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ABSTRACT

This study proposes a method to decompose a signal into a set of pe-
riodic signals with time-varying amplitude. The proposed method
imposes a penalty on the resultant periodic subsignals in order to
improve the sparsity of the decomposition. This penalty is defined
as the sum of the l2 norms of the resultant periodic subsignals to
find the shortest path to the approximation. By this penalty of the
sparsity, the proposed decomposition extracts significant periodic
components from a mixture and has ability of the source estimation
for mixtures of periodic signals. In experiments, we apply the pro-
posed decomposition to speech mixtures and demonstrate that the
proposed decomposition can estimate periodic components of each
source speech and detects pitch contours of the source. In addition-
ally, the single-channel speech separation using a lazy assignment
of the periodic signals is presented to demonstrate the source sepa-
ration capability of the proposed decomposition.

1. INTRODUCTION

Periodicities are found in speech signals, musical rhythms, biomed-
ical signals and machine vibrations. In many signal processing ap-
plications, signals are assumed to be periodic or quasi-periodic. Es-
pecially in acoustic signal processing, signal models based on peri-
odicities have been proposed. The sinusoidal modeling [1] has been
proposed to transform an acoustic signal to a sum of sinusoids. The
frequency of sinusoids for the representation is detected in the short-
time Fourier transform (STFT) spectrum by peak-picking. This ap-
proach depends on the frequency spectrum of the signal. The sig-
nal modeling in the time-domain [2] has been proposed to extract
a waveform of an acoustic signal and its parameters of the ampli-
tude and frequency variations. These approaches aim to represent
an acoustic signal that have single fundamental frequency.

For detection and estimation of more than one periodic signal
hidden in a signal mixture, several signal decomposition techniques
capable of decomposing a signal into a set of periodic subsignals
have been proposed [3, 4, 5]. In [4], an orthogonal decomposition
method based on periodicity has been proposed. This technique
achieves the decomposition of a signal into periodic subsignals that
are orthogonal to each other. The periodicity transform [3] decom-
poses a signal by projecting it onto a set of periodic subspaces. In
this method, seeking periodic subspaces and rejecting found peri-
odic subsignals from an input signal are performed iteratively. For
reduction of the redundancy of the periodic representation, a penalty
of sparsity has been introduced to the decomposition in [5]. In these
periodic decomposition method, the amplitude of each periodic sig-
nal in the mixture is assumed to be constant. So, it is difficult to ob-
tain the significant decomposition results for the mixtures of quasi-
periodic signals with time-varying amplitude.

In this paper, we introduce a model for periodic signals with
time-varying amplitude into the periodic decomposition. In order
to reduce the number of resultant periodic subsignals obtained by
the decomposition and represent the mixture with only significant
periodic subsignals, we impose a sparsity penalty on the decompo-
sition. This penalty is defined as the sum of l2 norm of the resultant
periodic subsignals to find the shortest path to the approximation of

the mixture. The waveforms and the amplitude of the hidden peri-
odic signals are iteratively estimated with the penalty of the sparsity.
The proposed decomposition can be interpreted as a sparse coding
[10] with non-negativity of the amplitude and the periodic structure
of signals. In our approach, the decomposition results are associ-
ated with the fundamental periods of the source signals in the mix-
ture. So, the pitches of the source speeches can be detected from
the speech mixtures by the proposed decomposition.

First, we explain the definition of the model for the periodic sig-
nals. Then, the cost function including the sparsity measure is pro-
posed for the periodic decomposition. A relaxation algorithm for
the sparse periodic decomposition is also explained. The source es-
timation capability of our decomposition is demonstrated by several
examples of the decomposition of synthetic periodic signal mix-
tures. Next, we apply the proposed decomposition to speech mix-
tures and demonstrate the speech separation. In this experiment,
the ideal separation performance of the proposed decomposition
is compared with the separation method obtained by an ideal bi-
nary masking [11] of a STFT. Finally, we provide the results of the
single-channel speech separation with simple assignment technique
to demonstrate the possibility of the proposed decomposition.

