signal part
changes from a dual peak with its maximum on the
right into a dual peak signal with its maximum on
the left and back again. Peak picking pitch marking
algorithms such as the peak picking algorithm from
‘Praat’ (see Appendix A.2.2) switch the pitch mark
back and forth between the left and the right peak.
This introduces a jitter, which is clearly an artefact
of the algorithm. Since the Poincaré method is not
directly based on time domain signal properties,
the pitch cycles are followed correctly, staying at
the same position over the whole signal section.
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Waveform with pitch marks. Bottom: Fundamental frequency estimate
To have a quantitative result for comparison of
the two methods, we calculate the local jitter, also
called the period perturbation factor (PPF)

PPF ¼ 100%

N � 1

XN�1

i¼1

uðiÞ � uði� 1Þ
uðiÞ ; ð13Þ

where u(i) is the period length sequence seen in
Fig. 9. For the Poincaré method the result is
PPF = 0.14% and for the Praat peak-picking meth-
od: PPF = 15.1%.

4.2. Diplophonic voice

In Fig. 10, a segment (vowel ‘o’) is taken out of
a speech file. There, a short period of diplo-
phonic fundamental frequency is present (sentence
‘rl040—Judith found the manuscripts waiting for

her on the piano’ from the Bagshaw database (Bag-
shaw, 1994)).

Other algorithms like Praat by Boersma and
Weenink (2005) either fail for such events com-
pletely or detect a period doubling if the chosen
minimum pitch value allows for such long pitch
periods. The Poincaré method recognizes the
rapidly alternating pitch periods correctly. Of course
in this case it is a matter of definition whether the
alternating period or the period doubling is the cor-
rect interpretation. Still, we consider our approach
more useful, since the subharmonics can be derived
from our result in a second step, if desired. This is
not possible the other way round. If only the subhar-
monic is known, the period alteration in the time
domain cannot be derived anymore.
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In Fig. 11, the alternating size of the time-domain
waveform peaks can be clearly seen in the state-
space plot as two different bundles of the trajectory.

4.3. Phase drift

In Fig. 12, we see that the phase of the Poincaré
pitch marks does not remain constant over the
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Fig. 11. State space representation of a segment of diplophonic voice.
clearly seen.
whole signal section seen in the plot. One can see
that the marks slowly evolve from the positive to
the negative peaks. This is a problem, which occurs
only occasionally and a change of parameters
usually removes the problem for one signal section,
but might introduce a drift at another place.

However, no general design rule could be derived
so far to completely remove this problem.
0
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1

0 1500 2000
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The two different states of the speech production system can be
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Fig. 12. Phasedrift of the pitch marks. The marks evolve from positive to negative peaks. Results from ‘Praat’ (+) and Poincaré (*).
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Specially for applications where high accuracy is
an important issue or where the pitch mark should
be synchronized with a given event, such as an
energy maximum or a glottal closure instant, this
may be a disadvantage of this method. The reason
for this drift can either lie in the changing dynamics
of the speech production system, or small errors in
the calculation of the mean flow vector.

A phase drift was also reported by Mann (1999),
but different to his approach we interpolate between
two sampling points to determine the exact intersec-
tion of the trajectories with the Poincaré plane (see
Section 3.2).

4.4. Resynchronization

In Fig. 13, the same signal section is shown twice
after low-pass filtering with two different cut-off
frequencies. After each unvoiced section, the initial
point x(n0) has to be set again. The search frame
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Fig. 13. Resynchronization after unvoiced period. Depending
for the initial point is set to the first half of the cur-
rent frame. As mentioned in Section 3.2, the posi-
tion of the current frame depends on the last pitch
mark of the previous frame (if voiced).

In the upper plot of Fig. 13, the initial point was
set to the smaller peak at the beginning of the voiced
section, consequently the following pitch marks are
on the corresponding position in the following pitch
cycles. The lower plot shows a setting, where the
search frame was positioned to include the maxi-
mum peak of the pitch cycle, which is followed
perfectly throughout the rest of the frame.

A possible solution would of course be to intro-
duce a more sophisticated peak search algorithm,
with some look-ahead, if a better choice for the
initial point is available. This comes at the cost of
reduced real-time capabilities of the algorithm,
because the overall delay would be increased. If
the initial points are chosen based on the bundling
of the trajectories in state space, this is, of course,
2.46 2.48 2.5
]

2.46 2.48 2.5
s]

on the frame position different initial points are chosen.



Table 1
Results for a female speaker, 147 s of speech, 46.7% voiced speech

Voiced (%) Voiced errors
(%)

Unvoiced errors
(%)

Poincaré 50.3 3.0 2.2
Praat 51.6 4.4 0.6

Errors < 1%
(%)

Errors < 5%
(%)

Errors < 10%
(%)

Poincaré 71.7 91.7 95.8
Praat 70.7 91.2 95.7

The voiced column shows the percentage of detected voiced
frames. The voiced errors are the percentage of frames falsely
considered as voiced, and vice versa for the unvoiced errors.
Errors < 1%, 5% and 10% show the percentage of pitch errors
which are below 1%, 5% and 10% relative error, respectively.

