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Abstract
Modern statistical speech processing frameworks require the
speech signals to be translated into feature vectors by means
of vocoders. While features representing the amplitude enve-
lope already exist (e.g. MFCC, LSF), parametrizing the phase
information is far from straightforward, not only because it is a
circular data, but also because it shows an irregular behaviour in
noisy time-frequency regions. Thus, many vocoders reconstruct
speech by using minimum phases and random phases, relying
on a previous voicing decision. In this paper, a phase feature
is suggested to represent the randomness of the phase across
the full time-frequency plan, in both voiced and unvoiced seg-
ments, without voicing decision. Resynthesis experiments show
that, when integrated into a full-band harmonic vocoder, the
suggested randomization feature is slightly better, on average,
to STRAIGHT’s aperiodicity. In HMM-based synthesis, the re-
sults show that the suggested vocoder reduces the complexity of
the analysis and statistical modelling by removing the voicing
decision, while keeping the perceived quality.
Index Terms: Speech synthesis, harmonic model, phase mod-
elling, parametric speech synthesis.

1. Introduction
Applications like speech coding [1] require representations us-
ing a set of features yielding all the perceived characteristics
in synthesis. In speech transformation [2, 3, 4] and synthesis
[5], speech models must also allow high-quality manipulation.
Accordingly, features must be linked to the way speech is pro-
duced and perceived. Moreover, recent statistical trends are also
encouraging speech representations with a constant number of
parameters and with good mathematical properties [5].

Sinusoidal models [2] are one of the most popular speech
representations. They decompose the signal into a number of si-
nusoids given by their frequency, amplitude and instantaneous
phase. Among them, harmonic models [4] assume the fre-
quencies to be integer multiples of a fundamental frequency
f0(t), thus solving the frequency matching between successive
frames. Harmonic models have been widely used in different
applications [6, 7]. Recently, continuous full-band harmonic
models have been shown to achieve excellent quality in resyn-
thesis [8, 9], while representing both voiced and unvoiced seg-
ments in the same way, thus, simplifying processing techniques
[9]. Unfortunately, sinusoidal parameters are not suitable for
modern statistical frameworks because amplitude and phase pa-
rameters lie on the harmonic grid which depends on f0(t) [10].
This problem is easily overcome for amplitudes, which can be
interpolated and parametrized as spectral envelopes [11, 12].
However, the instantaneous phase constantly wraps across time
because of the frequency integral; in addition, it exhibits an ir-
regular behaviour in noisy time-frequency regions. This makes
phase envelopes tricky to estimate [13]. Consequently, standard

parametrizations used in statistical frameworks tend to oversim-
plify the phase information, using a minimum-phase component
derived from the amplitude envelope and complementary pa-
rameters related to the degree of harmonicity in different time-
frequency regions [14, 15, 16], the voiced/unvoiced decision be-
ing of crucial importance [17, 15, 13, 16]. To exploit the poten-
tial of the continuous full-band harmonic model in statistical
frameworks, phase information needs to be coded in a uniform
way regardless of the local degree of harmonicity. Ultimately,
ideal phase features should convey both waveform-related in-
formation and noisiness information. However, even though the
perceptual importance of phase has been demonstrated in the
general case [18, 19, 20, 21], that of waveform-related phase
information is still source of controversy in speech processing
[22, 23]. Therefore, in the first stage of this work we decided
to focus only on the representation of noisy time-frequency re-
gions by means of phase.

In this paper, we suggest to model the noisiness of the
speech signal in a continuous manner across time and frequency
by controlling the randomness of the instantaneous phase. The
method is inspired by phase randomization techniques that al-
ready existed for coding [24, 25]. To estimate the instanta-
neous phase from the waveform, the adaptive Harmonic Model
(aHM) is employed in this work [8]. We use the concept of
Phase Distortion (PD) [26, 27], which is related to the Rela-
tive Phase Shift (RPS) [28, 22], to extract meaningful charac-
teristics from the instantaneous phase. We use PD because it
has been shown to be directly linked to the shape of the glot-
tal pulse through the maximum-phase component of the signal
[26]. We then estimate the phase randomness feature across
the full time-frequency space by computing the PDs standard-
Deviation (PDD) on a short-term sliding window. This novel
approach has the following advantages: (i) During analysis, it
allows to represent harmonic and noise components that overlap
in both time and frequency. This avoids binary voiced/unvoiced
decisions, which are error-prone and result in misclassification
and then audible artifacts [29]. (ii) During synthesis, since we
generate noise through phase randomization, it avoids an inde-
pendent synthesis of harmonics and noisy components [14, 30].
This provides a solid and uniform framework, thus avoiding
artifacts near the voicing boundaries and risks of synthesizing
perceptually independent sounds[10, 31]. (iii) It can be eas-
ily made compatible with statistical frameworks. For statistical
parametric synthesis, given the continuous nature of the sug-
gested feature, the use of multi-space distributions (MSD) [32]
can be avoided, as suggested in [33]. In that sense, the training
and generation procedures are simplified.

