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Abstract
We address the problem of estimating the time-varying spec-
tral envelope of a speech signal using a spectro-temporal de-
modulation technique. Unlike the conventional spectrogram,
we consider a pitch-adaptive spectrogram and model a spectro-
temporal patch using an amplitude- and frequency-modulated
two-dimensional (2-D) cosine signal. We employ a demodula-
tion technique based on the Riesz transform that we proposed
recently to estimate the amplitude and frequency modulations.
The amplitude modulation (AM) corresponds to the vocal-tract
filter magnitude response (or envelope) and the frequency mod-
ulation (FM) corresponds to the excitation. We consider the
AM and demonstrate its effectiveness by incorporating it as an
acoustic feature for local conditioning in the statistical WaveNet
vocoder for the task of speech synthesis. The quality of the
synthesized speech obtained with the Riesz envelope is com-
pared with that obtained using the envelope estimated by the
WORLD vocoder. Objective measures and subjective listening
tests on the CMU-Arctic database show that the quality of syn-
thesis is superior to that obtained using the WORLD envelope.
This study thus establishes the Riesz envelope as an efficient
alternative to the WORLD envelope.
Index Terms: pitch-adaptive spectrogram, spectrogram de-
modulation, Riesz transform, WaveNet, speech synthesis.

1. Introduction
A high quality of machine-generated speech directly bene-
fits many speech applications such as text-to-speech synthesis
(TTS) system [1, 2], speech translation, car navigation system,
smartphone audio interface, screen readers, etc.. An important
building block of a TTS system is a vocoder, which uses an
analysis-by-synthesis approach to synthesize a speech signal.
In the literature, there exist two types of vocoders: (1) source-
filter-theory-based [3], and (2) a neural vocoder. In the first
category, the most widely used vocoders are STRAIGHT [4]
and WORLD [5]. The second category consists of neural net-
work based architectures such as sample RNN [6], WaveNet [7],
and WaveRNN [8]. Vocoders based on the source-filter model
require prior knowledge of the speech production mechanism.
Based on this knowledge, the design of these vocoders in-
cludes estimation of the instantaneous fundamental frequency
(or pitch) of the speaker, the spectral envelope and the aperi-
odicity [9] parameter, which models the time-frequency noise
essential for the synthesized speech to sound close to the natu-
ral one [10]. The pitch and aperiodicity parameters are used to
model the source excitation signal and the envelope represents
the vocal-tract filter’s magnitude response.

On the other hand, the neural vocoder architecture uses a
wider-receptive field to predict the current samples from the
previous sample in a nonlinear auto-regressive fashion. The

recently proposed deep learning based WaveNet architecture
has shown to be promising as a statistical vocoder [11]. A
WaveNet vocoder learns the mapping between acoustic fea-
tures and the samples of a speech waveform in a supervised
setting by solving a nonlinear auto-regression problem. In the
literature, many possible combinations of acoustic features for
the WaveNet vocoder have been utilized. They represent char-
acteristics of the vocal tract and the sound source excitation.
Tamamori et al. [11] used STRAIGHT-based vocal-tract filter
and source-excitation features in the WaveNet vocoder. Adiga
et al. [12] computed mel-filterbank coefficients from the short-
time-Fourier transform (STFT) magnitude spectrum and used
these acoustic features as local conditioning for the WaveNet
vocoder. They showed that a better quality of synthesized
speech was obtained using acoustic features derived directly
from the STFT magnitude spectrum. This shows that the quality
of the speech synthesized using WaveNet depends on the choice
of the acoustic features.

In this paper, we focus on using acoustic features derived
from the spectral envelope obtained by employing a spectro-
gram demodulation technique [13], which we proposed recently
to estimate the 2-D amplitude and frequency modulations of a
spectrogram patch. Our technique utilizes the complex Riesz
transform [14] for accurate estimation of 2-D amplitude and
frequency modulations. In our previous work, we have shown
the importance of the frequency modulation (FM) for some
of the fundamental speech processing tasks such as pitch es-
timation [15] and periodic/aperiodic speech decomposition of a
speech signal [16]. While the FM component characterizes the
source excitation attributes in 2-D, the amplitude modulation
(AM) can effectively model the vocal-tract-filter magnitude re-
sponse.

