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Abstract
We consider a two-dimensional demodulation framework for
spectro-temporal analysis of the speech signal. We construct
narrowband (NB) speech spectrograms, and demodulate them
using the Riesz transform, which is a two-dimensional exten-
sion of the Hilbert transform. The demodulation results in time-
frequency envelope (amplitude modulation or AM) and time-
frequency carrier (frequency modulation or FM). The AM cor-
responds to the vocal tract and is referred to as the vocal tract
spectrogram. The FM corresponds to the underlying excitation
and is referred to as the carrier spectrogram. The carrier spec-
trogram exhibits a high degree of time-frequency consistency
for voiced sounds. For unvoiced sounds, such a structure is
lacking. In addition, the carrier spectrogram reflects the fun-
damental frequency (F0) variation of the speech signal. We
develop a technique to determine the F0 from the carrier spec-
trogram. The time-frequency consistency is used to determine
which time-frequency regions correspond to voiced segments.
Comparisons with the state-of-the-art F0 estimation algorithms
show that the proposed F0 estimator has high accuracy for tele-
phone channel speech and is robust to noise.
Index Terms: spectro-temporal demodulation, time-frequency
consistency, fundamental frequency (F0) estimation, glottal ex-
citation, Riesz transform.

1. Introduction
Pitch is the perceptual correlate of the fundamental frequency
(F0) of speech signal [1], as perceived by humans. In speech
signal processing, the definition of pitch is often motivated
from the speech production perspective where the voiced speech
sounds are produced by exciting the vocal-tract with the airflow
pressure from the lungs and simultaneous quasi-periodic vibra-
tion of vocal folds. Pitch is related to the rate of vibration of vo-
cal folds over a short segment of voiced speech sound [2]. Over
the past few decades in speech processing research, accurate
pitch estimation and tracking have been of considerable inter-
est for many speech applications such as speech synthesis [3],
prosody modifications [4], and speaker/speech recognition [2].

1.1. Prior art

There are many techniques in the literature to estimate pitch
based on analysis carried out in the time domain [5], spec-
tral domain [6, 7], or spectro-temporal domain [8]. Tech-
niques based on the properties in the time domain operate on
the speech signal [5]. To estimate the pitch, the autocorrela-
tion of the periodic segment is computed, which shows a strong
peak at the pitch period and the reciprocal of it gives the pitch
frequency. Frequency domain techniques estimate pitch by uti-
lizing the frequency spectrum of the signal which contains pitch
frequency and its harmonics. In this class, the cepstrum method
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Figure 1: (a) Narrowband spectrogram (NB) for a voiced sound
(dB), (b) vocal-tract spectrogram (dB), and (c) carrier spectro-
gram. The utterance is “Where were you while we were away?”

is popular [6] — it separates the fundamental frequency compo-
nent and its harmonic from the vocal-tract envelope by applying
a logarithmic transformation. Most of these traditional methods
work well for clean speech. However, their performance de-
grades severely in the presence of noise or other speech distor-
tions. Further, pitch estimation under diverse conditions such as
from noisy and telephone speech is a challenging task since the
fundamental frequency (F0) component is filtered out by the
telephone channel. In recent literature, there are some meth-
ods that have been proposed for the noisy and telephone speech
scenarios. In [9], the pitch is estimated based on the auto-
correlation technique with several modifications to prevent er-
rors. Yegnanarayana et al. [10] proposed a zero-frequency filter
(ZFF) based method, which gives instantaneous pitch estimates
by exploiting impulse-like characteristics present in the exci-
tation signal. ZFF method is robust to noise. However, for
telephone speech, it does not give an accurate estimate of F0
since that spectral component is filtered out by the telephone
channel. Kawahara et al. [3] proposed the TEMPO algorithm,
which gives an instantaneous pitch estimate and is based on the
wavelet analysis by finding out the pitch around a fundamental-
ness measure. Stephen et al. [11] proposed a technique by com-
bining temporal and spectral methods, which showed signifi-
cant improvements in accuracy for noisy and telephone speech.
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Quatieri et al. [8] proposed a 2-D approach for pitch estimation
by computing the grating compression transform (GCT) over
a narrowband spectrogram. The GCT was observed to coher-
ently represent pitch information in a transformed 2-D space
and used for pitch estimation. However, no performance evalu-
ations were reported for noisy speech and telephone speech.