Table 2
Results for a male speaker, 117 s of speech, 51.82% voiced speech

Voiced (%) Voiced errors
(%)

Unvoiced errors
(%)

Poincaré 54.6 2.7 8.7
Praat 57.7 5.8 4.8

Errors < 1%
(%)

Errors < 5%
(%)

Errors < 10%
(%)

Poincaré 74.8 96.1 98.3
Praat 69.1 93.2 97.6

The voiced column shows the percentage of detected voiced
frames. The voiced errors are the percentage of frames falsely
considered as voiced, and vice versa for the unvoiced errors.
Errors < 1%, 5% and 10% show the percentage of pitch errors
which are below 1%, 5% and 10% relative error, respectively.

1662 M. Hagmüller, G. Kubin / Speech Communication 48 (2006) 1650–1665
not an issue since time-domain peaks are no crite-
rion for this choice, anyway.

5. Evaluation

To evaluate the performance of the new pitch
marking algorithm in a quantitative way, it is com-
pared with a state-of-the-art pitch marking soft-
ware. We choose the algorithm used by Praat,
which is a software tool for speech processing and
computer linguistics by Boersma and Weenink
(2005). For pitch mark determination, Praat first
does a sophisticated pitch determination using auto-
correlation and a least-cost path search through the
analyzed frames with several pitch candidates per
frame. The resulting pitch contour provides a nar-
row search range for the pitch marking algorithm.
It starts from an absolute extremum in a frame
and determines the pitch marks by finding the
cross-correlation maximum in the range given by
the previously calculated pitch contour.

The database used for the evaluation of the pitch
mark algorithm is a freely available pitch mark data-
base. It includes speech and laryngeal signal samples
of a male and a female subject and the corresponding
pitch marks obtained by a pulse location algorithm
applied to the laryngeal signal (Bagshaw, 1994).

5.1. Formal evaluation

Due to several issues discussed in Section 4, the
evaluation of the algorithm cannot be performed
assuming a fixed phase of the pitch marks. Since
formal evaluation of the algorithm is important,
an alternative method of evaluation is performed.
The reference database contains a male and a female
speaker with 50 short sentences each. For each sen-
tence a file with reference pitch marks is available.

5.1.1. Procedure

Since evaluation of pitch marks which are not
associated with a fixed temporal event, such as a
peak in the time domain, is difficult, a conversion
to fundamental frequency (F0) values for a fixed
time step of 10 ms is performed. In case less than
two pitch marks per frame are found the search win-
dow is extended to 20 ms, if still less than two pitch
marks are found the frame is considered as
unvoiced. For every frame an average value for
the fundamental frequency is calculated. For the
male files the range for the expected frequencies
was set to 50–300 Hz, for the female files to 150–
400 Hz. The procedure is rather an evaluation of
fundamental frequency determination than the
pitch marking capabilities of the algorithm. With
this restriction, the performance of the algorithm
can be compared to the results from ‘Praat’.

Comparisons with other afore-mentioned related
algorithms from the literature (Section 2.2) are dif-
ficult, since none of the referenced works deal with
running speech, using full sentences (Kubin, 1997;
Mann and McLaughlin, 1998). In addition they do
not provide any formal evaluation results them-
selves.
5.2. Results

In Tables 1 and 2, the results for the chosen data-
base are shown. For comparison, both the results
for the Poincaré method and the ‘Praat’ pitch mark-
ing algorithm (Boersma and Weenink, 2005) are
presented. In the upper part the voiced/unvoiced
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errors are shown. In the first column the total ratio
of voiced frames for the speech material can be seen,
then the voiced errors and finally the unvoiced
errors are shown. A voiced error is set if an
unvoiced frame is falsely considered as voiced by
the pitch detection algorithm. An unvoiced error is
set if a voiced frame is falsely considered as
unvoiced. Smaller numbers are better in this case.
Voiced speech covers roughly half of the whole
signal length, which is a reasonable rate to be able
to evaluate voiced and unvoiced errors.

In the lower part of the table the accuracy of the
results for the voiced frames is shown. Fundamental
frequency errors are differentiated into the percent-
age of errors <1%, <5% and <10% of the reference
fundamental frequency. It is desired to have a high
percentage of the errors in the ‘errors <1%’ column.

5.2.1. Discussion

We see that the performance of the two algo-
rithms is comparable. While the Poincaré method
has slightly better results for the voiced error, Praat
has a much lower error rate for unvoiced errors.
Both algorithms can be tuned to favor either voiced
or unvoiced errors, depending on the application.
On the one hand, it can be better to be sure to cap-
ture all pitch marks while running the risk of having
too many pitch marks. On the other hand, it can also
be desirable to ensure that the pitch marks, which
are found, are all correct ones while running the risk
of not finding all pitch marks. In general, a balance
between voiced and unvoiced errors at a low level
is desired.

