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Abstract
Breathy phonation has a high open quotient compared to modal
phonation which results in greater influence of the subglottal
cavity on the estimated short-time spectrum. This is reflected
as an increase in spectral density at frequencies below the
first resonance of the vocal tract around the glottal formant.
On the contrary, pressed phonation has lesser influence of the
subglottal cavity, and hence has a relatively lesser spectral
density at low frequencies. In this paper, the use of low
frequency spectral density (LFSD) as a feature for analysis and
classification of breathy, modal and pressed phonation types is
investigated.

Index Terms: phonation, breathy voice, pressed voice, glot-
tal features, amplitude quotient, harmonic-to-noise ratio, low-
frequency spectral density

1. Introduction
Features for identifying the different types of phonation are use-
ful in many applications such as detecting the emotional state
of a speaker [1, 2], diarization of audio books based on emo-
tion or speaking style [3], identifying the cognitive load of a
speaker [4], identifying depression and suicidal risk [5], and in
expressive speech synthesis [6, 3, 7]. Identification of the cor-
rect phonation type may also be used to obtain better estimates
of the excitation source and the vocal tract system [8].

Several features have been proposed to analyze and classify
the different types of phonation [9, 10]. Normalized amplitude
quotient (NAQ) of the glottal pulse, and the difference in ampli-
tude of the first two harmonics (H1-H2) are considered the best
features for identifying the phonation[9, 10]. The NAQ feature
is shown to be closely related to the closed quotient of the glot-
tal pulse [11, 9]. It is also shown that it is reasonably robust to
babble noise up to 10 dB signal to noise ratio (SNR) [10]. While
NAQ gives a direct measure of the skewness of the glottal pulse,
the H1-H2 feature tries to capture the acoustic manifestation of
this feature in the spectral domain. The computation of NAQ
requires accurate estimation of the glottal source which may
be difficult for certain voices, especially high pitched female
voices. Also, any single feature may not work equally well for
all speakers. Hence there is a need for exploring alternate sim-
ple to compute features for identifying phonation types from the
speech signal.

Breathy, modal and pressed voices represent three distinct
types of phonation based on the amount of control exerted
on the vocal folds during the production of speech [12, 13].
Breathy phonation has a soft glottal closure with a high open
quotient, while a pressed phonation has the sharpest closure
with the least open quotient. The effect of the subglottal cav-

ity on the short-time spectra is higher for breathy voices owing
to the longer open quotient, as compared to pressed voices. This
results in an increase in the low frequency energy below the first
resonance of the vocal tract, typically around the region of the
glottal formant. In this paper, we propose a simple feature for
identifying the phonation types based on their low frequency
spectral densities.

Parameters of the glottal flow are known to affect the spec-
tral characteristics of the acoustic signal, such as the spectral
slope and the bandwidth of the formants [12, 13]. Parametric
models of the glottal flow mainly account for the nature of vi-
bration of the vocal folds, and it is difficult to capture all possi-
ble acoustic manifestations of the articulation. For instance, the
amount of turbulence during phonation, and the effect of sub-
glottal coupling during the open phase, are difficult to model.
The coupling of the subglottal cavity during the open phase of
the glottis has a dampening effect on the vocal tract resonances,
and tend to increase the low frequency energy in the acoustic
signal. This is partly reflected as change in spectral slope of the
short-time spectrum. Several parameters such as the difference
in amplitudes of the first two harmonics (H1-H2), difference
in amplitudes of the first harmonic and the third formant, the
first cepstral coefficient and spectral centroid, have been used
to quantify the spectral slope. But the presence of vocal tract
resonances and the difficulties associated with the accurate esti-
mation of the glottal flow make it difficult to quantify the spec-
tral slope of the acoustic signal or the associated glottal excita-
tion. Also, it has been shown that parameters quantifying the
spectral slope do not perform well in identifying the phonation
type [9, 10]. The H1-H2 parameter performs the best of all
spectral slope features [9, 10], but it can have problems with
high pitched female voices as the second harmonic falls in the
region of the first vocal tract resonance. In this paper, the ability
of the proposed LFSD feature in quantifying the type of phona-
tion is investigated.

