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Abstract
This paper introduces a new spectral representation-based

pitch estimation method. Since pitch is never stationary dur-
ing real conversations, but often undergoes changes because of
intonation, the spectral representation is derived from the Short-
time Harmonic Chirp Transform. This lets our technique to per-
form very well in noisy conditions, and to extract pitch values
with high confidence, even from segments with strong intona-
tions. The paper discusses a new way of segment-vice pitch ex-
traction and does not deal with continuous pitch tracking, which
is a topic of our future work. However, the performance of the
proposed method is demonstrated on real recordings and the
noise-dependency of its accuracy is numerically analyzed.

1. Introduction
Pitch estimation is an important topic not only for emotions
recognition but also for voice coding, compression, analysis and
segregation of speech. Recent pitch estimation algorithms as-
sume speech of unchanging pitch during the analysis window,
and their performance also strongly depend on the quality of
speech, mainly represented by signal-to-noise ratio. Even state-
of-the-art pitch extraction techniques indicate uncertain pitch
values with low probabilities in case of changing pitch.

Pitch extraction algorithms are broadly classified into two
categories: event detection methods and short-term average
methods. Event detection methods estimate F0 based on partic-
ular events, like crossing-zero instants, peaks in the waveform,
etc., whilst short-term estimation methods are applied on a seg-
ment of the speech signal. The short-term information is based
on either time or spectral representations of speech, each do-
main having its particular merit and drawback. Time-domain
pitch estimation techniques starting with the Autocorrelation
function (AC) [1], and Center-clipped autocorrelation function
(ACC) [2] belong to the classics, and are one of the most of-
ten used methods. The Average different magnitude function
(AMDF) [3] is a smart modification of the autocorrelation func-
tion and is very easy to implement. Spectral domain-based tech-
niques like the Harmonic product spectrum method (HPS)[4]
or the quefrency-domain-based cepstral peak picking algorithm
[5] require extra computational power, but often overperform
the forementioned techniques [6].

All of the aforementioned techniques suppose stationary
speech signal during the whole length of the analysis frame
and can easily fail when estimating changing pitch. However,
the pitch is never stationary even during normal conversations,
and neurophysiological studies [7, 8] also show that the audi-

tory system of mammals is sensitive to FM-modulated (chirpy)
sounds. This fact explains the human hearing sensitivity to non-
stationary acoustic events with changing pitch (police and am-
bulance siren), which also pulls its attention. In acoustic signal
processing this effect is called Auditory attention [9, 10].

This paper addresses the problem of pitch estimation on
those circumstances. The main idea of the method proposed
in this paper is similar to the one described in [11, 12]: to con-
sider pitch change also during the analysis window. Therefore
the method proposed in this paper is similar to the main idea of
HPS, but the harmonicities are derived from the log-spectral-
energy, while the spectral representation is derived from the
Short-time Harmonic Chirp Transform [13, 14]. This gives
higher performance in case of signals with low SNR value, and
enhances the F0 extraction in case of pitch changes. Also, the
frequency resolution of the method, going far beyond the in-
verse of the segment-length is achievable thanks to the inter-
polation applied before the harmonicity collection. The preci-
sion of the estimation rather depends on the sampling frequency
used, as in case of time-domain-based techniques.

2. Chirp-driven Spectral Gathering
The discrete-time Harmonic-Chirp transform (HChT) of signal
x[n] can be defined as

X(n, k, αn) =

N−1X
m=0

x[m + nM ] w[m] ξ(m, k, αn)∗ , (1)

where n is discrete time, k is discrete frequency, M is the step
size, w[n] is the N -point analysis window, ∗ denotes complex
conjugate and ξ(n, k, α) is the HChT basis
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„
j
2π

N
k

“
1 + 1

2
α

`
n − N

´”
n

«
. (2)

The parameter αn is the normalized frequency variation rate, or
chirp rate for the n-th segment. By assuming that the instan-
taneous pitch changes linearly during the analysis interval, a
more detailed harmonic spectral representation is accomplished
by setting the analysis chirp rate to the value of the actual pitch
rate, that is, αn = γn. The improvement in TF representation
by this procedure has been reported in [13] and the theoretical
basis shown in [14]. The improvement in TF resolution relies on
the accurate estimation of pitch rate γn. A practical approach to
this problem is based on tracking the pitch variation over time
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and predict the pitch rate from this evolution, that is,

αn = E

»
�F0

F0

˛̨̨
˛
n

–
. (3)

Two practical implementations of (3) can be found in [13]. In
both cases the estimation of the pitch at each segment is used
to predict the pitch rate and thus to compute the next spectral
segment.