The accuracy of the voiced frames found is also
very similar. For both algorithms roughly 70% of
the F0 values are below an error of 1%, while more
than 90% of all errors are below the 5% error rate.
For female speech, the results of the two algorithms
are very close while for male speech the Poincaré
method outperforms Praat by about 5% in its rela-
tive accuracy.

6. Conclusion

We presented an alternative approach to pitch
mark determination, which applies methods from
dynamical systems analysis to speech signal
processing.

While the results are promising at the moment the
new algorithm cannot outperform state-of-the-art
pitch detection algorithms such as those used by
‘Praat’ in all situations. A clear advantage of the
new algorithm has been shown for diplophonic
voices. The rapidly alternating pitch periods are
recognized correctly, where in contrast ‘Praat’
only detects the subharmonics. It has also been dem-
onstrated, that peak-picking algorithms can intro-
duce a jitter artefact if the analyzed signal has dual
peaks, which vary in amplitude. In those cases, the
Poincaré method follows the pitch cycles correctly.

One has to keep in mind, though, that the perfor-
mance achieved by ‘Praat’ is much improved by the
sophisticated pre- and post-processing algorithm,
which considers previous and following frames next
to the current one so as to improve the results. This
higher-layer processing is not used by the presented
new method, since it has been designed for a real-
time application, and it was intended to keep the
delay strictly of the order of a single frame.

Appendix A

A.1. Pseudo-code

ÆInput speech signal x(n)
ÆLow-pass filter

ÆUpsample (if necessary)

ÆWHILE
index < lastindex � framelength
• Get segment with framelength at

index

• IF energy(segment) < threshold,

Æset frame unvoiced

Ætake next frame

• END

• Apply automatic gain control

• Normalize segment

• Choose initial point, x(n0), in

time-domain

• Embed segment in pseudo-state

space (dimension M, delay sd)
xðnÞ¼ ½xðnÞ; xðn� sdÞ; ... ; xðn� ðM � 1ÞsdÞ�

• Select k neighbors in state space

neighborhood Nðn0Þ of x(n0)
• Compute estimate of average vec-

tor flow f(n0)
f ðn0Þ ¼ meanðxðnþ 1Þ� xðnÞÞ 8n 2Nðn0Þ

• Define Poincaré hyperplane per-

pendicular to f(n0) going through

x(n0)ðxðn0Þ � PÞ � f ðn0Þ ¼ 0
• Calculate intersection of tra-

jectories through Poincaré plane

by interpolation between samples

neighboring Poincaré plane
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• IF std(T0) > 0.15 Æ median(T0)
ÆDiscard points far away from

x(n0)
• END

• Set index to beginning of next

frame
ÆEND WHILE

ÆOutput pitch marks

A.2. Praat

This is a short description of the pitch mark
determination methods as implemented by ‘Praat’.
The description is copied from the Praat manual,
which is also available online (see Boersma and
Weenink (2005)).

As a first step, Praat runs a pitch determination
algorithm to get a narrow search range for the pitch
marks. It then can determine the pitch marks either
with an algorithm based on cross correlation or an
algorithm based on peak picking. The voiced inter-
vals are determined on the basis of the voiced/
unvoiced decisions in the pitch determination algo-
rithm. For every voiced interval, a number of points
(or glottal pulses) is found as follows.

A.2.1. Cross-correlation algorithm

(1) The first point t1 is the absolute extremum of
the amplitude of the sound, between tmid � T 0

2

and tmid þ T 0
2

, where tmid is the midpoint of
the interval, and T0 is the period at tmid, as
can be interpolated from the pitch contour.

(2) From this point, we recursively search for
points ti to the left until we reach the left edge
of the interval. These points must be located
between ti�1 � 1.2 Æ T0(ti�1) and ti�1 � 0.8 Æ
T0(ti � 1), and the cross-correlation of the
amplitude in its environment [ti � T0(ti)/2;
ti + T0(ti)/2] with the amplitude of the envi-
ronment of the existing point ti�1 must be
maximal (we use parabolic interpolation
between samples of the correlation function).

(3) The same is done to the right of t1.
(4) Though the voiced/unvoiced decision is ini-

tially taken by the Pitch contour, points are
removed if their correlation value is less than
0.3; furthermore, one extra point may be
added at the edge of the voiced interval if its
correlation value is greater than 0.7.
A.2.2. Peak-picking algorithm

(1) The first point t1 is the absolute extremum (or
the maximum, or the minimum, depending the
settings) of the amplitude of the sound,
between tmid � T 0

2
and tmid þ T 0

2
, where tmid is

the midpoint of the interval, and T0 is the per-
iod at tmid, as can be interpolated from the
pitch contour.

(2) From this point, we recursively search for
points ti to the left until we reach the left edge
of the interval. These points are the absolute
extrema (or the maxima, or the minima)
between the times ti�1 � 1.2 Æ T0(ti�1) and
ti�1 � 0.8 Æ T0(ti�1).

(3) The same is done to the right of t1.
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