The organization of the paper is as follows: Section 2 intro-
duces the new low frequency spectral density feature proposed
for the analysis and detection of different phonation types. The
speech data used for the analysis of different phonation types is
described is Section 3. The ability of the LFSD feature in quan-
tifying the continuum in phonation types is studied. A com-
parison with some of the popular features used in the analysis
of phonation types is also provided. The usefulness of the pro-
posed feature in identifying the phonation type is studied in Sec-
tion 4. The classification performance of the different features
quantifying the phonation types is studied.

2. Low frequency spectral density
Breathy voices have a higher open quotient compared to modal
voices, whereas pressed voices have the least. This results in
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Figure 1: Normalized magnitude spectra of the vowel [a] ut-
tered by a female speaker for breathy, modal and pressed phona-
tion types.

an increase in low frequency energy below the first vocal tract
resonance, at around the glottal resonance, for breathy voices
as compared to modal or pressed voices. The short-time spec-
tra of the vowel [a] uttered by a female speaker in three differ-
ent phonation types (breathy, modal and pressed) are shown in
Fig. 1. A 10 ms Hamming windowed segment excised from the
center of an isolated utterance of the vowel is used for each of
the phonation type. The magnitude spectra are normalized to
unit area before plotting. It can be seen that there is clear differ-
ence in the spectral density among the three phonation types at
low frequencies below the first resonance of the vocal tract.

The low frequency spectral density of a segment of speech
data x[n] is computed as

LFSD =

∑ωc
0 |X(ω)|∑π
0 |X(ω)| (1)

where X(ω) is the discrete time Fourier transform (DTFT) of
x[n], and ωc is the cut-off frequency. The cut-off frequency
should be less than the first vocal tract resonance and higher
than the glottal resonance. Window segments of lengths less
than two pitch cycles highlight this phenomenon better. Longer
window segments introduce strong harmonics in the short-time
spectrum which makes it difficult to capture this difference in
low frequency energy, especially in female voices. Also, using
a Hamming window works better to reduce the ripples intro-
duced due to truncation. A window size of 10 ms and a cut-off
frequency of 200 Hz are chosen for experiments in this paper,
based on empirical evidence.

3. Analysis of features for phonation
detection

3.1. Dataset

The speech data used in this study consists of 8 different Finnish
vowels uttered in 3 different phonation types (breathy, modal
and pressed) by 6 female and 5 male speakers [9, 10]. Each of
the vowel is uttered 3 times making it a total of 792 isolated
vowels. The data originally recorded at 44.1 kHz in a anechoic
chamber is downsampled to 16 kHz before analysis. More de-
tails of the dataset is given in [9, 10].

3.2. Analysis of features

The distribution of different features and their ability to
separate the three phonation types is studied in this section.
The features considered for analysis are the LFSD, NAQ,
H1-H2, band harmonic-to-noise ratio (HNR), wavelet peak
slope (PS) [10], and normalized wavelet peak slope (NPS).
The band HNR is the ratio of harmonic to noise energy in
the third ERB band, when the spectral range of 0 to 8 kHz is
divided into 5 equal bands on the ERB scale. This corresponds
to a band ranging from about 900 Hz to 2150 Hz on the
linear frequency scale. Band HNR is included for analysis
as the usefulness of this parameter is not well studied, and it
could be of help in identifying some phonation types such as
breathy and creaky. The HNR measure from the third band
(denoted as HNR3 henceforth) is presented here, as it seems to
contribute the most compared to the other bands. Peak slope
measure derived from the outputs of a wavelet filter bank has
been recently proposed, and has been shown to perform better
than NAQ for the classification of breathy, modal and pressed
phonation types [10]. This measure implemented as mentioned
in [10] is sensitive to the signal intensity. Speech recorded by
a single speaker tend to be typically of lesser amplitude during
breathy phonation than during modal phonation, with pressed
phonation having the highest amplitude. In order to remove
the bias of signal intensity from the peak slope feature, a
normalized measure of the feature is computed by dividing the
segment of speech (vowel segment in this study) by its absolute
maximum amplitude, before computing the peak slope feature.

