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Abstract
HMM-based speech synthesis offers a way to generate speech
with different voice qualities. However, sometimes databases
contain certain inherent voice qualities that need to be
parametrized properly. One example of this is vocal fry typi-
cally occurring at the end of utterances. A popular mixed exci-
tation vocoder for HMM-based speech synthesis is STRAIGHT.
The standard STRAIGHT is optimized for modal voices and
may not produce high quality with other voice types. Fortu-
nately, due to the flexibility of STRAIGHT, different F0 and
aperiodicity measures can be used in the synthesis without any
inherent degradations in speech quality. We have replaced the
STRAIGHT excitation with a representation based on a robust
F0 measure and a carefully determined two-band voicing. Ac-
cording to our analysis-synthesis experiments, the new param-
eterization can improve the speech quality. In HMM-based
speech synthesis, the quality is significantly improved espe-
cially due to the better modeling of vocal fry.
Index Terms: speech synthesis, hidden Markov models, vocal
fry, mixed excitation, STRAIGHT

1. Introduction
Hidden Markov model (HMM) based text-to-speech (TTS) [1]
provides a framework for flexible modeling and synthesis of
different voices and voice qualities. Voice quality can be under-
stood in many ways, but in this paper, we consider voice quality
related to vocal fold vibration. Widely accepted types of phona-
tion include modal, falsetto, breathy, and vocal fry [2]. In this
paper, we focus on the case of vocal fry.

Vocal fry (glottal fry, creaky voice) refers to a voice qual-
ity characterized by a low and rather irregular rate of vocal fold
vibration. Fundamental frequency (F0) is lower than in modal
voice (normal phonation). A typical use of vocal fry is as an
utterance final preboundary marker. Speech databases can in-
herently contain this kind of creaky endings. Using vocal fry at
the end of an utterance in a proper way in TTS makes the result
more natural.

For HMM-based TTS, speech must be parameterized.
A widely used speech model is source-filter decomposition.
Voice quality is mainly manifested in laryngeal features, i.e.
in the source. A vocoder using a binary voiced/unvoiced de-
cisions without any other measure of the source signal cannot
capture the voice quality. In the HMM-based Speech Synthesis
System (HTS) [3] version 2.1, mixed excitation [4] provided by
STRAIGHT analysis and synthesis framework [5] is used. The
use of mixed excitation provides a more natural speech quality
compared to early versions using only binary voiced/unvoiced
decision without any aperiodicity measure. Alternatively, good
synthesis quality can be obtained by modeling the glottal source
from the speech production point of view (e.g. [6]).

Overall, the success of the HMM-based speech synthesis
depends on the success of the parameterization. If the speech
analysis fails in extracting certain parameters, the synthesis can-
not perform well either. This is also a problem with speech
containing vocal fry. Due to differing phonation of modal voice
and vocal fry, the F0 extraction algorithms finetuned for modal
speech may fail in extracting F0 contours for the vocal fry seg-
ments. If erroneous F0 values, or no F0 values at all, are ex-
tracted for the training data, no proper models can be built. The
averaging effect of HMM clustering even causes the problem
to spread on longer segments in synthesis. The same problem
applies for the mixed excitation measures.

A widely used analysis and synthesis framework is
STRAIGHT [5]. It provides a high quality estimate of
the speech spectrum envelope. In the current version of
STRAIGHT, modeling of mixed excitation is also supported.
According to our experiments, F0 and aperiodicity analysis of
the standard STRAIGHT configuration tend to fail in vocal fry
degrading the synthesis quality. Additionally, not all the voices
are modal enough for high quality aperiodicity parameteriza-
tion in STRAIGHT analysis. Thus, the usage of more non-
parametric (waveform-based) features for the glottal source can
be a better choice. We propose to replace the F0 and aperiod-
icity of STRAIGHT with a more waveform-based parameteri-
zation while still using the STRAIGHT spectrum. Aperiodicity
is replaced with a model of two-band voicing in a similar man-
ner to [7]; the frequency band is divided into a lower voiced
frequency band and an upper unvoiced frequency band based
on the estimated voicing cut-off frequency. In this paper, we
propose the use of a voicing cut-off frequency estimation based
on minimizing the resulting modeling error. A simple carefully
set cut-off frequency value is shown even to improve the analy-
sis/synthesis performance. This parameterization is able to pro-
vide consistent feature extraction also for the fry segments while
maintaining the high-quality for other segments.