Due to the logarithmic character of the biological percep-
tion of frequency, the harmonics are unlikely to provide the bi-
ological sense of periodicity [10]. Nevertheless, the harmonic
structure represents a classical and popular framework of refer-
ence for detecting voiced/unvoiced utterances in speech. There-
fore, the base of the pitch estimation algorithm proposed in this
paper is to collect the “harmonic” energy related to the hypo-
thetic pitch frequency. Since the human auditory system is sen-
sitive to the energy in logarithmic scale, the log-spectral-energy
is transformed into a ”gathered log-spectrum” GlogS as follows

ρo(f) =
1

H

HX
h=1

Slog(hf) , (4)

where H is the number of harmonics within the Nyquist band-
width assuming the candidate fundamental frequency to be f
and

Slog(f) = log10

“˛̨
X(n, k, αn)

˛̨2”
. (5)

For the sake of simplicity, we use a continuous frequency for-
mulation. Note that the implementation of (4) requires to apply
interpolation since the value hf0 is not likely to correspond to
a discrete frequency bin k. A linear interpolation between the
two closest discrete frequency bins is a simple and adequate in-
terpolation procedure.

Over the GlogS, the candidate pitch F0 in the analyzed seg-
ment can be determined by the position of the highest peak.
Nevertheless an ambiguous characteristic of the raw GlogS (4)
comes from the high values of GlogS at multiples of the actual
pitch value. This ambiguity, that is proven in the next section,
can be resolved with the following counter-definition of fun-
damental frequency: frequency f is not the fundamental fre-
quency, if one of its simple fractions f/q (where q > 1 is an
integer) is of comparable gathered level, that is, if ρo(f/q) ≈
ρo(f). The following simple transformation of the raw GlogS
resolves this ambiguity:

ρ(f) = ρo(f) − max
q∈Z

n
ρo(f/q)

o
. (6)

Then, the pitch estimate is obtained as

F̂0 = arg max
f

ρ(f) . (7)

The next section analyzes the statistical properties of this
new operator.

3. Statistical Properties of GlogS
Let us consider a speech signal corrupted by additive white
Gaussian noise of power spectral density No. 1 In case of α �

1The extension to colored stationary noise is not difficult: the noise
can be theoretically whitened with frequency enhancement.

γ, the power spectrum S(f) is composed of narrow peaks,
which yield to the following approximation

S(f) �

(
|X(f)|2 if |f − ifo| < σf ,

|N(f)|2 otherwise,
(8)

where σf is the spectral width of the analysis window. Fig.
1 contains a synthetic example demonstrating the effect of the
analysis chirp rate on the harmonic representation, which vali-
dates the approximation (8). Then the raw GlogS is equivalent
to

ρo(f) ≡ (1 − �) log X2 +
1

H

�HX
i=1

log ηi, (9)

where log X2 represents the voiced-speech log-energy, � is
the percentage of frequencies multiple of f that do not ’hit’ a
harmonic location and ηi are independent and identically dis-
tributed (i.i.d.) random variables representing the samples of
the spectral noise.
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Figure 1: Fourier (middle) and HChT (bottom) analysis of 64
ms of pitch-varying synthetic speech signal (top): vowel /a/,
formants in 760-1300-2800 Hz, F0 = 100 Hz, γ = 1.6.

Let us now analyze the variance dependency of the GlogS
(4) regarding to the noise power No. It is known that each ran-
dom variable ηi = |N(f)|2 in (9) is a chi-square with two de-
grees of freedom, whose probability density function (p.d.f.) is
an exponential function

p(η) =
1

No

e
− η

No . (10)

The mean and variance of the logarithm of an exponential dis-
tribution are respectively

µlog η =

Z
∞

0

log η p(η) dη = log No − γ, (11a)

σ2
log η =

Z
∞

0

(log η − µlog η)2 p(η) dη =
π2

6
, (11b)

where γ is Euler’s constant and can be disregarded here due to
its low value (γ = 0.5772). Then according to the central limit
theorem [15], (9) is equivalent to

ρo(f) ≡ (1 − �) log X2 + N (� log No, κ�f) , (12)



where N(µ, σ2) is a Gaussian p.d.f. of mean µ and variance σ2,
and κ = π2/(3fs) is a constant. The final approximation (12)
shows the No-independence of GlogS variance. We see that the
spectral noise variance is affected by No and, the variance of
the GlogS is proportional to frequency f 1. In contrast, in case
of gathering the linear spectrum (and not the logarithmic), the
spectral-noise-variance would be affected by No.

The noise-robustness of the harmonicity estimation (4) is
valid when (8) is fulfilled, that is, when the analysis chirp rate is
close to the actual pitch rate. However the No-independence of
GlogS variance does not mean that the estimation of the pitch
based on (12) is completely immune to noise: if the noise power
is large enough to hide all the harmonics, then “hitting” a har-
monic would actually mean “hitting noise”, � would grow to
one for all frequencies and ρo(f) � log No. In less extreme
noisy conditions, for frequencies not related harmonically to the
pitch F0, the hits in harmonic locations is low (� � 1) and then
ρo(f) ≈ log No, whereas in case of the actual pitch all hits take
place in harmonic locations, � = 0, and ρo(F0) = log X2 (if
the noise is as high as to hide some harmonics, the coefficient �
would increase accordingly).