1.2. Our contribution

In this paper, we employ a recently proposed spectro-temporal
demodulation technique to estimate the pitch [12]. Effectively,
the technique operates in the joint time-frequency (t-f) plane
and falls within the framework of two-dimensional (2-D) anal-
ysis of speech. Aragonda and Seelamantula showed that the de-
modulation of a narrowband (NB) spectrogram using complex
Riesz transform (CRT) [13] yields smoothed time-frequency
vocal-tract envelope (amplitude modulation or AM) and car-
rier spectrogram (frequency modulation or FM) [12] as shown
in Figure 1. The carrier spectrogram represents joint spectro-
temporal variations in the fundamental frequency and its har-
monics. In this paper, we perform pitch estimation from the
carrier spectrogram. The carrier spectrogram is devoid of in-
terferences from the vocal-tract envelope. Hence, we hypothe-
size that accurate pitch estimates can be obtained using the car-
rier spectrogram. For instance, the pitch can be estimated from
any time-frequency region of the carrier spectrogram, unlike the
standard spectrogram, which gives reliable estimates only when
one operates in the high-energy regions. We demonstrate that
the proposed method is robust to noise. For clean speech sig-
nals, the proposed method performs on par with the state-of-the-
art pitch estimation techniques, whereas, for telephone speech
and degraded speech signals, the proposed method is superior
and gave rise to accurate F0 estimates.

2. Spectrogram Demodulation Using the
Riesz Transform

In this paper, we focus on narrowband speech spectrograms,
and by default, a spectrogram refers to the narrowband fla-
vor. The demodulation of speech spectrograms for voiced
speech signals can be achieved using complex Riesz transform
(CRT) [12], where small patches of the spectrogram, corre-
sponding to voiced sounds, are modeled as 2-D AM-FM sig-
nals. A 2-D AM-FM spectrogram patch is modeled according
to the following equation

SW (ω) = V (ω)(α0 + cos Φ(ω)), (1)

where Φ(ω) = Ω(ω)(t cos β(ω) + ω sin β(ω)) denotes
the argument of a 2-D cosine with spatial frequency Ω(ω) and
ω = (t, ω) ∈ R2. The amplitude modulation, frequency mod-
ulation, and local orientation of the 2-D cosine are represented
by V (ω), Φ(ω), and β(ω), respectively. A suitable constant
α0 makes the spectrogram patch SW (ω) a non-negative quan-
tity. The AM-FM spectrogram patches are demodulated into
2-D AM and FM signals by applying the CRT. The full AM
and FM component matrices are reconstructed by overlapping
and adding the demodulated patches in the least-squares sense
(OLA-LSE) [14]. Following this, we use the same technique to
demodulate the spectrograms of the continuous speech signal.
Figure 2 depicts AM and carrier spectrogram for a continuous
speech signal, where AM represents the demodulated time vary-
ing smooth envelope corresponding to vocal-tract frequency re-
sponse V (ω) and spectro-temporal frequency modulations are
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Figure 2: AM and FM components for a continuous speech sen-
tence, “She had your dark suit in greasy wash water all year.”
(a) vocal-tract spectrogram (dB), and (b) carrier spectrogram.
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Figure 3: Illustration of coherent and incoherent t-f regions in
carrier spectrogram.

captured by the estimated FM component of the underlying 2-D
carrier cos Φ(ω). The goal of this paper is to estimate F0 by
utilizing the carrier spectrogram.

2.1. Carrier analysis for a continuous speech signal

Carrier spectrogram shows spectro-temporal characteristics of
speech sounds, such as quasi-harmonic nature of voiced speech
and the time evolution of harmonics, referred as harmonic
tracks. Further, visual inspection of carrier spectrogram (in Fig-
ure 3) highlights two distinct t-f patterns — coherent and inco-
herent t-f patterns. Coherent carrier patterns have a preferred
orientation determined by the F0, and correspond to voiced
speech sounds whereas such a structure is lacking in t-f regions
that correspond to unvoiced sounds. The coherent and incoher-
ent carrier patterns are determined by employing structure ten-
sor matrix [13] on carrier spectrogram. This allows for achiev-
ing separation of coherent and incoherent t-f regions for voiced
and unvoiced speech sounds, respectively.

3. Pitch Estimation Using the Carrier
Spectrogram

We use carrier spectrogram for pitch estimation in two steps.
First, we separate coherent t-f regions from the incoherent ones
in the carrier spectrogram by employing the structure tensor ma-
trix. Next, pitch is estimated by picking the dominant peaks
from the carrier spectrogram in coherent t-f regions.
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3.1. Structure tensor matrix and coherence map

Suppose f(ω) : R2 → R. A 2 × 2 structure tensor matrix is
defined as follows:

J(ω) ,

[
(ψ ∗ f2

1 )(ω) (ψ ∗ f1f2)(ω)
(ψ ∗ f1f2)(ω) (ψ ∗ f2

2 )(ω)