2. MODEL FOR PERIODIC SIGNALS WITH
TIME-VARYING AMPLITUDE

Let us suppose that a sequence { fp(n)}0≤n<N is a finite length pe-
riodic signal with length N and an integer period p. It satisfies the
periodicity condition with integer period p ≥ 2 and is represented
as

fp(n) = ap (n)
K

∑
k=0

tp (n− kp) (1)

where K = b(N − 1)/pc that is the largest integer less than or
equal to (N − 1)/p. The sequence {tp(n)}0≤n<p corresponds to
a waveform of the signal in a period and is defined over the interval
[0, p−1]. tp(n) = 0 for n≥ p and n < 0. This sequence is referred to
as the p-periodic template. The sequence {a(n)}0≤n<N represents
the amplitude variation of the periodic signal.

In this study, we discuss the decomposition of mixtures of the
periodic signals that can be represented in the form of (1). To ap-
proximate periodic signals, we obtain a model with discretized am-
plitude variations. We assume that the amplitude of the periodic
signal varies slowly and can be approximated to be constant within
a period. By this simplification, we define an approximate model
for the periodic signals with time-varying amplitude as

fp(n) =
K

∑
k=0

ap,ktp(n− kp). (2)

In order to represent a periodic component without DC component,
the average of tp(n) over the interval [0, p− 1] is zero and the am-
plitude coefficients ap,k is restricted to non-negative values.

These p-periodic signals can also be represented in a matrix
form as:

f p = Aptp. (3)
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In this form, the amplitude coefficients and the template are repre-
sented in an N by p matrix Ap and a p-dimensional template vector
tp that is associated with the sequence tp(n), respectively. Ap is a
union of the matrices as

Ap =
(
Dp,1,Dp,2, · · · ,Dp,K+1

)T (4)

where superscript T denotes transposition. {Dp, j}1≤ j≤K are p by p
diagonal matrices whose elements correspond to ap, j−1. Dp,K+1 is
a p by N − pK matrix whose non-zero coefficients that correspond
to ap,K appear only in (i, i) elements. Since only one element is
non-zero in any row of the Ap, we define the Ap as an orthonormal
matrix. Alternatively, p-periodic signals in (2) can be represented
as

fp = Tpap. (5)

In this form, the amplitude coefficients and the template are repre-
sented in a N by K +1 matrix Tp and K +1-dimensional amplitude
coefficients vector ap whose elements are associated with the am-
plitude coefficients {ap,k}, respectively. Tp consists of the column
vectors that correspond to the shifted versions of the p-periodic tem-
plate. As same as Ap, only one element is non-zero in any row of
Tp. So, we define Tp as an orthonormal matrix.

In this study, we propose an approximate decomposition
method that obtains a representation of a given signal f as a form:

f = ∑
p∈P

fp +e (6)

where P is a set of periods. e is an approximation error between the
model and the signal f . We suppose that the signal f is a mixture
of some periodic signals that can be approximated by the form of
(2), however, the periods of the source signals are unknown. So,
we specify the set of periods P as a set of all possible periods of the
source signals for the decomposition. If the number of the periods in
P is large, the set of the periodic signals {fp}p∈P that approximate
the signal f with small error is not unique. To achieve the significant
decomposition with the periodic signals that are modeled as form of
(2), we introduce the penalty of the sparsity into the decomposition.

3. SPARSE APPROXIMATE DECOMPOSITION FOR
PERIODIC SIGNAL MIXTURES

3.1 Sparse Periodic Approximate Decomposition
In many sparse decomposition methods, l1 norm plays vital role
as the sparsity measure. The basis pursuit (BP) [8] decomposes a
signal f into a linear combination of basis vectors included in an
over-complete dictionary Φ as:

min ||c||1 subject to f = Φc, (7)

where || · ||1 denotes the l1 norm of a vector. Φ and c are the matrix
that contains the normalized basis vectors and the coefficient vector,
respectively. Since the l1 norm is defined as the sum of the abso-
lutes of the elements in the coefficient vector c, BP determines the
shortest path to the signal from the origin through the basis vectors.
The number of the basis vectors with nonzero coefficients obtained
by choosing the shortest path is much smaller than the least square
solution obtained by minimizing the l2 norm [8]. An approximation
of the solution of BP is obtained from the penalty problem of (7) as
follows:

ĉ = argmin
c

1
2
||f −Φc||22 +λ ||c||1 (8)

where λ denotes a Lagrange multiplier. This unconstrained mini-
mization problem is referred to as basis pursuit denoising (BPDN)
[8]. The dictionary Φ is fixed for signal representation in the BP
and BPDN. In a sparse coding strategy [10], the dictionary Φ is
adapted to the set of the signals. The dictionary is updated with the
most probable one under the estimated coefficients and the set of
the signals [10].

