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1 Introduction

We introduce in this paper the extension to
speech spectrum of the Harmonic-Temporal Struc-
tured Clustering (HTC) method [1] developed for
feature extraction of multi-stream music signal and
estimating the structure in time and frequency di-
rections simultaneously by decomposing the energy
pattern into distinct clusters such that each of them
is originated from a single sound stream. We first
consider here the case of a single speaker, and im-
pose a common pitch contour function to all the
clusters which are now intended at representing por-
tions with different spectral structures succeeding to
each other continuously. By using a spline model for
the pitch, we are able to obtain analytical update
equations and optimize the model using the EM al-
gorithm. As a first insight on this model’s accuracy,
we present very good results on its performance as
a pitch extractor.

2 Formulation of the model

2.1 Original HTC model
The problem is to approximate as well as possi-

ble an observed power spectrum W (x, t), where x
and t are log-frequency and time, by the sum of K
parametric models qk(x, t;Θ) modeling the power
spectrum of K “sources”, with pitch µk(t), written
in the form

qk(x, t;Θ) =
∑

n,y

Skny(x, t;Θ), (1)

where Θ is the set of all parameters and with log-
arithmic kernel densities log Skny(x, t;Θ) which are
supposed to have the following shape:

log Skny(x, t;Θ) = log
wkvknukny

2πσkφk

− (x − µk(t) − log n)2

2σ2
k

− (t − τk − yφk)2

2φ2
k

, (2)

where the parameters wk, vkn and ukny are normal-
ized to unity (Refer to [1] for a precise description
of the parameters). The Skny are subkernels of en-
ergy for which a membership degree m(k, n, y;x, t)
among the total power spectrum W is introduced,
such that the energy for each subkernel is

lkny(x, t) = m(k, n, y; x, t)W (x, t). (3)

Our goal is then to minimize with respect to Θ
the sum over k, n and y of the inter-class Kullback-
Leibler distance between m(k, n, y; x, t)W (x, t) and
Skny(x, t;Θ). One can show [1] that this amounts
to finding Θ̂ maximizing

I(Θ) =
∑

k,n,y

∫∫

D

lkny(x, t) log Skny(x, t;Θ)dxdt. (4)
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This fuzzy clustering problem can be solved using
the EM algorithm, the possibility to obtain analyt-
ical update equations during the M-step depending
on the actual expression of µk(t). If the HTC pa-
rameters do not enter in this expression, then the
update equations obtained in [1] can be used as is,
and we only need to obtain update equations for the
pitch contour parameters.

2.2 HTC model for a single speaker
We suppose in this paper that there is only one

speaker, and that the pitch is thus the same for all
the sources inside the HTC model (µk = µ). Our
intention is to have a succession in time of slightly
overlapping sources which correspond if possible to
successive phonemes, or at least to the main struc-
tures of the speech flow. As the structure is assumed
harmonic, the model is originally designed for voiced
speech.

We chose to use cubic splines to model a smooth
speech pitch contour in order to obtain analytical
update equations for the pitch parameters. The
analysis interval is divided into subintervals [ti, ti+1[
of equal length and areas without significant sound
where avoided using a threshold on the total en-
ergy. The parameters of the spline contour model
are then the values zi = µ(ti) of the contour at ti,
and the values z′′i = µ′′(ti) of the second derivative
are obtained through z′′ = Mz for a certain matrix
M computed offline, supposing that the first-order
derivative is 0 at the bounds of the analysis inter-
val. The contour µ(t; z) on the whole interval is
then given, for t ∈ [ti, ti+1[, by

µ(t; z) =
1

ti+1 − ti

(
zi(ti+1 − t) + zi+1(t − ti) (5)

− t − ti
6

(ti+1 − t)
[
(ti+2 − t)z′′i + (t − ti−1)z′′i+1

])
.

