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Abstract
The Short-Time Fourier Transform is the most popular time-
frequency analysis tool applied in speech processing. This
transform delivers fair quality analysis for periodic signals,
but, since speech is quasi-periodic, the transform suffers from
blurry harmonic representation when voiced speech undergoes
changes in pitch. This frequency variation could be relative high
in comparison with the analysis window length, this leading to
inconsistent bins in frequency or time domain. This paper is
focused on a method to achieve accurate time-frequency rep-
resentation of speech signals also with changing pitch, and is
based on a new self-adaptive analysis tool, called the Short-time
Chirp transform (STChT). The basis of this transform is com-
posed of quadratic chirps whose chirp-rate is updated for each
analysis segment according to the pitch evolution. The pitch tra-
jectory is estimated segment-by-segment by a new harmonicity
analysis tool introduced in this paper. The Short-Time Chirp
Transform offers more detailed time-frequency representation
of speech signals especially with changing pitch as occurs in
normal intonation.

1. Introduction
Time-frequency (TF) signal analysis is a field of active research,
especially in case of speech processing [1][2]. By analyzing
voiced speech we note its dominant harmonic structure. A pop-
ular technique to model speech signals is to synthesize its har-
monic structure by sinusoids [3]. When the pitch changes, a
modelling based on chirpy components is much more accu-
rate, due to the proportional frequency change of higher har-
monic components. Since chirpy signals define fundamental
functions in the nature, precise multidimensional representa-
tion of such non-stationary signals is of great importance. Bat
and whale signals have been the topic of many researcher, ap-
plying chirplets to analyze their TF structure. The so-called
Chirplet transform was proposed in [4] and Chirplet banks -
[5] and warped wavelets [6]. The election of the appropriate
basis according to the TF characteristics of the analyzed sig-
nal is still a research topic, recent works are based on search
methods [7], approximating the chirpy signal with a linear gaus-
sian chirp, and trying to estimate the chirp-rate (the relative fre-
quency change) by using search techniques. When analyzing
chirpy signals (bat sound) or signals consisting of chirpy com-
ponents (as voiced speech), the Short-time Fourier transform
(STFT) provides poor TF localization of harmonic components
with a quick varying fundamental frequency. This fast variation
of pitch occurs in natural conversation. The increase in time

resolution could be achieved only by decreasing the frequency
resolution, and viceversa. Therefore, if the frequency of the an-
alyzed signal changes during the analysis window, the output of
STFT is a smeared representation. Since decrease of the anal-
ysis window length would lead to lower frequency resolution,
one way to eliminate the smearing effect is to apply another
analysis basis, composed of chirpy signals.

The work presented here is based on the Short-Time Chirp
Transform (STChT) introduced in [10]. This analysis tech-
nique is based on a transform, supporting the use of a quadratic-
chirp basis, which is designed adaptively to match the expected
chirpy components of the speech signal under analysis. The ba-
sis is composed of quadratic chirps, these following the pitch
tendency in each frame. The chirp-rate of the harmonic basis is
derived from the pitch trajectory. The work [10] used an interac-
tive graphical interface to ’manually’ track the pitch by inspect-
ing the spectrogram. Its output was the samples of the pitch tra-
jectory calculated by using spline-based interpolation over the
selected samples. The reason for using this tool was the need for
controlled errorless pitch-trajectory estimation. In this paper a
new harmonicity analysis tool is defined for automatic segment-
by-segment pitch-rate estimation. This automatic method esti-
mates common harmonicities in TF-space, which means that
beside the exact pitch evolution, further harmonicities present
in the signal are derived from short-time spectrum. The har-
monicity analysis is based on ’reindexing’ the bins of the origi-
nal spectrum. Therefore we named this analysis technique ’Har-
monicity reindexing’. This precise pitch estimation mechanism
is the motor of the adaptive Short-Time Chirp Transform.

In the following sections first the Short-Time Chirp Trans-
form (STChT) is described, as a more general formulation of
STFT; then the ’Harmonicity reindexing’ method used for pre-
cise pitch estimation is introduced, and finally, their application
on speech signals with some implementation notes is presented.

