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ABSTRACT

In this paper, we address the issue of speech polarity detection us-
ing strength of impulse-like excitation around epoch. The correct
detection of speech polarity is a crucial step for many speech pro-
cessing algorithms to extract suitable information. Occurrence of
errors in the detection of speech polarity could have an impact on
the performance of speech systems. Automatic detection of speech
polarity has become an important preliminary step for many speech
processing algorithms. We propose a method based on the knowl-
edge of impulse-like excitation of speech production mechanism.
The impulse-like excitation is reflected across all frequencies includ-
ing the zero frequency (0 Hz). Using the slope around zero cross-
ings of the zero frequency filtered signal, an automatic speech po-
larity detection method is proposed. Performance of the proposed
method is demonstrated on 8 different speech corpora. The pro-
posed method is compared with the three existing techniques such
as gradient of the spurious glottal waveforms (GSGW), oscillating
moments-based polarity detection (OMPD) and residual excitation
skewness (RESKEW). From the experimental results, it is observed
that the performance of the proposed method is comparable or better
than the existing methods for the experiments considered.

Index Terms— Speech polarity detection, Speech analysis,
Zero frequency filtering, Glottal closure instant, Phase.

1. INTRODUCTION

Speech is the result of exciting a time varying vocal tract system
with the time varying excitation. The excitation source (glottal flow)
produced by the movement of the vocal folds during the produc-
tion of voiced speech has a clear discontinuity at the epochs or glot-
tal closure instants (GCIs) due to the abrupt closure of the vocal
folds. The discontinuity is reflected in the glottal flow derivative sig-
nal by a peak between the glottal open phase and return phase. In
Liljencrants-Fant (LF) model [1], the speech polarity is defined as
positive, if the glottal flow derivative exhibits a strong negative peak
at the GCI, otherwise it is said to be of negative polarity. Often,
speech signal posses the positive polarity. However, while recording
using microphone, the electrical signals may be inversed depending
on the electrical polarity connection of the device. This will cause
for an inversion of the polarity of the recorded speech. The polarity
of the speech stems from the asymmetric shape of the glottal source
waveform. Correct detection of speech polarity plays crucial role in
several speech processing techniques. For example, in [2–4], epochs
are detected from the negative to positive zero crossings (NPZCs)
of the zero frequency filtered signal. If the polarity is reversed and
no effort is made to correct it beforehand, the location of the epochs

may go wrong and thus affect the subsequent analysis. Similar is
the case in some other epoch extraction methods, like speech event
detection using the residual excitation and a mean-based signal (SE-
DREAMS) [5] and dynamic plosion index (DPI) [6].

In concatenated speech synthesis, if the concatenated units are
of different polarities, it will result in phase discontinuity at the
boundary of the concatenated units. The phase discontinuities are
perceived by the listener if they occur in the high energy regions
of voiced speech [7, 8]. Speech polarity is also an issue in most of
the pitch synchronous analysis and synthesis methods such as pitch-
synchronous overlap-add (PSOLA) and Time-Domain PSOLA (TD-
PSOLA) for pitch modification [9].

Speech modification techniques based on the sinusoidal or har-
monic models use phase manipulation procedures that depend on
the polarity of the signals [10]. Hence the methods dealing with the
phase of the speech signals are polarity dependent in contrast with
the techniques which rely on the magnitude spectrum. Further, in
recognition systems which use phase based features, polarity detec-
tion plays an important role. For example, the speaker recognition
systems proposed in [11,12] use the discrete cosine transform (DCT)
coefficients of glottal source as features. If training and testing data
are from microphone with opposite polarities, it may result in poor
performance of the system. This is also the case for speech recogni-
tion systems that use the phase-based features such as methods that
were proposed in [13, 14].

Normally polarity of the speech signal is attributed to the glottal
source signal. Most of the speech polarity detection methods rely
on the glottal source signal derived from the speech after removing
the predictable (second order correlations) portion. The excitation
source or glottal source signal is usually derived by performing lin-
ear prediction (LP) analysis [15] of the speech signal. The promi-
nent peak in the estimated derivative of the glottal source signal is
seen as the epoch, and if it is in the negative going half, the po-
larity is said to be positive, and negative otherwise [1]. Based on
this, in [16], gradient of the spurious glottal waveforms (GSGW)
method was proposed that use the fact that the peaks in the glot-
tal flow derivative (estimated from iterative adaptive inverse filtering
(IAIF) using LP analysis [17]) should be close to the epoch locations.
In [18], based on the observation that the first two harmonics are in
phase near the epochs, phase cut (PC) method was proposed. An ex-
tension of PC method that uses higher harmonics for speech polar-
ity detection was proposed in [18] and was named as relative phase
shift (RPS) method. In [19], the oscillating moments-based polar-
ity detection (OMPD) method was proposed that uses phase shifts
in the even and odd ordered statistical moments oscillating at the lo-
cal pitch period. Based on the observation that the distribution of
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sample values of the estimated glottal source signal have a negative
skew and that of the traditional LP residual a positive skew, resid-
ual excitation skewness (RESKEW) method was proposed in [20].
In this, three decision rules have been presented, using skewness of
only the approximately voice source (RESKEW-glot), the traditional
LP residual signal (RESKEW-res), and the difference of the skew-
ness of the approximated glottal source and traditional LP residual
signal, named as RESKEW method. In order to reduce the com-
putational complexity, long-term weighted skew (LT-WSKEW) was
proposed in [12]. The GSGW, PC, RPS and OMPD methods re-
quires fundamental frequency (F0) and voicing decisions. From the
recent studies in [12,20], it was observed that RESKEW method was
found to be more reliable.