This paper is organized as follows. Section 2 describes
the characteristics of vocal fry and the problems it causes in
STRAIGHT analysis. The proposed waveform-based estima-
tion for F0 and voicing cut-off frequency are described in Sec-
tion 3. Section 4 presents the evaluation of the proposed pa-
rameterization in both analysis/synthesis and HMM-based TTS
framework. Section 5 concludes the paper.

2. Vocal fry in speech analysis
2.1. Vocal fry characteristics

Vocal fry [8] is a voice quality characterized by a low and rather
irregular rate of vocal fold vibration. Depending on the lan-
guage, vocal fry may have a role as a functional, idiolectal, or
emotional feature in speech. It can indicate e.g. different lex-
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ical meanings, end of an utterance or a turn, pause filling, or
speaker’s uncertainty or hesitation [9].

Fundamental frequency of vocal fry is below the fundamen-
tal frequency of a modal voice, typically below 70–90Hz for
both female and male speakers [9]. Glottal excitation in vocal
fry consists of a short open phase and a longer closed phase [2].
Speech waveform is characterized by strong damping between
two adjacent glottal pulses [8]. Long pitch periods combined
with strong decay between the excitation pulses make single
pulses detectable. This results in a popping sound that is char-
acteristic of vocal fry.

2.2. STRAIGHT analysis

In STRAIGHT analysis [5], speech waveform is decomposed
into a F0 contour and a spectrum with no periodic interferences
in time or frequency domain. In the current version [10], mixed
excitation is also supported by introducing an aperiodicity map
estimated from the residuals between harmonic components.

The spectrum is estimated from the speech signal by us-
ing pitch-adaptive time windows and complementary windows
for reducing periodic interferences and phase variations of har-
monic components in time domain. In addition, inverse filter-
ing is used for removing frequency domain interference while
preserving harmonic components [5]. The extraction algorithm
for F0 and aperiodicity measure is described in [11]. In the
first phase of this two-step extraction procedure, an instanta-
neous frequency-based estimate is produced. The selection of
the best F0 estimate is done based on the maximum carrier-to-
noise (C/N) ratio. In the second phase, the initial estimate is
refined by harmonic component analysis. Furthermore, an esti-
mate for the signal aperiodicity is produced.

2.3. STRAIGHT performance for vocal fry

According to [11], the F0 extraction performance of the
STRAIGHT analysis in female speech is competitive with or
even better than in the conventional methods. However, for the
Finnish speech database used in the evaluations of Section 4,
vocal fry endings, occurring in part of the utterances, cause
problems in F0 extraction. In preliminary evaluation, gener-
ally no correct F0 value was extracted for fry segments. These
segments were typically detected as unvoiced even when the
F0 threshold was set to significantly low level. Based on man-
ual extraction, F0 of 40–70Hz typically occurred in the fry seg-
ments. Most of the time, the algorithm was able to find suitable
initial candidates for F0 in vocal fry segments. Nonetheless,
these segments were typically classified as unvoiced. Problems
in F0 extraction also affect the aperiodicity computation, further
reducing the re-synthesis quality.

An example of failed F0 extraction in vocal fry is presented
in Figure 1. Figure 1 represents an utterance final signal wave-
form for a sentence ending with the words ’. . . tahi muualla’
(vocal fry part underlined in the transcription) and its F0 con-
tour extracted by STRAIGHT. Even though all the phonemes
of the last word are voiced, no F0 is extracted for the inter-
val 5.95–6.15s. Manually extracted fundamental periods of
this segment vary from 15ms to 26ms corresponding to F0 of
38–67Hz.