For our periodic decomposition, we also impose the sparsity
measure on the decomposition under the assumption that the mix-
ture contains a small number of periodic signals that can be approx-
imated in the form of (2). Our objective is to achieve signal decom-
position to obtain a small number of periodic subsignals rather than
basis vectors. In order to achieve this, we define the sparsity mea-
sure as the sum of l2 norms of the periodic subsignals to find the
shortest path to the approximation of the signal as well as BPDN.

With the penalty of the sparsity, we define the cost function E
for the periodic decomposition as:

E
(
{fP}p∈P

)
=

1
2
‖ f − ∑

p∈P
fp ‖2

2 +λ ∑
p∈P

αp ‖ fp ‖2 . (9)

In our periodic decomposition, a signal f is decomposed into a set
of periodic signals fp that is a minimizer of E. In this cost function,
the weights {αp}p∈P are included. A periodic signal with period p
and a constant amplitude is also a periodic signal with a period that
is a multiple of p. So, if the weight αp is constant for all periods, the
period of the p-periodic signal can be represented as any multiple of
p while preserving the cost function. To avoid overestimation of the
signal period, we impose the following condition on the weights:

αp1 < αp2 for p1 < p2. (10)

Under this condition, a periodic signal will be represented at the
smallest possible period to reduce the cost function. The overesti-
mation of periods will be avoided; however, few harmonics of the
source periodic signal in signal f may exhibit a tendency to separate
from the fundamental period.

3.2 Algorithm for Sparse Periodic Decomposition
When dictionary is a union of orthonormal bases, the solution of
the BPDN can be obtained by employing the block coordinate re-
laxation (BCR) algorithm [9]. In this subsection, we also apply a re-
laxation algorithm that updates each periodic subsignal to minimize
the cost function E as well as BPDN. This relaxation algorithm al-
ways updates one chosen periodic subsignal while assuming all the
other periodic subsignals to be fixed. In the updating of the chosen
periodic signal, the minimization of E is reduced to a scalar mini-
mization problem. The template and the amplitude coefficients of
the chosen periodic signal are alternatively updated in an iteration.

In the algorithm, we suppose that the set of periods P consists
of M periods which are indexed as {p1, · · · pM}. The relaxation
algorithm for the sparse periodic decomposition is as follows:
1) Set the initial amplitude coefficients for {Ap}p∈P
2) i = 1
3) Compute the residual r = f −∑ j 6=i fp j

4) Represent fpi as Apitpi . Update the template tpi with the solu-
tion of a subproblem:

min
tpi

1
2
‖ r−Apitpi ‖2

2 +λαpi ‖Apitpi ‖2 subject to uT
pi
tpi = 0

(11)
where upi is a pi dimensional vector whose elements are unity.

5) Represent fpi as Tpiapi . Update the template api with the solu-
tion of a subproblem:

min
api

1
2
‖ r−Tpiapi ‖2

2 +λαpi ‖Tpiapi ‖2 subject to api ≥ 0

(12)
6) If i < M, update i ← i + 1 and go to step 3). If i = M and the

stopping criterion is not satisfied, go to step 2).
The closed form solutions of (11) as follows:

tpi = vpi −
1
pi

(
uT

pi
vpi

)
upi (13)
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Figure 1: (a) Mixture, (b) DFT spectrum and (c) energy distribution
obtained by the proposed method.

Table 1: SNR improvements(dB) obtained by the sparse periodic
decomposition for mixtures of three periodic signals.

Tested set Ave. Max Min
28, 44, 52 12.1, 17.0, 15.0 19.2, 22.5, 21.3 6.8, 11.8, 9.2
30, 31, 32 16.8, 19.2, 19.2 25.2. 25.7, 25.2 10.1, 12.3,12.9
50, 51, 52 12.6, 14.5, 14.1 18.9, 20.3, 19.5 8.8, 8.7, 10.0

where

vpi =


||AT

pi
r||2−λαpi

||AT
pi
r||2 AT

pi
r for ||AT

pi
r||2 > λαpi

0 for ||AT
pi
r||2 ≤ λαpi .