In order to know the suitability of the proposed Riesz
spectro-temporal envelope in speech synthesis application, we
train the WaveNet vocoder for the task of speech synthesis. We
use the proposed envelope as an auxiliary feature for local con-
ditioning in the WaveNet vocoder. For comparison, we train
two WaveNet vocoders, one with acoustic features extracted
from the proposed envelope and another with acoustic features
from the envelope obtained using the state-of-the-art WORLD
vocoder [5]. The impact of the proposed acoustic feature is an-
alyzed by quantifying the quality of synthesized speech signals
from the two WaveNet vocoders.

STRAIGHT and WORLD vocoders compute vocoder pa-
rameters in a pitch-adaptive fashion, which ensures reduced in-
terference among the harmonics in the speech spectrum [17].
Following the same philosophy, we construct a pitch-adaptive
spectrogram and model the smaller spectro-temporal patches
using 2-D AM-FM cosine carriers. First, we employ Riesz
transform-based demodulation technique and obtain an estimate
of the AM. Second, we introduce a formant bandwidth correc-
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tion mechanism to enhance the suitability of the estimated spec-
tral envelope for speech synthesis.

2. A Pitch-Adaptive Spectrogram
Short-time analysis of a speech signal is a widely used approach
to capture its time-varying characteristics where short speech
segments are multiplied by a window and then analyzed. Par-
ticularly, the STFT is an important tool and has revealed several
time-varying speech properties such as formants, pitch, and 2-
D time-frequency modulations [18]. The STFT gives a speech
spectrogram, which is available in two flavors: narrowband and
wideband. A wider window (20 ms to 25 ms) yields a narrow-
band spectrogram, whereas the wideband spectrogram is ob-
tained by taking shorter speech segments (4 ms to 6 ms). In
both the cases, the analysis window length is set to a fixed du-
ration. However, the analysis window length can be also be
varied. Unlike a spectrogram that is computed using a window
with a fixed length, a pitch-adaptive spectrogram is obtained
by varying the length of analysis window in proportion to the
fundamental period of the speaker. The variable-length analy-
sis window slides over the duration of a speech signal with a
uniform frame update interval.

A pitch-adaptive STFT of the ith speech frame is written as
follows:

ŝw(i, ω) =

∫ ∞
−∞

s(t)w(t− iτ)e−jωtdt, (1)

where τ (in seconds) denotes a constant frame-shift and w(t)
denotes the analysis window having its time support in the in-
terval t ∈ [−µT0, µT0] with T0 denoting the instantaneous fun-
damental period of the speaker at the instant iτ , and µ ∈ R+.
We refer to the square of the absolute of ŝw(i, ω) as the pitch-
adaptive spectrogram. The time support of the analysis win-
dow and frame update interval are the design parameters; in
this study we empirically choose µ = 3 and τ = 1 ms. For
unvoiced speech segments, the window duration is set to 6 ms
so that the rapid temporal fluctuations of such sounds can be
captured.

3. Demodulation of a Pitch-Adaptive
Spectrogram

Following [13], a 2-D AM-FM model for a windowed spectro-
gram patch SW (ω) : R2 → R+ is written as follows:

SW (ω) = V (ω)(α0 + cos Φ(ω)), (2)

where ω = (t, ω) ∈ R2, t and ω denote the time and frequency
variables, respectively, and α0 ∈ R is a constant that takes into
account the non-negativity of the spectrogram patch. The am-
plitude modulation and the phase component are denoted by
V (ω) and Φ(ω), respectively. The 2-D phase Φ(ω) of a fre-
quency modulated cosine is modeled as follows:

Φ(ω) = Ω(ω)(t cos θ(ω) + ω sin θ(ω)), (3)

where Ω(ω) = Ω0+∆Ω(ω) denotes the spatial frequency with
FM given by ∆Ω(ω), and θ(ω) denotes the local orientation of
the 2-D cosine.