]
,

where f1(ω) and f2(ω) are the Riesz transform components
of f(ω) along the time and frequency axes, respectively. A
smoothing function ψ (typically a Gaussian) with standard de-
viation σ is applied locally to smooth out sudden variations of
function values in the t-f plane. The eigenvalues and corre-
sponding eigenvectors of structure tensor matrix give the dis-
tribution of gradient of underlying input function f(ω) in 2-
D [13]. The relative discrepancy between the two eigenvalues
of the structure tensor matrix is an indicator of the degree of
uniformity present in the 2-D function, and is captured in the
coherence C(ω) defined as follows

C(ω) ,


(
λ1(ω)−λ2(ω)
λ1(ω)+λ2(ω)

)2

, λ1(ω) + λ2(ω) 6= 0,

0, otherwise,
(2)

where λ1(ω) and λ2(ω) are the eigen values of structure tensor
matrix J(ω). In order to exploit the structural properties present
in the carrier spectrogram, we compute a 2-D time-frequency
map from the carrier spectrogram, which is referred to as the
coherence map and is shown in Figure 4(b). The coherence
map is computed locally by dividing the carrier spectrogram
into overlapping time-frequency patches. The structure tensor
matrix for each t-f patch is obtained and coherence values are
computed using (2). We used a rectangular 2-D window to di-
vide the carrier spectrogram into patches of size 100 ms × 600
Hz. A full coherence map is obtained by using overlap-add pro-
cedure. The coherence map takes on continuous values between
0 and 1 according to (2). Values close to 0 represent unvoiced
sounds, whereas values close to 1 correspond to voiced sounds
in t-f plane. We use coherence map to separate highly coher-
ent t-f regions in the carrier spectrogram from incoherent ones.
Multiplication of carrier spectrogram by coherence map yields
weighted carrier spectrogram (WCS), which retains coherent t-f
regions of carrier spectrogram as shown in Figure 4(c). We use
WCS for reliable pitch estimates.
3.2. Pitch estimation
The proposed pitch estimation algorithm is based on finding the
peaks in carrier spectrogram within a frequency band from 0 to
1000 Hz, which covers a broad range of F0 values for both male
and female speakers, even high-pitched ones. For a given frame,
peaks in the carrier occur at F0 and its prominent harmonics.
Hence, we use a peak-picking based approach in the carrier
spectrogram for estimating average pitch. The carrier shows
dominant peaks under strong voicing conditions, whereas un-
der weak voicing conditions, the carrier exhibits non-sinusoidal
nature and there could be several spurious peaks [15]. In ad-
dition, spurious peaks in frequency domain also exist due to
analysis window artifacts. The non-sinusoidal nature of carrier
leads to unreliable pitch estimates. Hence, we use WCS for re-
liable pitch estimates by retaining only peaks in WCS above a
threshold which can be set close to 0 (we choose 0.05). Figure 5
illustrates that the coherence weighting suppresses the spurious
peaks which are further removed by using the specified thersh-
old. The average pitch F (i)

0 (in Hz) for the ith speech frame is
estimated according to the harmonic mean
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Figure 4: (a) Carrier spectrogram, (b) coherence map, and (c)
weighted carrier spectrogram (WCS), for the utterance, “She
had your dark suit in greasy wash water all year.”
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Figure 5: Illustration of peak picking: (a) Actual carrier
slice and coherence values, (b) WCS suppresses spurious peak
around 0.5 kHz, and (c) Thresholding on WCS completely re-
moves the spurious peaks.

F
(i)
0 =

fs
N
× 1

1
Ki

Ki∑
k=1

(
1

dk+1 − dk

) , (3)

whereN and fs denote the FFT size and sampling frequency of
speech signal, respectively. The number of peaks found in the
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Table 1: Performance evaluation for CMU-ARCTIC database, based on GPE (%) and SD (Hz).
Clean speech Noisy speech (Input SNR: 0 dB) Telephone speech

Male Female Male Female Male Female
Method GPE (%) SD GPE (%) SD GPE (%) SD GPE (%) SD GPE (%) SD GPE (%) SD

Proposed 1.97 0.77 1.01 0.56 9.38 0.99 9.44 1.54 4.93 1.51 3.28 1.07
TEMPO 10.93 0.56 3.84 0.89 53.76 0.51 13.96 0.76 99.43 0.10 26.68 1.02

SRH 4.04 0.64 1.93 0.81 9.90 0.63 5.98 0.85 7.68 1.12 5.08 0.99
ZFF 1.37 0.49 0.90 0.43 47.06 0.99 76.26 1.53 99.97 0.25 9.08 0.99

YAAPT 5.53 0.49 3.71 0.55 13.71 0.47 6.69 0.59 8.85 0.85 7.15 0.69

Table 2: Performance evaluation for KEELE database, based on GPE (%) and SD (Hz).
Clean speech Noisy speech (Input SNR: 0 dB) Telephone speech