The next sections describe the feature based on PD’s
standard-Deviation (PDD). Then, the evaluation section shows
the importance of the feature and demonstrates the feasibility of
the suggested representation for speech synthesis.



2. Instantaneous phase representations
Given the speech waveform s(t), we assume that its f0(t) curve
is known a priori. In this work, the STRAIGHT method is used,
which allowed fair comparisons during evaluations. Sinusoidal
parameters are first estimated, N times per period, at analysis
instants:

ti = ti−1 +
1

N

1

f0(ti)
with t0 = 0 (1)

In this work, we choseN = 4, which ensures a minimal number
of analysis instant for short-term statistical characterization. In
a Blackman window of 3 pitch periods around each ti, the aHM
model represents the full-band of the analytic signal si(t) by
[8]:

si(t) =

Hi∑
h=1

ai,h · ej(hφ0(t)+φi,h) (2)

where i is the frame index, Hi = b0.5fs/f0(ti)c, ai,h is the
real-valued amplitude of the hth-harmonic, φi,h is the instanta-
neous phase and φ0(t) is a real function:

φ0(t) =
2π

fs

∫ t

ti

f0(τ)dτ (3)

where fs denotes the sampling frequency. In [8], it has been
shown that aHM can represent both voiced and unvoiced seg-
ments uniformly, without voicing decision, assuming that an
f0(t) curves can be obtained in unvoiced segments in a con-
trolled range ([60Hz, 500Hz] in our study). Additionally, to-
gether with its harmonic tracking algorithm[8], this model pro-
vides almost always the most accurate and precise sinusoidal
parameters compared to state-of-the-art methods. Eventually,
this accuracy might not be critical for obtaining the results pre-
sented in this paper. However, this allows to minimize the influ-
ence of the sinusoidal parameter estimation on the results and,
thus, to strengthen the link between the suggested phase fea-
ture and the results obtained. Finally, the resynthesis obtained
by aHM is almost indistinguishable from the original record-
ing [8], which ensures that the aforementioned properties come
with no perceptual degradation. However, aHM cannot be used,
as it is, in statistical approaches because φi,h wraps constantly
across time. In this paper, using the parameters f0(ti), ai,h and
φi,h, the goal is to represent the extent of phase randomness into
a feature, that we assume to be the most perceived characteristic
of φi,h. Modelling the amplitude is not the subject of this work.
Thus, we used a simple linear interpolation of ai,h across fre-
quency in order to build an amplitude spectral envelope Ai(f).
We also assume that Ai(f) approximates the Vocal Tract Filter
(VTF) response, which is assumed to be minimum-phase. Thus,
∠Ai(f) can be retrieved through the real cepstrum [34]. The
following sections address the construction of the phase feature,
which has to carry the property of randomness of φi,h.

2.1. Model of the instantaneous phase
Models of φi,h have been already suggested, for phase synchro-
nization between frames [35, 36] and speech coding [24, 25]. In
this paper, we suggest to use a model similar to that in [25]:

φi,h =

voice source︷ ︸︸ ︷
θi,h︸︷︷︸

source shape

+h
2π

fs

∫ ti

ci

f0(τ)dτ︸ ︷︷ ︸
linear phase

+

filter︷ ︸︸ ︷
∠Ai(hf0(ti)) (4)

whose terms are described here below. In voiced segments, the
glottal pulse has a shape which is mainly a maximum-phase

component [37]. In unvoiced segments, one can assume that
this shape is basically random. Moreover, from one frame to
the next, this random shape also changes randomly. The source
shape term θi,h represents this shape for both voiced and un-
voiced cases. In speech processing techniques, a reference time
instant ci is often used for each glottal pulse (e.g. Glottal Clo-
sure Instant (GCI), energy local maximum of a residual signal,
pitch pulse onset [2, 24]). Even though such a definition is
necessary for many approaches, we will show that this value
is discarded when using the RPS [28, 22], as employed in this
work. Nevertheless, since the analysis is not pitch synchronous
(ci 6= ti), the delay between ti (the window’s center) and the
position of the source shape has to be represented by a linear
phase. Here, the integral form is used since f0(t) is not constant
in the analysis window when using aHM. Finally, according to
the voice production, the voice source is convolved by the vo-
cal tract impulse response. Thus, the minimum-phase ∠Ai(ω)
adds to the model.