2. The Short-Time Chirp Transform
The short-time Fourier transform (STFT) is defined as

Sx(n, k) =

N−1X
m=0

x[m + nM ] w[m] exp(−j 2π k n/N) (1)

wherex[n] is the analyzed discrete signal,w[n] is the sliding
analysis window with a length ofN samples,n is discrete time,
andk represents discrete frequency. The sliding window with
stepsizeM emphasizes the local frequency properties of the sig-
nal and the analysis basis is defined by complex exponentials.
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By assuming that the instantaneous frequency of the com-
ponent to represent in detail changes linearly during the analysis
interval, a more precise TF representation can be accomplished
by using linearly varying complex exponentials, or chirps as
analysis basis in time interval[0, N − 1]:

ξ(m, k, α) = exp (j2π k m (1 + α (m−N))/N) (2)

whereα is the normalized frequency variation rate.
This new basis replaced in (1) gives rise to the Short-Time

Chirp Transform (STChT), which in discrete form is

Cx(n, k, αn) =

N−1X
m=0

x[m + nM ] w[m] ξ(m, k, αn)∗ (3)

where superscript∗ denotes complex conjugate andαn is the
discretized time-variant chirp-rate for then-th segment.

The TF resolution of STChT relies on the correct estimation
of chirp rateαn. This parameter is derived from the averaged
frequency variation of the main signal components in then-
th segment, normalized by the mean frequency value and the
segment-length.

αn =
4F0

F0 M
=

2(Fn − Fn−1)

M(Fn + Fn−1)
(4)

Heren is discrete time-index,Fn andFn−1 are values of mean
frequencyF0 calculated from the actual and previous segments.
The chirp-rate calculated by using (4) holds atm=0 and could
slightly differ from the pitch-change rate atm=N -1.

Quadratic chirps are nearly orthogonal in the interval of
analysis

1

T

N−1X
n=0

ξ(n, k1, α) ξ(n, k2, α)∗ =

=
1

T

N−1X
n=0

ξ(n, k1 − k2, α) ≈ δ(k1 − k2)

(5)

whereδ(·) is a Kronecker delta, so the STChT becomes quasi-
invertible. The inverse transform is computed by applying the
conjugate of the analysis basis as synthesis basis, followed by
either an overlap-add or overlap-save method, analogously to
the STFT. In fact it can be proven that the inverse process has
perfect reconstruction (but the prove is out of the scope here).

The STChT is a general formulation of the STFT, by using
one additional parameter, the chirp rate. If this rate is set to 0,
the STChT resembles the standard STFT. Additionally, when
applying this transform one should be aware of spectral alias-
ing that could appear at highest frequencies due to the aliasing
raising from the sweeping basis-waves at high chirp-ratesα.

Figure 1 demonstrates the effectiveness of STChT by an-
alyzing voiced female speech segment with slightly changing
pitch. The upper side of the image represents the Fourier spec-
trum, while the bottom is the result of the ’chirp’ analysis ap-
plied on the segment. We can clearly see how important the
match between the signal under analysis and the transform basis
is. In this case the value ofαn in (3) was set to the known pitch
changing rate of the speech segment. For continuous speech, a
precise, harmonic structure-based pitch tracking algorithm was
applied, which is described in the next section.
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Figure 1: Fourier and ’chirp’ log-spectra of a female voiced
speech with slightly changing pitch.

3. Harmonicity analysis
It is the harmonic structure of the speech, which makes its per-
ception robust in noisy environment. Even with distorted har-
monic structure, the main frequency is recoverable and track-
able by a joint extraction of the information from each har-
monic component. Since the human auditory system is sensitive
in logarithmic scale, the main idea of our pitch tracking algo-
rithm is to estimate the energy for frequenciesf0 between (50
- 500)Hz by collecting/re-assigning the energy of all harmonic
components corresponding to this pitch value.

Common harmonicities in time-frequency space could be
derived from any short-time spectral representation. IfH(n) is
the number of considerable harmonic components at framen,
their contribution is calculated by re-assigning their energy:

E(n, f0) =
1

H(n)

H(n)X

h=1

E0(n, hf0). (6)

The energy of a supposed harmonic component at arbitrary fre-
quencyf0 could be estimated even from a low-resolution spec-
tral representation by linear interpolation:

E0(n, f0) = (1− ρ) S(n, k̂0) + ρ S(n, k̂0 + 1), (7)

whereS(n, k) is a log-magnitude spectral bin of STChT, and

k0 =
f0

fS
·N, (8)

k̂0 = floor(k0),

ρ = k0 − k̂0.
(9)