In this paper, we propose a method to automatically detect the
speech polarity based on the strength of the impulse-like excitation
around epoch computed from the slope around the zero crossings
of the zero frequency filtered (ZFF) signal. Since the excitation
source at the glottal closure is reflected as impulse-like discontinu-
ity, it is expected that slope around negative to positive zero crossings
(NPZCs) is high if the signal polarity is positive.

The paper is organized as follows: Section 2 describes the basis
for the present study. In Section 3, we present a method to detect
the polarity of the speech signal. In Section 4, performance of the
proposed method is compared with the three existing methods for
speech polarity detection. Finally, Section 5 gives a summary of the
study.

2. BASIS FOR THE PRESENT STUDY

The present study is motivated from the studies made in [2], for
epoch extraction using zero frequency filtering (ZFF) method. In [2],
the authors showed that rapid changes occur around the negative
to positive zero crossings (NPZCs) of the ZFF signal, and hence
NPZCs can be considered as instants of glottal closure or epochs
(GCIs). Detecting the correct speech polarity is a necessary step
to ensure whether the NPZCs or positive to negative zero crossings
(PNZCs) to be considered for GCIs. In recent studies [21,22], lower
accuracies were observed in the epoch extraction using ZFF method
for some recorded databases. One reason for this may be that the
recorded signals have variations in speech polarity.

From this observation and also from the fact that rapid change
at epochs occur around the zero crossings of the ZFF signal, a new
speech polarity detection method is proposed. The method is based
on the slope around the zero crossings of the ZFF signal. For il-
lustration, a sequence of randomly spaced impulses with arbitrary
strengths are shown in the Figs. 1(a) and 2(a), and the corresponding
zero frequency filtered signals are shown in the Figs. 1(b) and 2(b),
respectively. It can be observed from Fig. 1(b) that the NPZCs of the
ZFF signal have rapid change i.e., the slope is high when compared
to PNZCs and vice versa can be seen from Fig. 2(b). In the next
section, we also show that this observation is valid even for speech
signals.

3. PROPOSED SPEECH POLARITY DETECTION
METHOD

For the detection of speech polarity, we are using the ZFF method
proposed in [2] for epoch extraction. This method exploits the
knowledge of the speech production mechanism. The motivation
behind that study was the effect of impulse-like excitation is re-
flected across all frequencies including zero frequency (0-Hz). The
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Fig. 1. Illustration of speech polarity for a sequence of negative
polarity impulses. (a) Aperiodic sequence of impulses with varying
amplitudes and nonuniform intervals. (b) Zero-frequency filtered
signal.
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Fig. 2. Illustration of speech polarity for a sequence of positive
polarity impulses. (a) Aperiodic sequence of impulses with varying
amplitudes and nonuniform intervals. (b) Zero-frequency filtered
signal.

advantage of choosing the zero-frequency resonator is that the char-
acteristics of the time varying vocal tract system will not affect the
characteristics of the discontinuities in the output of the resonator.

The steps involved in the proposed speech polarity detection
method are as follows:

1. The speech signal (s[n]) is differenced to remove any un-
wanted very low frequency components. The differenced sig-
nal is given by,

x[n] = s[n] − s[n− 1]. (1)

2. The differenced signal (x[n]) is passed through a cascade of
two zero-frequency resonators, given by the following equa-
tion [2]:

yo[n] =

4∑
k=1

akyo[n− k] + x[n], (2)

where a1 = +4, a2 = −6, a3 = +4, a4 = −1. The
signal yo[n] is equivalent to integration of speech signal four
times, hence it approximately grows/decays as a polynomial
function of time.

3. The trend in yo[n] is removed by subtracting the local mean
computed over the average pitch period at each sample. The
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resulting signal (y[n]) is called zero frequency filtered (ZFF)
signal. That is

y[n] = yo[n] − 1

2N + 1

N∑
i=−N

yo[n + i], (3)

where 2N + 1 corresponds to the number of samples in the
window used for trend removal.