The distributions of the proposed LFSD feature and the
other features mentioned above are given in Fig. 2. All fea-
tures are computed at a frame shift of 5 ms. The NAQ, H1-H2
and HNR3 are computed using the iterative adaptive inverse fil-
tering (IAIF) method proposed for estimation of glottal source
parameters [14], using a window length of 25 ms. The PS and
NPS features are also computed for every window segment of
25 ms, while the LFSD feature is computed from 10 ms win-
dow segments. It can be seen that LFSD values are the high-
est for breathy phonation and the least for pressed phonation.
The distribution of the LFSD scores show a good monotonic
separation of the phonation types under consideration. As has
been observed previously, NAQ seem to have the best separa-
tion among all features. The H1-H2 and HNR3 features show
decent separation of phonation types if not the best. The peak
slope feature shows a very good separation, but the normalized
peak slope feature seem to perform the worst.

Spearman rank correlation coefficient (ρ) gives a good mea-
sure of a parameter’s (say a feature) ability to grade or relate
to another parameter (say voice quality) as a monotonically in-
creasing or decreasing function. It also gives a measure of sep-
arability of the voice qualities using the feature under consider-
ation. A value of ±1 indicates perfect monotonicity and hence
perfect linear separation. The sign indicates whether the mono-
tonicity is increasing or decreasing. The Spearman correlation
values for the different features being investigated is shown in
Fig. 3. The scores are plotted for the complete set of 11 speak-
ers, as well as male-only and female-only sets. It can be seen
that the LFSD and PS features come close to NAQ, while the
NPS feature ranks poorly. Also the decreasing monotonicity of
the peak slope feature is disturbed after normalization, as can
be seen from the PS and NPS distributions in Fig. 2. The HNR
feature seem to provide the least separability of all the features
compared. It is interesting to see that the H1-H2 feature per-
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Figure 2: Distribution of features for three different phonation
types, breathy, modal and pressed using box plots. The hori-
zontal line within the box denotes the median, and the box cov-
ers one quarter of the data on either side of the median. The
whiskers on either side cover all points within 1.5 times the in-
terquartile range (width of the box), and points beyond these
whiskers are plotted as outliers.

Figure 3: Spearman correlation between phonation type and the
various features computed over all speakers, male speakers, and
female speakers.

Figure 4: Spearman correlation of different features for individ-
ual speakers. M1-M5 denote male speakers and F1-F6 denote
the female speakers.

forms poor for female speakers, while it performs as good as
NAQ for male speakers. This is possibly due to the overlap of
the second harmonic and the first resonance of the vocal tract
for a female voice.

In applications such as style diarization within an audio
book, it is typically a single speaker changing his voice quality
to express different emotions and style. Hence it would be of in-
terest as to how these features perform on individual speakers.
The Spearman correlation values for the individual speakers are
shown in Fig. 4. It is obvious that no single feature performs
consistently better for all speakers, and also perform equally
well for all speakers. It can be seen that the proposed LFSD fea-
tures seem to have better scores than NAQ for 4 female (F1, F2,
F4, F5) and one male speaker (M4). It is interesting to note that
NAQ performs well for most speakers, whereas it performs re-
ally poor for the speaker M4. Investigation of the distribution of
NAQ scores for the speaker shows a decent separation between
modal and pressed phonation, but poor or no discrimination be-
tween modal and pressed phonation. Informal listening tests do
reveal perceivable changes in voice qualities. It is interesting
to note that the LFSD and HNR features show better separation
of the phonation types for the speaker M4 compared to NAQ,
though not the best compared to other speakers.