We use an existing pitch extraction algorithm (Har-
vest [20]) to obtain the instantaneous pitch and compute
the pitch-adaptive spectrogram using a Hamming window.
The pitch-adaptive spectrogram is divided into smaller time-
frequency (t-f) patches of dimensions 600 Hz × 100 ms. The
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Figure 1: (Color online) (a) A pitch-adaptive spectrogram; and
(b) the time-frequency envelope corresponding to a continuous
speech utterance, “Author of the danger trail, Philip Steels,
etc.,” spoken by a male speaker, taken from the CMU-Arctic
database [19].

patch dimension along the frequency axis covers at least 3 har-
monics for both male and female speakers so that the patch
model given in (3) remains valid.

3.1. Spectrogram Patch Demodulation

We focus on estimating the slowly varying time-frequency (t-f)
envelope V (ω) for a given patch, which is achieved by em-
ploying a highly accurate 2-D demodulation technique that we
introduced in [13]. The idea behind 2-D demodulation is to
compute the quadrature component of a 2-D AM-FM cosine
signal. In 1-D, this is done by using the Hilbert transform, and,
in 2-D, the quadrature of a 2-D sinusoid can be obtained by
using the complex Riesz transform [14]. A spectrogram patch
is first subjected to a 2-D bandpass filter (Sec. 3.1.1), which re-
tains only the dominant AM-FM cosine component correspond-
ing to the instantaneous fundamental frequency of the speaker.
The Riesz transform followed by orientation compensation [21]
on the output of the bandpass filter gives the quadrature of a 2-
D AM-FM cosine signal: V (ω) sin θ(ω). By construction, the
quadrature signal and the output of the 2-D bandpass filter are
combined in complex number format, which yields the equiva-
lent 2-D analytic signal representation [22]:

SW,a(ω) = V (ω) cos θ(ω) + jV (ω) sin θ(ω),

= V (ω)ejθ(ω). (4)

The estimates of the envelope and the 2-D cosine phase are ob-
tained by applying absolute and angle operator on SW,a(ω),
respectively. We pool all the 2-D AM envelopes correspond-
ing to all the patches of the spectrogram and perform a 2-D
overlap-add in the least-squares-sense (OLA-LSE) [23] on the
AM components, which gives the full t-f envelope. Figure 1
displays a pitch adaptive spectrogram along with a full t-f enve-
lope. From the figure, one can observe that the t-f envelope ef-
fectively captures the temporal variations of the formants. How-
ever, the bandwidth of the envelope around formant frequencies
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Figure 2: A schematic showing the placement and choice of
the bandwidth of the 2-D bandpass filter for Riesz-transform-
based demodulation. The peaks in the Fourier transfom domain
corresponding to a 2-D sinusoid are indicated by a ×.
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Figure 3: (Color online) Illustration of different forms of en-
velopes obtained by varying the bandwidth of the 2-D bandpass
filter. The envelopes are manually separated by introducing a
bias only to aid visualization.

depends on the circular bandwidth of the 2-D bandpass filter
used for the demodulation.
3.1.1. The 2-D Bandpass Filter for Demodulation

The bandwidth of the 2-D bandpass filter affects the degree of
smoothness and the formant bandwidths in the t-f envelope. We
use a 10th-order 2-D circular Butterworth filter, which is de-
signed in the 2-D Fourier transform domain. The center fre-
quency of the filter is located at Ω0, which is the dominant
peak in the 2-D Fourier transform domain of the 2-D sinu-
soid. A schematic illustrating the placement of the 2-D band-
pass filter for a 2-D sinusoid is shown in Fig. 2. The schematic
also illustrates the choice of the filter bandwidth, which is con-
trolled by a scalar α ∈ (0, 1√

2
). In order to show a few exam-

ples of the demodulated envelope, we consider the cases with
α = 0.3, 0.5, and 0.7. An all voiced speech sentence, “Where
were you while we were away?” spoken by a male speaker is
demodulated for varying α values and the result for a voiced
speech frame is shown in Fig. 3. From the figure, one can ob-
serve that a smaller value of α yields an envelope with wider
formant bandwidths compared to the case of a higher value of
α where the formant bandwidths are narrower. A correctly es-
timated formant bandwidth is desirable for high-quality speech
synthesis [24]. Hence, we propose a method for formant band-
width correction of the demodulated envelope.