An improved extraction algorithm integrating estimates
from instantaneous frequency-based extraction and interval-
based extraction is introduced in [12]. Even when using this
method, the vocal fry segments of the database were often de-
tected either as unvoiced or voiced with too high F0 value.
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Figure 1: Waveform and F0 contour extracted by STRAIGHT
for an utterance final segment ’. . . tahi muualla’.

3. F0 and voicing estimation

In the proposed approach that is aimed for robust processing of
vocal fry, the estimation of F0 and voicing for a given frame
of speech begins with frequency-domain pitch estimation. A
variable-length window based on the previous F0 value is ap-
plied for calculating Fourier transform, and a frequency-domain
metric is computed for all the integer-length pitch periods using
a sinusoidal speech model matching based approach that par-
tially follows the ideas presented in [13]. Then, a time-domain
metric measuring the similarity between successive pitch cycles
is computed for a fixed number of pitch candidates that received
the best frequency-domain scores. The actual pitch estimate is
obtained using these two metrics together with a pitch tracking
algorithm that considers a fixed number of potential pitch can-
didates for each analysis frame. As the final step, the obtained
pitch estimate for a given frame is further refined using a sinu-
soidal speech model matching based technique to achieve better
than one-sample accuracy that is necessary for perceptually ac-
curate F0 modeling.

Once the final refined pitch value has been estimated, the
next step is to estimate voicing. Again, the estimation is per-
formed using the frequency domain representation generated by
applying variable-length windowing and fast Fourier transform
(FFT). The voicing information is derived for the residual spec-
trum through the analysis of voicing-specific spectral properties
separately at each harmonic frequency. In particular, a voicing
likelihood is computed for every harmonic by estimating the
degree of harmonic structure based on the correlation between
the spectral shape of each band and the corresponding spectral
shape of the variable-length window. Finally, to simplify the
representation to a single voicing parameter, a voicing cut-off
frequency is determined by minimizing the resulting modeling
error.

Figure 2 illustrates the extracted F0 contour for utterance fi-
nal vocal fry extracted by the proposed method. The sentence is
the same as in Figure 1. In Figure 2, most of the fry (5.95–6.15s)
is classified as voiced.
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Figure 2: Waveform and F0 contour extracted by the proposed
method for an utterance final segment ’. . . tahi muualla’.

4. Evaluations
4.1. HMM-based speech synthesis system

Model training and parameter generation were done using HTS
[3] version 2.1. The adaptation of HTS for Finnish is described
in more detail in [14]. A Finnish speech database of 80 minutes
recorded by a female speaker was used for the HMM training.
The database sentences were recorded in a vivid style leading to
the occurrence of the vocal fry at the end of the utterances. Fea-
tures employed in the training are described in Section 4.2. All
the features were augmented with their deltas and delta-deltas.

4.2. Speech parameterization

For both the analysis/synthesis and HMM-based TTS tests, two
different parameterizations were considered:

• Baseline: STRAIGHT spectrum represented as Mel-
cepstral coefficients of order 39, STRAIGHT F0, and
mean STRAIGHT aperiodicity of the five bands as in
[4].

• Proposed: STRAIGHT spectrum represented as Mel-
cepstral coefficients of order 39, proposed F0, and pro-
posed two-band voicing cut-off frequency.

In both cases, the spectrum was extracted using the F0 estima-
tion provided by STRAIGHT. An analysis update interval of
5ms was used for both approaches.