2.2. Motivations for using the Phase Distortion (PD)
In order to address the wrapping of the harmonic phase values
φi,h from one ti to the next (due to the linear phase term), the
RPS has been suggested[22], which is expressed as:

RPSi,h = φi,h − hφi,1 (5)

To further analyze the results of this computation, the estimated
φi,h in (2) can be replaced by its model from (4):

RPSi,h = θi,h + h 2π
fs

∫ ti
ci
f0(τ)dτ + ∠Ai(hf0(ti))

−h ·
(
θi,1 + 2π

fs

∫ ti
ci
f0(τ)dτ + ∠Ai(f0(ti))

)
= θi,h − hθi,1 + ∠Ai(hf0(ti))− h∠Ai(f0(ti))

(6)
Eq. (6) shows that the linear phase is discarded. This is con-
venient since this term has no significant perceptual content be-
sides its derivative, the fundamental frequency f0(t), which is
already known. Moreover, ci is also discarded, so that there is
no need to estimate any GCI or pitch pulse onset, which avoids
drawbacks of misestimation of such time instants. The RPS can
also be computed on the Linear Prediction (LP) residual, thus,
removing most of the contribution of the VTF. Similarly, let’s
define: φ̃i,h = φi,h −∠Ai(hf0(ti)). Thus, (6) reduces to:

R̃PSi,h = φ̃i,h − hφ̃i,h = θi,h − hθi,1 (7)

In (7), only the source shape and the harmonic number h re-
main. This harmonic number is still inconvenient because it be-
longs to the harmonic structure which should be removed. Ad-
ditionally, the harmonic number increases the RPS variance to-
wards high frequencies, thus, drowning the variance of θi,h into
that of θi,1. Computing the phase difference between harmonics
alleviates this issue. The phase difference between two compo-
nents is known as Phase Distortion (PD) [20], whose general
perceived characteristics are already known [18, 19, 20]. Using
a harmonic model, the PD between consecutive harmonics is
equal to a finite difference, which is also similar to the group-
delay[21, 38, 39]. Additionally, we recently suggested to use
the PD on (7) for glottal parameter estimation [26, 27]. The
rather complicate equation in [26] is actually equal to:

PDi,h = ∆
h

R̃PSi,h =
(
φ̃i,h+1 − (h+ 1)φ̃i,1

)
−
(
φ̃i,h − hφ̃i,1

)
(8)

where ∆
h

is the finite difference operator. Replacing φi,h (2) by

its model (4) leads to:

PDi,h = θi,h+1 − θi,h − θi,1 (9)



Compared to (7), the harmonic number h is removed. Conse-
quently, PD is only related to the source shape.

Even though the influence of h is drastically reduced in
PDi,h, the values are still defined on harmonic indices. In order
to obtain a continuous frequency scale, PDi,h is unwrapped and
linearly interpolated across frequency, i.e. PDi,h ⇒ PDi(f),
assuming that 512 frequency bins are sufficient to represent a
continuous scale for fs = 44kHz. For reason of simplicity, the
continuous notation will be used in the following.

2.3. Short-term PD standard-Deviation (PDD) feature
On a frame-by-frame basis, it has been shown that the sole
information carried by PDi(f) is sufficient to reconstruct an
instantaneous phase which has all the perceived characteris-
tics of φi,h [22]. However, through manipulation of PDi(f)
(time or frequency scaling, statistical models for speech synthe-
sis, voice conversion), the original statistical characteristics of
PDi(f) might not be preserved. Therefore, in this paper, in or-
der to preserve the noisiness in time-frequency regions, we sug-
gest to preserve the short-term standard-deviation of PDi(f) in
a feature used for synthesis. The short-term Phase Distortion’s
standard-Deviation (PDD) is computed over a sliding time win-
dow of PDi(f) values.

In voiced segments, the shape of the glottal pulse smoothly
changes. Thus, PDi(f) has a trend at each ti. In order to prop-
erly estimate PDD, which should represent only the noisiness
and not the trend, this trend has first to be removed from PDi(f).
Otherwise, PDD would be systematically overestimated. The
trend _PDi(f) is first obtained by computing an average PD value
over 2 periods, using the formula for circular data [40]:

_
PDi(f) = ∠

(
1

M

∑
m∈C

ejPDm(f)

)
(10)

where C = i− M−1
2
· · · i+ M−1

2
, and M = 9 (i.e. 2 periods).