3.2. Formant Bandwidth Correction Using Weighted Cen-
tral Difference

Let ti denote the time index of the ith speech frame and
V (ti, ω) denote the demodulated envelope. Prior to bandwidth
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Figure 4: (Color online) Illustration of the demodulated enve-
lope and the envelope after smoothing plus bandwidth correc-
tion for a voiced speech segment.

correction, small fluctuations in V (ti, ω) are removed by ap-
plying a moving-average filter. The smoothed envelope is given
by

Vs(ti, ω) =
1

ω0(ti)

∫ ω0(ti)
2

−ω0(ti)
2

V (ti, ω + λ)dλ (5)

where ω0(ti) denotes the instantaneous fundamental frequency.
Let L(ti, ω) = lnVs(ti, ω); the weighted central difference of
L(ti, ω) is given by

X(ti, ω) =

k=1∑
k=−1

wkL(ti, ω + kω0(ti)), (6)

where {wk} represent the weights and satisfy the following re-
lation

w−1 + w0 + w1 = 1. (7)

Without loss of generality, we assume that w−1 = w1, and
consequently (7) reduces to w0 + 2w1 = 1. Taking the inverse
Fourier transform on both sides of (6) gives

X̂(ti, η) =

(
w0 + 2w1 cos(ω0(ti)η)

)
L̂(ti, η), (8)

where the first term in the product on the right-hand side is the
bandwidth correction term and η is dual of ω, which denotes
the quefrency variable in the cepstral domain. The corrected
envelope is obtained as follows:

Vc(ti, ω) = eFη{X̂(ti,η)}, (9)

where Fη denotes the forward Fourier transform operator with
respect to the variable η. The choice of w1 determines the de-
gree of bandwidth correction. A negative value of w1 in (6)
ensures formant bandwidth reduction. In this paper, we empir-
ically choose w1 = −0.55 and the value of w0 is obtained by
using (7). Fig. 4 shows the demodulated envelope with α = 0.7
and the corrected envelope along with the Fourier magnitude
spectrum for a voiced frame of a speech signal. We test the ef-
fectiveness of the proposed envelope by incorporating it as an
acoustic feature in the WaveNet vocoder.

4. The WaveNet Vocoder System
WaveNet is a statistical vocoder, which learns a nonlinear auto-
regressive (AR) model to predict the next signal sample from
the previous samples and time-varying acoustic features. In this
work, we have used the spectral envelope computed from the
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Riesz transform as an acoustic feature for local conditioning in
the WaveNet vocoder. The statistical vocoder architecture has
two main modules: a stack of residual blocks, which acts as
a feature extractor, and a post-processing module, which com-
bines the information from the residual blocks to predict the
next speech sample. In the rth residual block, the key operation
is a gated convolution where a hidden state vector z(r) is com-
puted, and then added to its input x(r−1) to generate the final
output x(r):

z(r) = tanh(W
(r)
f ∗x

(r−1)+C
(r)
f )�σ(W (r)

g ∗x(r−1)+C(r)
g ),
(10)

whereC(r)
f andC(r)

g are the outputs of block r of the local con-
ditioning network when it is fed with h. The symbol ∗ denotes
convolution and the symbol � denotes element-wise multipli-
cation. The local condition h is an upsampled version of the
acoustic features to get the new time-series with the same reso-
lution as the input raw waveform.

The WaveNet vocoder is trained for 4 different voices taken
from the CMU-ARCTIC database [19]. We have used two male
speakers (BDL and RMS), and two female speakers (SLT and
CLB) for the evaluation. The original sampling frequency of
ARCTIC database is 32 kHz, which we downsampled to 16
kHz in order to simplify computation. The database for each of
the speakers mentioned above consists of 1132 sentences, out
of which 1000 sentences were used for training, 50 for valida-
tion, and the remaining for testing. We compute 45-dimensional
mel-filterbank features from the Riesz envelope and use them
as acoustic features. In order to compare the proposed spec-
tral envelope, we also train another WaveNet vocoder using
mel-filterbank features computed from the spectral envelope ob-
tained from the state-of-the-art WORLD vocoder. The local
conditioning in WaveNet vocoder is implemented similar to the
architecture mentioned in [12]. In both the vocoders, the acous-
tic features were extracted for a frame rate of 1 ms. While feed-
ing into the WaveNet vocoder, these features were upsampled
to the sampling rate of the raw audio sample.