(14)

The j-th column of the closed form solution of (12) is

a j,pi =
{

w j,pi for w j,pi ≥ 0
0 for w j,pi < 0 (15)

where w j,pi is the j-th element of wpi that is computed as:

wpi =


||TT

pi
r||2−λαpi

||TT
pi
r||2 TT

pi
r for ||TT

pi
r||2 > λαpi

0 for ||TT
pi
r||2 ≤ λαpi .

(16)

For stable computation, the update stage of the amplitude coeffi-
cient in Step 5) is omitted when the l2 norm of the template tpi
becomes zero after Step 4). The minimization is achieved by the
iteration of a simple shrinkage for the norm of the projected signal
on the subspaces that are spanned by the template and the amplitude
matrices. The projections can be implemented simply since both of
the matrices are orthonormal.

3.3 Decomposition Results for Synthetic Signal Mixtures
In this subsection, we provide several examples of the sparse pe-
riodic approximate decomposition. The examples demonstrate the
decomposition of synthetic signals generated by adding three pe-
riodic signals. The waveform of each source signal within a pe-
riod is generated from Gaussian random variables. The length of
the mixture N is 256. The envelopes of the three periodic signals
are specified as a constant, a decreasing Gaussian exp(−(2n/N)2)
and an increasing Gaussian exp(−(2(n−N)/N)2 function, respec-
tively. The squared norm and the average of each source periodic
signal are normalized to 10.0 and 0. Since the three source periodic
signals can be assumed to be independent, the SNR of each source
signal in the mixture is about −3.0 dB. The sets of three periods for

Figure 2: Source and decomposed periodic signals of the mixture
shown in Fig. 1(a).

mixtures are shown in the first column of Table. 1. The periods for
approximation are specified as integers in the range [10,59]. For de-
composition, the set of the weights αp is experimentally specified
as (p/N)1/4. λ is set at 10% of the l2 norm of the mixture. The
initial amplitude coefficients ap,k are constant for all periods. The
iteration of the relaxation method explained in Sect. 3.2 is stopped
when the l∞ norm of the difference between the periodic subsignal
before and after updating is lower than a threshold value. This value
is specified to be 0.001×λ . In order to evaluate the decomposition,
we compute the improvement in SNR. The improvement in SNR is
computed as the difference of the SNRs of the mixture and decom-
position results for each source period.

We generate 1,000 mixtures to test the decomposition algo-
rithm for each set of periods. Table 1 shows the average, maximum
and minimum of the SNR improvements of the decomposed peri-
odic signals for 1,000 tests. The SNRs of the decomposition results
are larger than 6.8dB and the average improvements exceed 12.0dB.
By these results, we see that the proposed decomposition can obtain
significant decomposition results and separate three sources into its
periods. In Fig. 1 and 2, an example of the mixture and its decom-
position result are shown. Fig. 1(a) shows a mixture consists of
three source periodic signals shown in Fig. 2. The discrete Fourier
transform (DFT) spectrum of the mixture is shown in Fig. 1(b). The
energy distribution of the resultant periodic signals of the mixture
is shown in Fig. 1(c). As we see in Fig. 1(c), three periodic signals
with large amplitude appear at the source periods. Small harmon-
ics components are separated from the source periods due to the
weighting of the sparsity measure, however, the almost energy of
the mixture is decomposed into the three source periods. In Fig. 2,
the periodic subsignals that appear in the decomposition result are
also shown. In this set of the periods, the harmonics with periods
1, 2, and 4 which are the common divisors of the source periods,
cannot be separated accurately. However, the other harmonics are
well collected to three fundamental periods.

4. REPRESENTATION AND SEPARATION OF SPEECH
SIGNAL MIXTURES

In this section, we apply the proposed sparse decomposition to
speech mixtures. The speech signals for the experiments were se-
lected 3 Japanese male and 3 female continuous speeches of about
8 s taken from ATR-SLDB (Spoken Language Database). The sam-
pling rate of each speech signal is converted to 8 kHz. 15 speech
mixtures that consist of two different speeches that are normalized
to same power are generated. For periodic decomposition, each
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Figure 3: (a) Speech signal (male, duration: 8.1 s, sampling freq. :
8 kHz) and (b) time-period energy distribution of (a)

Figure 4: (a) Speech signal (female, duration: 8.1 s, sampling freq.
: 8 kHz) and (b) time-period energy distribution of (a)

mixture is divided into segments that contain 360 samples with 3/4
overlap. In each segment, the periods for decomposition are spec-
ified to be integers in the range [10,120] which correponds to the
range of the fundamental frequencies of most men and women. The
stopping rule of the iteration of the relaxation method and the pa-
rameters are specified as the same rules that are mentioned in Sect.
3. 3.