4. The slopes around the NPZCs and PNZCs of the ZFF signal
(y[n]) are computed by the following equations:

Cnpzc[n] = ynpzc[n + 1] − ynpzc[n− 1], (4)
Cpnzc[n] = ypnzc[n + 1] − ypnzc[n− 1], (5)

where Cnpzc[n] and Cpnzc[n] correspond to the slopes
around the NPZCs and PNZCs of y[n], respectively.

5. Decide the polarity of the speech signal as,

Polarity =

{
+, if Σ(Cnpzc[n]) > Σ(Cpnzc[n])
−, otherwise, (6)

where polarity refers to the final judgment of the whole utter-
ance.

This method is abbreviated as ZFF-SPD (zero-frequency filter-
ing based speech polarity detection) in this paper. For illustration,
the positive polarity signal and its corresponding ZFF signal are
shown in Figs. 3(a) and 3(b), the negative polarity signal and its
corresponding ZFF signal are shown in Figs. 4(a) and 4(b), respec-
tively.

0.01 0.02 0.03 0.04 0.05

−0.5

0

0.5

1

(a)

0.01 0.02 0.03 0.04 0.05
−1

0

1

(b)

0.01 0.02 0.03 0.04 0.05
−0.08
−0.06
−0.04
−0.02

0
0.02

(c)

Time (s)

Fig. 3. Illustration of speech polarity for a positive polarity speech
signal. (a) Segment of a speech signal, (b) Zero-frequency filtered
signal, and (c) Differenced EGG (dEGG) signal.

From Fig. 3(b), it is clear that the ZFF signal has rapid changes
around the NPZCs, hence the signal is said to be of positive polar-
ity. Similarly from Fig. 4(b), it can be observed that the ZFF signal
has rapid changes around the PNZCs, hence the signal is said to be
of negative polarity. This is also evident from the differenced Elec-
troglottograph (dEGG) signal shown in Figs. 3(c) and 4(c). Hence,
the instants of NPZCs of ZFF signal correspond to the epoch loca-
tions if the signal polarity is positive otherwise the PNZCs corre-
spond to the epoch locations.
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Fig. 4. Illustration of speech polarity for a negative polarity speech
signal. (a) Segment of a speech signal, (b) Zero-frequency filtered
signal, and (c) Differenced EGG (dEGG) signal.

4. COMPARISON OF PROPOSED ZFF-SPD WITH OTHER
METHODS

In this section the proposed method of speech polarity detection
is compared with three existing methods. The three methods cho-
sen for the comparison are: gradient of the spurious glottal wave-
forms (GSGW) [16], oscillating moments-based polarity detection
(OMPD) [19] and residual excitation skewness (RESKEW) [20].

4.1. Methods for comparison

A brief discussion on the implementation details of the three chosen
methods for comparison are given below:
Gradient of the spurious glottal waveforms (GSGW): This
method uses the glottal waveform estimated from inverse fil-
tering technique (modified Iterative Adaptive Inverse Filtering
(IAIF [17])). Since the glottal waveform signal should present a
discontinuity at the GCI and whose sign depends on the speech
polarity, this method uses a criterion based on a sharp gradient of the
spurious glottal waveform near the GCI [1]. From the gradient of the
spurious glottal waveform, speech polarity is determined by finding
whether the GCIs are located above or below the zero line [16].
Based on this criterion, decisions are made for pitch synchronous
wise (i.e., for each glottal cycle) and each frame wise, and the robust
polarity for the speech signal is taken over majority decision over all
the frames of the speech signal.

Table 1. Description of the databases used for the evaluation (Here
M refers to male and F refers to Female).

Database Type of speaker(s) Amount of data (min)
AWB Scottish male 83
BDL US male 56
EMO-DB German (5-M, 5-F) 25
CLB US female 64
JMK Canadian male 58
KSP Indian male 37
RMS US male 66
SLT US female 56
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Table 2. Results of polarity detection for 8 different speech corpora using the four techniques (Here cor. refers to correct, incor. refers to
incorrect and acc. refers to accuracy).