4.3. Quality evaluation

Eight naive listeners rated the speech quality in a Mean Opin-
ion Score (MOS) test. Recorded speech (Natural) as well
as the result of the analysis/synthesis (A/S) for the baseline
(A/S-baseline) and proposed parameterization (A/S-proposed)
were evaluated with 10 same sentences for each. In ad-
dition, 14 sentences from HMM-based speech synthesis us-
ing the baseline (HTS-baseline) and proposed (HTS-proposed)
parameterization were rated. Both sentence sets were se-
lected randomly and the selection was not restricted by
the requirement of vocal fry occurrence. Because dura-
tions play a significant role in Finnish speech, the same
phoneme durations were assigned for both sentences in HMM-
based TTS by using the same duration tree in parame-
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Figure 3: Mean opinion scores with 95% confidence inter-
vals for subjective evaluation using rating 1-5 (1=Bad, 2=Poor,
3=Fair, 4=Good, 5=Excellent).

ter generation. The readers can listen to the audio sam-
ples available at http://www.cs.tut.fi/sgn/arg/
interspeech09/vocal_fry.html.

All sentences (62 in total) were evaluated together and pre-
sented to the subjects in a random order. The mean scores for
the MOS test are shown in Figure 3 with 95% confidence in-
tervals. The absolute values are not important but rather the
distances and confidence intervals between the approaches.

In both A/S and HMM-based speech synthesis, the pro-
posed parameterization can be concluded to result in better
quality when considering 95% confidence intervals. The re-
sults confirm that replacing the glottal source parameterization
does not degrade the quality but actually improves it. In A/S
samples, the vocal fry plays only a relatively minor role and in
our opinion, the improvement shows that the proposed approach
provides a more suitable aperiodicity measure also for non-fry
segments.

4.4. Comparison test

The relative quality of the proposed and baseline parameteriza-
tion in HMM-based TTS was further evaluated using a pairwise
comparison test. In the evaluation, eight listeners were asked to
compare 16 randomly ordered synthesized sample pairs. Each
pair consisted of a sentence generated using both the proposed
and the baseline parameterization. The evaluation sentences
were selected randomly as in Section 4.3. The use of global
variance mainly improves the speech spectrum [15] and may
cause problems in F0. Global variance was not therefore con-
sidered in the parameter generation. Instead, postfiltering was
used.

The results of the comparison test are shown in Table 1.
As can be seen, the proposed approach clearly outperformed
the baseline system. The proposed parameterization was pre-
ferred 89.8% of the time while the preference percentage for
the baseline approach was 2.3%. The main reason for the poor
perfomance of the baseline was the major problems in vocal fry
parts. The effect of the unvoiced classification of the fry parts
was spread over the whole last word.

An example of the HMM-based synthesis result for both (a)
the baseline speech model and (b) the speech model using the
proposed excitation parameterization is illustrated in Figure 4.
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Figure 4: Utterance final vocal fry in a synthesized sentence
’. . . ollut asiaa’ using (a) the baseline (b) the proposed param-
eterization.

The synthesized sentence was not included in the training data.
In (b) the vocal fry of the last word has been successfully syn-
thesized whereas in (a) the whole last word is rather noisy and
lacks periodicity although the word consists mainly of vowels.
In modal phonation, no major differences exist.

Table 1: Comparison test preference and 95% confidence inter-
vals for the proposed and baseline parameterizations in HMM-
based speech synthesis.

Percentage
Preference for proposed 89.8% ± 5.3%
No preference 7.8% ± 4.7%
Preference for baseline 2.3% ± 2.7%

5. Conclusions
In speech synthesis, it is beneficial to be able to use differ-
ent kinds of speech databases with expressive quality. Conver-
sational or vivid databases usually contain non-modal speech
like vocal fry that makes the parameterization more challeng-
ing, and cause problems for conventional approaches such as
STRAIGHT. Due to the averaging effect of model training
and clustering, the problems become even more emphasized
in HMM-based speech synthesis. In this paper, we have pro-
posed a new approach for F0 and aperiodicity estimation to be
combined with the STRAIGHT spectrum in HMM-based TTS.
The proposed method is especially suitable for robust process-
ing of vocal fry. It was verified through listening tests that
the new parameters did not cause quality degradation in anal-
ysis/synthesis. Further, the proposed configuration was shown
to clearly improve the quality of HMM-based speech synthesis
over the baseline configuration.
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