The examples of the male and female utterances and its time-
period energy distributions are shown in Fig. 3 and Fig. 4. respec-
tively. In Fig. 3(b) and 4(b), the brightness indicates the power of
the resultant periodic signals for each segment and period. Darker
pixels indicate higher powers of the resultant periodic subsignals.
Our method decomposes a signal into the periodic signals with only
integer periods. Under this limitation, the speech components with
non-integer periods and the frequency variations that occurs in a
segment are represented as the sum of some periodic signals. So,
we see that the pitch contours are represented by some neighbor-
ing periods in these time-period distribution. Moreover, small pe-
riodic components with periods that are multiples and divisors of
the fundamental periods appear. These periodic components appear
due to the non-integer periodic components of the speeches and the
weighting of the sparsity measure in (9). However, the most of the
signal energy is concentrated around the fundamental pitch periods
of the speeches.

We also show the time-period energy distributions of the mix-
ture of two speeches. Fig. 5(a) and (b) show the mixture of the
source speech signals shown in Fig. 3(a) and Fig. 4(a) and its time-
period energy distributions, repspectively. We see that the time-
period energy distribution of the mixture in Fig. 5 is almost equal
to the sum of the two distributions of the source speeches shown
in Fig. 3(b) and Fig. 4(b). The both of the pitch contours of the
two source speeches are preserved in the distribution of the mixture.
The proposed decomposition method can approximate the mixture
while concentrating the energy of each speech to its pitch periods
and provides sparse representation of the mixture. It is expected
that the pitch periods of both the speech signals will be tracked in

Figure 5: (a) Mixture of female and male speeches and (b) time-
period energy distribution of (a)

Table 2: Average, minimum and maximum SNRs (dB) of approx-
imated speech segments and average numbers of periodic signals
obtained by the sparse decomposition

Speakers Ave. SNR Min. SNR Max. SNR Ave. num. of
periods

(M, M) 20.1 10.4 28.9 16.1
(F, F) 20.2 10.3 27.6 11.2
(F, M) 20.2 10.2 28.9 14.0

this time-period energy distribution. Moreover, speech separation
will be achieved by assigning the resultant periodic signals to the
sources. In order to evaluate the approximate decomposition, we
compute the SNR and the number of the non-zero resultant peri-
odic signals for each segment where the l2 norm is greater than the
noise level. The average, maximum and minimum SNRs over all
voice active segments of mixtures are shown in Table 2. In this ta-
ble, F an M denote female and male source speeches, respectively.
The average numbers of periods for approximation of a segment are
also shown. We see that the average approximation precision of the
proposed decomposition is about 20 dB in the segmental SNR. The
average number of the periods yield by the decomposition is about
14 for speech mixtures consist of two speeches. Next, we demon-
strate the speech separation from a mixture with the sparse periodic
decomposition. In this experiment, the speech separation is per-
formed by allocating of the resultant periodic signals to the sources
in each segment. First, we use the clean source signals for assign-
ment of the resultant periodic signals. The separtion is carried out
by the following steps in each segment:
1. The segment of the mixture is decomposed into the set of the

periodic signals {fp}p∈P.
2. The normalized correlations between the resultant periodic sig-

nals and the clean source segments {si}i=1,2 are computed.
3. Each resultant periodic signal fp are added to the separated out-

put that is associated with the i-th source si that obtains larger
correlation.

For recovering source signals, we apply the Hamming window to
the resultant periodic subsignals in each segment. This assignment
method does not obtain optimum separated results in terms of the
SNR exactly. However, this experiment gives the rough ideal per-
formance of the source separation by using the proposed sparse de-
composition.

For comparison, the ideal separation results that are obtained by
a STFT that is widely utilized for the sparse representation of speech
signals are demonstrated. In the separation with the STFT, the ideal
binary masks [11] are computed from the clean source speeches.
The mixture and the source signals are segmented by 512 points
Hamming window with 3/4 overlap. In each segment, the DFT
spectrum of the mixture and the source signals are computed. Each
frequency bin of the DFT is assigned to the source whose amplitude
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Figure 6: Separated speech signals obtained by sparse periodic de-
composition with reference speeches, (a) separated male speech
(SNR: 7.2dB) and (b) female speech (SNR: 7.1dB) from the mix-
ture shown in Fig. 5(a)

Table 3: Average SNRs (dB) of separated signals

Speakers Proposed DFT Proposed
(with source) (with source) (with ref. sig.)