According to informal listening of resynthesis (presented in the
next section), using 2 periods is necessary to quickly adapt the
PDD estimate to the variations of the speech signal, especially
in transients. Then, the PDD is computed by removing the trend
and using the formula for circular data [40]:

σi(f) = std
i∈C

(
PDi(f)−_PDi(f)

)
=

√
−2 log

∣∣∣ 1
M

∑
m∈C

ej(PDm(f)−
_PDm(f))

∣∣∣
(11)

with C and M as in (10). Finally, σi(f) is still dependent on
the time sampling imposed by f0(t) in (1). In order to remove
this dependence σi(f) is resampled each 5ms. Fig. 1 shows an
example of PDD computation.

2.4. Synthesis
The analysis described above provides, each 5ms, features
f0(ti), Ai(f) and σi(f), which allow to synthesize a speech
signal by the following way. Basically, the synthesis method is
similar to that used originally for aHM [8]. Each amplitude and
phase tracks, âh(t) and φ̂h(t) respectively, are first synthesized
independently of the others on a continuous time axis. Then,
they are added up all together, without using any windowing
scheme:

ŝ(t) =

H∑
h=1

âh(t) · cos(φ̂h(t)) · χ[hf0(t)<0.5fs](t) (12)

where H = argmaxib0.5fs/f0(ti)c and the indicator function
χ[hf0(t)<0.5fs](t) discards any harmonic segment whose fre-
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Figure 1: Example of feature extraction: The Phase Distor-
tion standard-Deviation (PDD) characterizes the noisiness of
the voice source.

quency is higher than Nyquist. In order to synthesize each am-
plitude harmonic track âh(t), the amplitude envelope is first
sampled at each harmonic frequency |Ai(hf0(ti))| and then in-
terpolated across time on a logarithmic scale. The synthetic
continuous phase track φ̂h(t) is reconstructed using f0(ti) and
σi(f). A synthetic PD is first built:

P̂Di,h =WN (0, σi(hf0(ti))) (13)

whereWN (0, σ) generates random values which obey a zero-
mean wrapped normal distribution of standard-deviation σ [25].
The synthetic RPS is then obtained:

R̂PSi,h = ∆
h

−1
P̂Di,h + ∠Ai(hf0(ti)) (14)

where ∆
h

−1 is the cumulative sum which compensates for ∆
h

in

(8). The continuous counterpart R̂PSh(t) is obtained by spline
interpolation of R̂PSi,h and φ̂h(t) finally results in adding the
linear-phase:

φ̂h(t) = R̂PSh(t) + h
2π

fs

∫ t

0

f0(τ)dτ (15)

where the low limit of the integral corresponds to the beginning
of the signal. Finally, the synthetic signal is obtained by (12).
In the following, the complete analysis/synthesis procedure will
be called Harmonic Model + Phase Distortion (HMPD).

In (2), the window used to estimate the sinusoidal parame-
ters over-smoothes their variance across time. Additionally, the
value M in eq. (11), which has to be small enough to follow
the time evolution of the PDD, limits the window of the PDD
estimate. Therefore, in practice, σi(f) is often underestimated.
This issue becomes perceptually important in fricatives where
the phase has to be fully randomized. To alleviate this prob-
lem, we simply suggest to amplify σi(f) when it passes a given
threshold. Through informal listening, we found that an am-
plification of 10 above a threshold of 0.75 properly reconstruct
the noisiness of fricatives while preserving the voiced segments
quality.



3. Evaluation
An original signal and its resynthesis are not perfectly time syn-
chronous, because the original linear phase is lost in (5) and is
only approximated by the integral of f0(t) in (15). Indeed, the
original and synthetic linear phase have the same derivative, i.e.
f0(t). However, an unknown constant exists between the two,
since the linear phase is built from the f0(t) integral. Conse-
quently, signal to Reconstruction Error Ratio (SRER) or objec-
tive measurements (e.g. PESQ [41]) can, thus, hardly assess the
resynthesis quality as they are sensitive to the waveform. There-
fore, in this paper, the evaluations are done using subjective lis-
tening tests [42]. The sounds used in the tests are available at:
http://gillesdegottex.eu/Ex2014hmpd