The ambiguity in the raw GlogS appears in case of small-
number fractions of the pitch, especially at integer multiples h
of the actual pitch, i.e.,

ρo(F0) ≈ ρo(hF0) . (13)

A similar probabilistic model to (10) can be used with the har-
monic level and assume that it corresponds to the realization of
i.i.d. random variables 2 χi of mean µX = X2 and variance
σ 2
X . According to the previous properties of the logarithm (11),

the variance of log χi remains constant regardless of variance
σ 2
X and

Var
ˆ
ρo(hF0)

˜
∝ h, (14)

The main conclusion from the previous part is the GlogS-
robustness against formant structure and noise level. According
to (13) the processed GlogS (6) satisfies ρ(hF0) ≈ 0 for h > 1
(and the noise level is shifted to 0). Then ρ(f) presents a dom-
inant peak at the actual pitch and thus taking the position of the
maximum (7) represents robust pitch estimation method.

4. Results
The first experiments aim to show the accuracy of the pitch es-
timation in relation to the analysis chirp rate, something that
is difficult to draw from a theoretical approach. The analysis
was carried out with simulations of the synthetic speech seg-
ment depicted on Figure 1. The resulting probability of false
pitch detection of the proposed method is shown on Figure 2.
Pitch detection error refers to an estimated pitch outside the 2%
margin of the actual pitch. The most significant result is that
the HChT-based pitch estimation is nearly independent on the
pitch-change-rate when setting the anlysis chirp-rate parameter
to the value of the pitch-change-rate (α = γ). On the contrary,
pitch estimation based on the Fourier spectrum is extremely
sensitive to the quasi-periodic characteristics of speech. This
proves the enhanced noise dependency of GlogS in case of ap-
plying STHChT instead if STFT.

1Since the pitch is usually of low frequency, ρo(f) has low noise
disturbance around the hypothetic pitch values F0.

2One can argue that the formant structure is deterministic. However
since the GlogS is nearly independent on the harmonic order, then the
proposed probabilistic model is reasonable.

In our practical experiments speech signals sampled at 8
and 11 kHz were analyzed. A hamming window with a length
of 256 samples with a constant (M = 64) stepsize was ap-
plied. The weighted frames were zero-padded before applying
the STFT, eventually STHChT. Figure 3 compares segmentwise
pitch-candidate estimation by applying (4) on SFFT-based (a)
and Short-time Harmonic Chirp transform (STHChT)-based (b)
representations. Note, that while the application of longer win-
dow would normally yield to more smeared spectral bins in hor-
izontal direction (and also in vertical in case of changing pitch),
it can be applied in the second case without any obstacle, yield-
ing to much more detailed time–frequency representations. In
these final experiments the enhancement of pitch trajectory de-
rived from the re-assigned log-STHChT over the STFT-based is
clearly visible.

We need to mention that the effect of formant structure
could be incorporated into the method: or by tracking and en-
hancing only those harmonics representing the formants, or by
removing the harmonic structure by demodulating the speech
signal (for example by going to complex cepstral domain, re-
moving the coefficients representing the formant structure and
resynthesizing the speech).

5. Conclusions
In this work a new pitch extraction algorithm is proposed, and
its statistical properties are analyzed. Its performance is demon-
strated on real recordings. Even the numerical evaluation of
the performance of the method by comparing it to other tech-
niques is our future plan (including with the extension of the
estimation method by a continuous speech tracking algorithm),
its mastery is obvious from the mathematical analysis presented
in this work. The frequency resolution of the proposed method
is less limited by the segment-length used inside a speech ac-
tivity region, and it performs robustly for quasi-periodic seg-
ments, showing even high change of pitch value. By the use of
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Figure 2: Relation between the signal-to-noise ratio (SNR)
and the probability of false pitch estimation for different pitch-
change-rates γ. The gathered log spectrum (GlogS) is derived
from the Fourier spectrum (solid) and Harmonic-Chirp spec-
trum with α = γ (dashed). The HChT-based curves keep the
same order as those based on FFT. Each curve was obtained by
averaging 10,000 simulations.
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Figure 3: Harmonicity analysis of a natural male speech signal: (a) Short-Time Fourier representation, and STFT-based time evolution
of harmonicities (b) Short-Time Harmonic Chirp representation, and STHChT-based time evolution of harmonicities

the STHChT instead if STFT the noise-variance independence
of GlogS-variance has been proven.
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