4. Classification experiments
The usefulness of the proposed LFSD feature, and the HNR
feature, is studied using classification experiments. A simple
linear classifier based on linear discriminant analysis is used to
find the best separation on training data, using the leave-one-
speaker-out strategy. Linear classifiers are used in these experi-
ments since the features are expected to quantify the phonation
types as a monotonic function. Complex nonlinear classifiers
may overfit the training data, and may also give deceptively
high results on the test data. The median value of a feature
within each vowel is used to represent the phonation type of the
vowel. The performance of different features in identifying the
correct phonation type of a vowel is given in Fig. 5. It can be
seen that NAQ performs the best, comparable to that reported
(about 65%) in [10], but the performance of H1-H2 is consid-
erably low compared to that reported (about 63%) in [10] on
the same dataset. Their results could be due to the fact that the
vowel dataset was reduced to around 60% of the original size
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Figure 5: Leave-one-speaker-out phonation classification per-
formance using an LDA classifier for training data and test data.

Figure 6: Classification performance of ‘Breathy vs Modal’ (B
vs M) and ‘Pressed vs Modal’ (P vs M) linear classifier, as
against the three class classifier (B vs M vs P).

based on mismatch in perceptual ratings by three listeners ex-
perienced in voice quality research. No such pruning is done in
the current classification experiments. The proposed LFSD fea-
ture performs much better than the H1-H2 feature, even though
it does not perform as good as the NAQ feature. It can be seen
that the normalized peak slope feature performs significantly
poor compared to the unnormalized peak slope feature. The
HNR feature seems to perform the worst of all the features,
probably just as good a performance one could get by classi-
fying all data into one single class. It is not very bad, as it is to
be noted that an unbiased classifier can give a score as bad as
0% correct classification.

The HNR feature was chosen for investigation as it could
provide some complimentary evidence that the NAQ or LFSD
features may not provide. In order to investigate the possible use
of HNR feature, the 3-class classification experiment was split
into two separate 2-class experiments, trying to identify breathy
and pressed phonation types individually against modal phona-
tion. Fig. 6 shows the results of breathy-vs-modal and pressed-
vs-modal classification as compared to the 3-class classification.
As expected the results are much better for 2-class separation.
But it is interesting to see that the HNR feature works exceed-
ingly well in discriminating breathy phonation from modal, as
compared to its ability in discriminating the pressed and modal
phonation types. This demonstrates the usefulness of the HNR
feature which captures the turbulence that could be present in
the acoustic signal which may not otherwise be captured by
features such as NAQ or LFSD. This HNR feature could be of
use in identifying creaky phonation as well, as it can capture

the aperiodic nature of glottal pulses during creaky phonation.
Combining this HNR feature with NAQ or LFSD feature within
the linear classifier framework gives some improvement in the
separation of breathy and modal phonations. Combination of
NAQ and LFSD features do not seem to improve the classifica-
tion results probably indicating that they provide similar infor-
mation.

5. Conclusions
A new simple to compute feature was proposed for the discrimi-
nation of breathy, modal and pressed phonation types. The pro-
posed low frequency spectral density feature is based on the
observation that the higher the open quotient the higher is the
spectral density at frequencies around the glottal formant. It was
shown that the LFSD feature can perform better than the NAQ
feature for some speakers, and gives a reasonable performance
for speakers where the NAQ may completely fail. The LFSD
feature was shown to perform better than the H1-H2 feature, es-
pecially for female voices. It is interesting to note that both the
LFSD and H1-H2 features try to capture the same acoustic man-
ifestation of a phonation type. The use of HNR as a feature to
quantify the phonation type was investigated. It was shown that
the HNR feature can provide complimentary information for the
separation of breathy and modal phonations. One possible lim-
itation of the LFSD feature is that the range of values may vary
across different recording setup. This is true for most features
which characterize spectral slope including the H1-H2 feature.
But the discrimination among the phonation types would still
be preserved within a homogeneous recording setup such as an
audio book. It is generally observed that the performance of
features for identifying the phonation types deteriorates signif-
icantly for an SNR below 10 dB. While the performance of the
proposed LFSD feature needs to be studied for different types
of noise, at different SNRs, they can still be used for a quick
annotation of audio books which generally have a good signal
quality.
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