3.1. Quality of resynthesis
This first test was designed to mainly evaluate the perceived
quality in a simple analysis/resynthesis procedure, without any
further modelling of the features. Through a web-based inter-
face, listeners were first asked to listen to one original record-
ing among 32 utterances picked up randomly from 16 different
languages with both male and female voices. The sampling fre-
quency fs of the samples varies between 16kHz and 44.1kHz.
Then, they were asked to grade, using a 5-points scale [42],
the quality of 5 sounds randomly ordered which are: the resyn-
thesis using aHM; that of HMPD; that of STRAIGHT; and the
original recording for verification purpose. To obtain a mod-
erate test duration, each listener was asked to grade only the
voices of two languages (both male and female voices) ran-
domly selected among the 16. The scores have been normal-
ized according to the number of occurrence of each language
and to the variance of each listener’s answers, as suggested
in [42], which are averaged in Fig. 2. First, the results show
that, in average, the HMPD’s quality is slightly better than that
of STRAIGHT. Thus, the suggested PDD feature might be a
potential improvement and replacement for STRAIGHT’s ape-
riodicity [15]. More precisely, compared to STRAIGHT, the
quality of male voices are clearly improved, but not that of fe-
male voices. However, the difference of quality between gen-
ders is also clearly reduced when using HMPD. Additionally,
with a quality similar to that of STRAIGHT, this test shows
that PDD allows to model both voiced and unvoiced segments
the same way, without the need of any voicing decision. This
reduces risks of voicing misestimation and complexity of statis-
tical modelling, as shown in the following test.
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Figure 2: Assessment of quality by 43 listeners of resynthesis
methods, with the 95% confidence intervals.

3.2. Quality of statistical parametric speech synthesis
To assess the quality of HMPD in statistical parametric
speech synthesis, we built on the HTS HMM-based synthesis
system[43](v2.1.1). We trained models for 4 different voice
databases: two Spanish (1.2k male utterances [44], 2k female

utterances [45]) and two English (2.8k UK male utterances [46],
1.1k US female utterances [47], all with fs = 16kHz). In or-
der to obtain a fair comparison, the STRAIGHT’s f0(ti) val-
ues were used for both HMPD and STRAIGHT. In unvoiced
segments, the f0(ti) values of HMPD were simply obtained
by linear interpolation of the non-zero f0(ti) values. The
support of σi(f) being [0,∞), like |Ai(f)|, σi(f) was com-
pressed, through frequency warping, in order to obtain a feature
based on Mel-Frequency Cepstral Coefficients (MFCC), like
|Ai(f)|. Three streams were considered in HTS: log-f0, MFCC
of |Ai(f)| (order 39) and MFCC of σi(f) (order 12). For
HMPD, as it requires no voicing decision, continuous HMMs
with one Gaussian mixture per state were used to model log-f0,
as proposed by [33]. We conducted a preference test where the
HMPD-based system was compared to that of STRAIGHT [48].
Using a web-based interface listeners gave their preferences be-
tween comparison pairs given by the methods, using a 3-points
scale [42]. For each voice, each listener gave his/her preference
for one random synthesized utterance among 10. Fig. 3 shows
the mean preference scores. Basically, the results show no clear
differences between the two systems. The order selection for
the compression of PDD might explain why the improvement
shown in the previous test does not appear in this one. Future
works will address this question. However, HMPD’s quality
is comparable to that of the state of the art, while simplifying
the speech representation by discarding the voicing decision.
About the trends, listeners seem to prefer the male voices of
HMPD and the female voices of STRAIGHT. This can be ex-
plained by HMPD which does not allow a proper reconstruction
of noise when a perceptual band lies in a gap between two har-
monics. STRAIGHT alleviates this issue by using a wideband
noise [15]. Forthcoming works will also address this issue.
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Figure 3: Preferences for 31 listeners about synthesized voices,
with the 95% confidence intervals (a positive preference corre-
sponds to a preference for the suggested HMPD).

4. Conclusions
In this paper, a randomization feature based on the Phase Distor-
tion’s standard-Deviation (PDD) has been suggested for repre-
sentation of the noisiness in analysis/synthesis using a harmonic
model. The resulting vocoder has been called Harmonic Model
+ Phase Distortion (HMPD) vocoder. This feature avoid voiced
and unvoiced segmentation. Thus, the perceived quality of
HMPD’s synthesis is independent of the reliability of a voicing
estimator. A first listening test has shown that HMPD’s resyn-
thesis quality is, in average, slightly better than that of the state-
of-the-art STRAIGHT vocoder. More precisely, it provides sim-
ilar quality for female voices and better quality for male voices.
A second test has shown that the quality of HMPD in HMM-
based speech synthesis is similar to that of STRAIGHT. There-
fore, HMPD basically reduces the complexity of the signal rep-
resentation, while keeping the perceived quality.
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