GSGW OMPD RESKEW ZFF-SPD
cor. incor. acc. (%) cor. incor. acc. (%) cor. incor. acc. (%) cor. incor. acc. (%)

AWB 1134 4 99.65 1138 0 100 1138 0 100 1138 0 100
BDL 1112 19 98.32 1131 0 100 1131 0 100 1131 0 100
CLB 1131 1 99.91 1132 0 100 1132 0 100 1132 0 100
JMK 1096 18 98.38 1114 0 100 1114 0 100 1114 0 100
KSP 1103 29 97.44 1132 0 100 1132 0 100 1132 0 100
RMS 1082 50 95.58 1132 0 100 1132 0 100 1132 0 100
SLT 1125 6 99.47 1131 0 100 1131 0 100 1131 0 100
EMO-DB 356 179 66.54 518 17 96.82 525 10 98.13 530 5 99.07
Total 8139 306 94.41 8428 17 99.60 8435 10 99.77 8440 5 99.88

Oscillating moments-based polarity detection (OMPD): The
OMPD method [19] calculates on a sample-by-sample basis statis-
tical moments oscillating at the local fundamental frequency. The
key idea of OMPD is to compute two oscillating moments with an
odd order and an even order, such that their phase shift allows deter-
mination of the correct polarity. Local decisions are taken for each
voiced frame. The final polarity is decided using majority voting.
Residual excitation skewness (RESKEW): This method is based
on the observation that excitation signal contains relevant informa-
tion about speech polarity, as the behavior reflects in the asymmetry
of glottal production. In this method, two excitation signals are con-
sidered for speech polarity detection. One is the traditional resid-
ual signal and other is a rough approximation of the glottal flow
derivative. The residual signal exhibits positive peaks at GCI lo-
cations, if the polarity of the signal is positive. It is observed that
estimated glottal flow derivative shows negative peaks around GCIs.
As these two excitation signals exhibit asymmetry at GCIs, the skew-
ness of the distribution of their samples is computed. The polarity
detection based on the skewness measured on the first excitation sig-
nal is called RESKEW-res and the secondary excitation signal as
RESKEW-glot. As both signals have skewness with opposite sign,
this method (RESKEW) uses the sign of differences in skewness of
the first excitation signal and the secondary excitation signal [20].

4.2. Databases

Experiments were carried out with 8 speech corpora. Out of which
seven voices are taken from the CMU ARCTIC database [23], which
was designed for the purpose of speech synthesis: AWB (Scottish
male), BDL (US male), CLB (US female), JMK (Canadian male),
KSP (Indian male), RMS (US male) and SLT (US female). These
databases are available on the Festvox webpage [24]. The eighth
database is the German emotional speech database (EMO-DB) [25],
which consists of seven types of emotions (7 emotions: happy, angry,
anxious, fearful, bored, disgusted and neutral) from 10 speakers (5
female and 5 male) and consists of 535 sentences. The details of
the databases used for the evaluation are given in Table 1. The total
number of speech files over the 8 speech corpora is 8445. EGG
signals are used as the ground truth for polarity detection, which
are available with the corresponding speech signals. If the dEGG
signal shows the large negative peaks, then the signal is said to have
positive polarity and vice versa for negative polarity.

4.3. Results and discussion

Results of speech polarity detection using the four methods de-
scribed above are given in Table 2. It can be noticed that GSGW

method gives the lowest performance. Although OMPD gives a
good polarity detection performance in seven databases, in one
database its performance is lower. RESKEW method gave very high
accurate speech polarity detection rates for seven databases and its
performance is lower for emotional speech database. The proposed
ZFF-SPD method works perfectly for seven of the eight databases
and gives the best performance for the emotional speech database.
On average, over the eight speech corpora, it turns out that ZFF-SPD
clearly carries out the best results with a total error rate of 0.12%
against 0.23% for RESKEW, against 0.40% for OMPD and against
5.59% for GSGW. The second best method is RESKEW with a total
error rate of 0.23%. Finally, with an averaged detection error rate of
only 0.12% (5 erroneous speech files out of the 8445), the proposed
ZFF-SPD method clearly outperforms all other methods. Note that
these 5 errors are spread across four emotion datasets. The emotion
database contains breathy voices making the polarity detection more
difficult. It is also observed that, for some utterances epochs or GCIs
are less evident, in the sense that the discontinuities in the excitation
around the epoch is much less pronounced. Further investigation is
required for speech polarity detection for speech with different voice
qualities and for expressive data to provide further insights into the
methods.

5. CONCLUSION

In this paper, a new approach for a speech polarity detection is pro-
posed based on the strength of the impulse-like excitation around
epoch. This is based on the fact that significant excitation takes
place due to abrupt closure of the vocal folds at the glottis. For ex-
traction of strength of the impulse-like excitation around an epoch,
the zero frequency filtering method was used. The proposed method
was compared to three state-of-art approaches on 8 large speech cor-
pora. The proposed technique was shown to have comparable or bet-
ter performance with the state-of-art methods. The proposed speech
polarity detection method gives an averaged error rate of 0.12% com-
pared to 0.23% for the best existing method. In future, we want to
investigate the performance of the proposed method for conversa-
tional speech, degraded conditions (such as additive noises, channel
degradations such as telephone speech etc.), various voice qualities
and expressive voices etc.
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