Pluging this expression into (2) and putting the
derivatives with respect to the zj to 0, one finds
update equations analytically, as in [1]:
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lkny(x, t)dxdt

(6)

where µ̂j(t;zn) = µ(t; zn)− ∂µ
∂zj

(t)zn
j is the part of

the pitch contour that does not depend on zj .
The partial derivatives with respect to the other

parameters (wk, τk, ukny, vkn, φk, σk) are the same
as in [1], as mentioned above.

An example is presented in Figure 1, on the
Japanese sentence “Tsuuyaku denwa kokusai kaigi
jimukyoku desu” (“通訳電話国際会議事務局です”)
uttered by a female speaker, with the observed and
modeled (after 30 iterations) spectrogram. One can
see that the model approximates very well the spec-
trum and that pitch contour is accurately estimated.



(a) Observed Spectrogram (b) Modeled Spectrogram

Fig. 1 Observed and modeled spectrograms with estimated pitch contour (「通訳電話国際会議事務局です」-
“Tsuuyaku denwa kokusai kaigi jimukyoku desu”, female speaker).

3 Experimental Evaluation

We evaluated the accuracy of the pitch estima-
tion of our model on speech data from the B set
of the ATR speech database [2], with the pitch la-
bels given as a reference. We used 5 utterances of
the male speaker MYI and 5 utterances of the fe-
male speaker FYM. Power spectrum was built us-
ing Gabor wavelet transform (16ms time resolution,
16kHz sampling rate, 60kHz lowest frequency, 14
cent frequency resolution). The spline contour’s ini-
tial shape was fixed flat, at 280Hz for female speech
and 230Hz for male speech, and the length of the
interpolation intervals was fixed to 8 frames. The
HTC model was built using K = 8 to 16 sources
depending on the length of the utterance, each of
them with N = 10 harmonics (although insufficient
for proper analysis of a speech signal, this is enough
for pitch extraction), and with power envelope func-
tions made using Y = 5 gaussian kernels. The initial
values of wk, τk and φk were determined uniformly,
and σk was fixed to 360 cent.

Deviations over 5% from the references were
deemed to be gross errors and the areas were ref-
erence pitch is zero (no sound or unvoiced portions)
were not considered in the computation of the ac-
curacy. The results can be seen in Table 1, with for
comparison the results we obtained using the clas-
sical cepstrum technique [3]. Although our model
is not dedicated to pitch estimation, its accuracy is
very good. Moreover, its harmonic nature doesn’t
hinder it from performing well even in the presence
of unvoiced portions of speech inbetween the voiced
portions where pitch is extracted, confirming the ro-
bustness of the 2D time-frequency analysis.

4 Conclusion and future works

We introduced a model describing the spectrum
as a sequence of spectral cluster models governed
by a common pitch contour function, with smooth
transitions in the temporal succession of the spec-
tral structures. We explained how to optimize its
parameters efficiently and evaluated the accuracy of
the pitch contour estimation with very good results.

So far, the model has been designed for a single
speaker, but we plan to extend it to simultaneous
speech from multiple speakers, in order to separate
them or extract their respective speech attributes, as
well as multi-pitch analysis of music signals. Con-
cerning the applications of our model, we would

Table 1 Pitch estimation results
Accuracy (%)

Speech File Cepstrum Proposed
’myisda01’ 88.2 95.4
’myisda02’ 88.4 98.7
’myisda03’ 84.8 97.9
’myisda04’ 85.1 94.4
’myisda05’ 76.8 98.1
’fymsda01’ 86.3 96.8
’fymsda02’ 87.1 92.8
’fymsda03’ 83.3 96.6
’fymsda04’ 86.7 97.5
’fymsda05’ 85.2 98.7

like to use the speech attributes obtained together
with the ASAT framework [4] in the near future,
and hope that these new features will help raise the
recognition accuracy. From a specifically speech ori-
ented point of view, we are currently working on
introducing the Fujisaki pitch generation model [5]
into our framework, as this should enable us to ob-
tain even more relevant features to be used in the
future.
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