After evaluating this energy re-assignment, the pitch for the an-
alyzed segmentF0(n) is determined by choosing the highest
peak, that is

F0(n) = arg max
f0

E(n, f0). (10)

However it is clear that there will be several peaks in the re-
assigned spectrogram, which correspond to multiples and half
of the actual pitch (lower fractions of the pitch can be disre-
garded). Note that the double pitch peak has a level comparable
to that of the actual pitch and the half-pitch peak a lower level
(nearly to one half). The double pitch peak is removed by ap-
plying on the reindexed energy (6) the following operation

E1(n, f0) = E0(n, f0)− E0(n, f0/2), (11)

and the half-pitch peak is removed accordingly by

E2(n, f0) = E1(n, f0)− E1(n, 2f0). (12)

The order of the operations (11) and (12) has to be observed.
Figure 2 demonstrates the harmonicity analysis of a male

speech signal with a strong intonation. The upper image shows
the classical log-magnitude STFT, the mid image depicts the re-
assigned spectrogram with multiple peaks, and finally, the reas-
signed spectrogram clean of fake peaks is shown on the bottom
image.

4. Notes and practical results
In our practical experiments speech signals sampled at 8 and
11 kHz were analysed. 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 on them. The spectrograms we obtained were later
compared with the ones derived by using the proposed STChT.
The frequncy-chage-rateαn required by the STChT to build the
adaptive basis for each segment was derived from the pitch tra-
jectory by replacingFn in (4) byF0(n) from (10). To estimate
the pitch trajectory the pitch tracking algorithm described in the
previous section was used: harmonicities with a step of 1Hz
were estimated between 50 and 500Hz buy reassigning the en-
ergy of 10 (if present) higher harmonic components (H(n) =
10).

If no dominant harmonicity was found for a segment, or
the pitch value was hard to estimate because of discontinuity in
time, the analyzed segments were considered as unvoiced, and
the frequency variation rateαn was set to zero. In such cases
STChT resembles the standard STFT.

The effectiveness of the STChT is depicted in Figure 3. The
upper image represents the Short-time Fourier analysis of a con-
tinuous female speech, while the bottom image shows the Short-
time Chirp analysis of the same signal. This signal is cut from a
normal conversation and its fundamental frequency undergoes
variation due to natural intonation. As the frequency increases,
details in the harmonics decrease. We can see how clearly re-
veals the chirp transform the rich harmonic structure throughout
the bandwidth that the STFT cannot draw.

Figure 4 shows the difference when applying the Harmonic
analysis on STFT-based and STChT-based

5. Conclusions
Challenging problems such as speech enhancement, de-noising,
blind separation of speakers, and separation of music instru-
ments require not only sophisticated data-processing algorithms
but also fine multidimensional signal representation.
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Figure 2: (a)Fourier-spectrogram of a continuous female
speech (b) reassigned spectrogram with aliases (c) reassigned
spectrogram without aliases.

This work is based on the Short-Time Chirp Transform, a
new powerful tool for time-frequency analysis of speech sig-
nals. Since the basis-function of STChT can exactly match
the harmonic structure of voiced speech, this technique gives
a much more detailed representation of speech than the com-
monly used STFT, and also, as shown in our previous work,
outperforms SPWVD by preserving all the formant information
even at low energy time-frequency regions. Since the signal can
be resynthesized from its STChT, the proposed method is also
suitable for filtering purposes.

The parameter of the STChT required to build the adap-
tive basis for each segment is the first derivative of the pitch
trajectory estimated by the Harmonicity reindexing method in-
troduced in this paper. This algorithm estimates common har-
monicities in time-frequency space, which means that beside
the exact pitch evolution further harmonicities - also present in
the background of the analysed source - are derived from any
short-time spectral representation. In our experiments the pitch
trajectory is derived from the re-assigned log-STFT. We have
shown that the log-STChT-based Harmonicity estimation is of
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Figure 3: Comparison of log-STFT (a) and log STChT
(b)applied on a natural male speech signal
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Figure 4:Harmonicity analysis derived from (a) STFT spectro-
gram and (b) STChT spectrogram without aliases.

higher quality, therefore a more noise-robust way to estimate
the pitch is to apply the re-assignment directly on STChT, on a
feed-back way.
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