5. Results and Discussion
We evaluated the effectiveness of the proposed envelope for the
task of speech synthesis by using two objective measures: STOI
(short-time objective intelligibility) [25] and PESQ (perceptual
evaluation of speech quality) [26], computed between the given
pairs of the test speech signals and the corresponding synthe-
sized speech signals. The STOI lies between 0 and 1 and is a
measure for speech intelligibility. The PESQ lies between−0.5
and 4.5 and indicates a perceptual correlate of the quality of the
speech signal. A higher value of these scores indicates a better
quality of the synthesized speech signal. Table 1 shows the av-
erage PESQ scores and STOI scores over the waveforms taken
from the CMU-Arctic database for each of the speakers. From
the table, one can observe that the objective scores are consis-
tently higher for the proposed method compared with WORLD,
which indicates the suitability of the Riesz envelope as an ef-
fective acoustic feature for the WaveNet vocoder.

We have also conducted an informal listening test to know
the quality of the synthesized speech using mean opinion score
(MOS). The subjects rated the sound quality of the speech using
a 5-point scale: 5 − excellent, 4 − good, 3 − fair, 2 − poor,
and 1 − bad. In the test, 12 subjects in the age group 21 to 32
years participated and the test was conducted in a quiet room
with HD 650 Sennheiser headphone. Five test speech utter-
ances were used from each of the speakers: BDL, CLB, RMS,
and SLT. From each of the speech files, the Riesz and WORLD

Table 1: Objective scores with standard error for the syn-
thesized speech using the envelopes from the proposed and
WORLD approaches.

Method BDL CLB RMS SLT

(a) PESQ: Speech quality test

Proposed 2.86± 0.25 2.51± 0.52 2.40± 0.41 2.41± 0.24

WORLD 2.69±0.41 1.95±0.64 2.22±0.65 2.15±0.23

(b) STOI: Speech intelligibility test

Proposed 0.93± 0.02 0.92± 0.02 0.92± 0.02 0.93± 0.02

WORLD 0.93±0.01 0.90±0.03 0.90±0.03 0.92±0.02

Table 2: MOS with standard error for synthesized speech using
the envelopes from the proposed and WORLD approaches.

Method BDL CLB RMS SLT

Original 4.67 ± 0.04 4.69 ± 0.04 4.72 ± 0.04 4.76 ± 0.04

Proposed 3.39± 0.06 4.44± 0.05 3.85± 0.07 4.37± 0.05

WORLD 3.07 ± 0.07 3.46 ± 0.07 3.14 ± 0.07 3.47 ± 0.06

envelopes were estimated and 40 speech samples were synthe-
sized using the two vocoders: WaveNet-Riesz and WaveNet-
WORLD. A total of 60 speech samples (40 synthesized and 20
original) were evaluated by presenting them to the subjects in a
random order.
The MOS scores indicate the overall quality perceived by the
subjects while listening to the synthesized speech samples and
the original speech signals. Table 2 shows the average MOS
scores obtained for the speech files synthesized using the pro-
posed (Riesz) envelope and the WORLD envelope. The table
shows the average MOS scores along with standard error for
original speech samples, which were included with the synthe-
sized speech samples during the test. From the table, one can
observe that the MOS scores are consistently higher for the pro-
posed Riesz envelope than the WORLD envelope. The superior
performance of the proposed features in terms of both objective
and subjective measures of the speech quality shows its suit-
ability for incorporation in the WaveNet vocoder for a speech
synthesis task . Some synthesized speech samples are available
for listening at https://www.csd.uoc.gr/˜nagaraj/
riesz.html.

6. Conclusions
We proposed a novel technique to estimate the spectral enve-
lope of a speech signal by demodulating a pitch-adaptive spec-
trogram. The demodulation yielded amplitude and frequency
modulations. The estimated amplitude modulation was used to
model the spectral envelope corresponding to the vocal-tract-
filter magnitude response. We also proposed a novel technique
for formant bandwidth correction, which utilized the weighted
central difference operator. The acoustic features from the pro-
posed envelope were used as local conditioning in a WaveNet
vocoder and compared with another WaveNet vocoder trained
in a similar fashion on the envelope features obtained from the
state-of-the-art WORLD vocoder. The proposed envelope fea-
tures showed a better performance in terms of the quality of
synthesized speech.
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