Male Female Male Female Male Female
Method GPE (%) SD GPE (%) SD GPE (%) SD GPE (%) SD GPE (%) SD GPE (%) SD

Proposed 15.61 4.68 10.88 8.46 17.93 5.67 11.92 9.90 18.35 4.66 14.54 8.03
TEMPO 6.53 3.35 10.01 7.18 29.57 4.40 43.15 7.36 96.79 6.48 41.84 7.50

SRH 3.86 4.06 13.38 7.77 5.17 4.37 13.19 7.92 32.70 5.86 13.82 7.98
ZFF 5.47 2.23 4.55 6.38 21.36 2.78 35.05 11.39 95.77 7.93 50.16 10.37

YAAPT 2.21 3.08 3.14 5.85 13.58 3.19 18.10 5.72 6.86 4.11 6.06 6.51

ith speech frame within the specified frequency band is denoted
byKi and dk denotes the location of the kth peak. Note that, in
contrast, the arithmetic mean would only make use of the first
and last harmonic peak locations.

4. Results and Evaluation
The proposed method is evaluated on the CMU-ARCTIC and
KEELE databases [16, 17]. We chose 200 utterances from the
ARCTIC database, which includes 100 utterances each from
the male bdl speaker and female slt speaker. The ground-
truth average pitch contour is obtained by using the method
given in [18], which is based on deriving glottal closure in-
stants from the electroglottograph (EGG) signal. The KEELE
database consists of simultaneously recorded speech and ref-
erence pitch computed from the laryngograph. The database
consists of 5 male speaker and 5 female utterances sampled at
20 kHz. The wave files are resampled to 8 kHz for compari-
son. For evaluation, two objective measures were used namely
gross pitch error (GPE) rate and the standard deviation (SD).
The scores are evaluated for only those voiced frames which
are common to both proposed pitch tracker and the ground truth.
GPE is defined as the percentage of voiced frames with an esti-
mated pitch value that deviate from the reference value by more
than 20%. SD is defined as the standard deviation of the abso-
lute difference between reference pitch and the estimated pitch
values within 20% deviation.

We compare the performance of proposed method with four
state-of-the-art methods: STRAIGHT [3], ZFF [10], SRH [19],
and YAAPT [11]. Pitch estimation in STRAIGHT is based on
the TEMPO algorithm, which uses wavelet transform. ZFF
method performs epoch-based pitch estimation in every glot-
tal cycle. The ZFF pitch estimator as given in [10] is fol-
lowed in this paper. The SRH algorithm is based on the sum
of the residual harmonics. YAAPT uses a combination of time
and frequency domain pitch estimation methods followed by
dynamic programming to get the final estimate of the pitch.
In order to evaluate the robustness of the proposed method
in noisy case, we use additive white Gaussian noise at 0 dB
input signal-to-noise ratio (SNR). In the current work, tele-
phone quality speech corresponding to each clean speech is

simulated using the G.191 software tool provided by interna-
tional telecommunication union (ITU) [20]. We have followed
same steps as given by King et al. [21] to simulate the tele-
phonic speech quality for both ARCTIC and KEELE databases.
The results on the two databases are shown in Table 1 and Ta-
ble 2. We observe that, on the CMU-ARCTIC database, the pro-
posed method gives lower GPE scores for noisy and telephone
speech than the other methods, whereas SD scores are compa-
rable. The performance of the proposed method is better for
telephone speech since it is able to estimate pitch by using any
selected frequency band from carrier spectrogram. We selected
the frequency range from 300 Hz to 1000 Hz from the telephone
speech. We also observe that the method gives a consistent per-
formance on CMU-ARCTIC database across male and female
speakers for noisy speech signals, whereas on KEELE database,
the proposed method showed comparable performance to the
other methods except YAAPT.

5. Conclusions
We employed a spectro-temporal 2-D demodulation tech-
nique based on the Riesz transform for pitch estimation.
Riesz transform demodulates the spectro-temporal narrow-
band spectrogram into carrier spectrogram consisting of har-
monic/inharmonic patterns, which are free from any interfer-
ences due to vocal-tract AM envelope. The coherent/incoherent
t-f regions in the carrier spectrogram are separated using the co-
herence map. Pitch is estimated from the coherence-weighted
carrier spectrogram coherent patches using a peak picking-
based approach. The proposed method allows for computing the
pitch from any spectro-temporal patch. The resulting pitch esti-
mate is robust to noise and gives higher accuracy for telephone-
channel speech compared with other state-of-the-art algorithms.
The future work is to explore multi-speaker pitch tracking and
its application to speaker separation.
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