(M, M) 9.9±0.6 13.5±0.5 3.9±1.0
(F, F) 9.5±0.3 13.5±0.5 3.2±0.9
(F, M) F: 10.1±1.5 F: 14.4±1.0 F: 6.5±2.5

M: 9.8±1.0 M: 14.3±1.0 M: 6.7±2.5

of the frequency bin is larger than the other. The separation results
obtained by the proposed decomposition and the DFT are shown in
Table 3. In this table, the SNRs of the separated speech signals are
shown. We see that the SNRs of the separated speeches obtained
by the proposed method are lower than the DFT by about 3.5 to
4.6dB. In the separation obtained by the the proposed method, the
approximation errors caused during the decomposition are involved
in the separated output. Since the frequency resolution of the peri-
odic decomposition is lower than the DFT at high frequency bands,
the interferences between two speeches occur at high-frequencies.

However, the proposed representation is sparser than the DFT
spectrum. In this experiment, the DFT yields 257 frequency bins for
each segment. So, the DFT based separation is the problem of the
assignment of the 257 frequency bins. In contrast, the average num-
ber of the periodic signals yield by the proposed method is about 14
for a segment. Comparing the proposed decomposition with the
DFT, the separation problem can be reduced to relatively small size
of a combination problem by the proposed decomposition.

In above experiments, we assume that the source speeches are
known. Next, we demonstrate the single-channel speech separa-
tion by referencing the clean speech segments. In this scenario
of the separation, two speakers in a mixture are known and the
clean speeches of the speakers are available, but the contents of the
speeches in the mixture are unknown. In order to assign the peri-
odic signals to the sources, a set of the clean speech segments of
the i-th speaker is defined as {ci, j}1≤ j≤Nr where Nr is the number
of the reference segments. The resultant periodic signal fp is as-
signed to the i-th speaker that gives the maximum of the normalized
correlation as:

max
i, j

fT
p ci, j

‖ fp ‖2‖ ci, j ‖2
. (17)

For this experiment, segments that are generated from a clean
speech of 20 s are used for the references {ci, j}1≤ j≤Nr of each
speaker. The segments where the voice is not active are rejected
from the references. The references do not include the source utter-
ances in the mixtures. The SNRs obtained by the separation with
the references are also shown in Table. 3. Obviously, such a simple
separation method causes many false assignments. For separation

of the mixture consists of the speakers of same gender, the averages
of the improvements of SNR are lower than 4dB. However, the av-
erages of SNR close to the ideal results and are about 6.5dB for the
speakers of opposite gender. The separated signals from the mix-
ture in Fig. 5(a) are shown in Fig. 6(a) and (b). Audio examples are
available at http://www-analab.sys.es.osaka-u.ac.jp/˜nkszk/SPD/.

The single channel speech separation methods based on fre-
quency spectrum have been proposed [6, 7]. In these methods, sta-
tistical models for the frequency spectra of the speakers are gen-
erated. The separation is performed on the frequency spectrum of
the mixture by using the statistical models. In our approach, the
proposed sparse decomposition yields the small number of the peri-
odic signals which approximate the source signal due to the sparsity
measure. So, the separation of the speeches that have less similarity
can be performed by such a lazy assignment method.

5. CONCLUSIONS

In this paper, we proposed a sparse decomposition method for pe-
riodic signal mixtures. The proposed decomposition is based on
the model for the periodic signals with time-varying amplitude and
the sparsity of the periods that appear in the result. In decompo-
sition experiments of the synthetic signal and the speech mixtures,
we demonstrated that the proposed decomposition has the ability of
source separation.

The assignment method that is employed for the single-channel
speech separation demonstrated in this paper is too simple to obtain
good separation results. In our decomposition results, as seen in
the figures in Sect. 4, the speech pitch contours are involved. We
can use the continuity of the speech pitches and the similarity of the
templates over the consecutive segments for improvement of the
accuracy of the assignment. The accurate and robust assignment of
the decomposed periodic signals is a topic for future research.
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