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An lterative Algorithm for Decomposition of Speech
Signals into Periodic and Aperiodic Components
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Abstract—The speech signal may be considered as the outputof some random component [2], [3]. This is particularly
of a time-varying vocal tract system excited with quasiperiodic obvious in voiced fricative (e.g.vl, /z/), in breathy vowels
and/or random sequences of pulses. The quasiperiodic part may (e.g., high vowels in unvoiced consonantal contexts), or in
be considered as the deterministic or periodic component and ’ . '
the random part as the stochastic or aperiodic component of the speech prO(_juced with a W_eak phonatory effort. The random
excitation. In this paper, we discuss issues involved in identifying COmponent is also present in normal vowels due to turbulence
and separating the periodic and aperiodic components of the of air around the instant of glottal closure, which gives rise to
source. The decomposition is performed on an approximation to ggpiration noise [4], [5].

the excitation signal, instead of decomposing the speech signal |, s naner, the harmonic (or deterministic) component
directly. The linear prediction residual signal is used as an !

approximation to the excitation signal of the vocal tract system. IS termed as the periodic component and the random (or
Speech is first analyzed to determine the voiced and unvoiced Stochastic) component as the aperiodic component. The study
parts of the signal. Decomposition of the voiced part into periodic of the aperiodic component of excitation is important in speech

and aperiodic components is then accomplished by first identify- analysis. The aperiodic component may help in characterizing

ing the frequency regions of harmonic and noise components in _, . . . .
the spectral domain. The signal corresponding to the noise regions voice quality attributes such as breathiness or roughness.

is used as a first approximation to the aperiodic component. An Breathinessis associated to the impression of glottal air
iterative algorithm is proposed which reconstructs the aperiodic leakage and to turbulence noise during phonatRoughness
component in the harmonic regions. The periodic component is s defined by the presence of a low-frequency noise component
obtained by subtracting the reconstructed aperiodic component [6]. Moreover, including the aperiodic component in voiced

signal from the residual signal. The individual components of the o . .
re%idual are then used tg excite the derived all-%ole model of €Xcitation may help to produce a natural sounding synthetic

the vocal tract system to obtain the corresponding components SPeech [7]. Detailed characterization of the source may also
of the speech signal. Experiments were conducted using synthetichelp in generating synthetic speech with desired voice charac-
speech. They demonstrated the ability of the algorithm for decom-  teristics [8]. Several methods have been proposed to separate
position of a synthetic speech signal made of a mixture of periodic 5 gheech signal into periodic and aperiodic components: they
and aperiodic components. Application to natural speech is also . . - : .
discussed. are based on sinusoidal modeling, on harmonic plus noise
o o N modeling, or on the multiband excitation vocoder.
Index Terms—Periodic and aperiodic decomposition, spectral  gaorrq and Smith [9] proposed a method for analysis and
extrapolation, spectral modeling, speech analysis/synthesis, voice . . . S
source analysis. synthesis of musical sounds in terms of a deterministic and
a stochastic component. The method is based on sinusoidal
modeling, initialy presented by McAulay and Quatieri [10],
. INTRODUCTION [11], and further refined by George and Smith [12] . All the
CCORDING to linear acoustic theory, the speech pr@nergy present at harmonic frequencies is associated to the de-
duction process can be viewed as consisting of a soufegministic component. This is not actually the case in speech,
component and a filter (or system) component [1]. One wfhere broadband noise is spread out over the whole spectrum.
the objectives in speech analysis is to study the characterisfl¢wis, the stochastic component cannot entirely be attributed to
of the source and system by processing the speech sigifa random part of the source. Continuity of the frequencies of
Normally, the source is modeled as either voiced or unvoicdtig sinusoids are avoided in the proposal based on harmonic
and the voice source as quasiperiodic sequences of glottaise model [13], where a pitch synchronous analysis is made
pulses. But in real speech even the voiced part consifts the harmonic decomposition. Typically, speech is lowpass
filtered, and a fixed number of sinusoids are fitted to the
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For each frame of the residual, the frequency domain isin the spectral domain we can write

segmented into voiced and unvoiced regions. These regions 6(w)

are defined using a decision criterion for each category. This S(w) =[5(w)le

method has been applied to speech synthesis by concatenation [P(w)+ R(w)]V(w)

[15] and to musical sounds [16]. Again, this method takes = (|P(w)]e? ) 4| R(w)|e? )|V (w)] e )
2

a binary decision on the frequency regions that are either
noisy or voiced. this assumption does not reflect the speech
production mechanism, where broadband noise is mixed WWhereS(w),P(w),R(w) andV(w) are the Fourier transforms
guasiperiodic voiced excitation. of s(t),p(t), r(t) andwv(t), respectively.

None of the above methods seems able to extract the degreﬁe the periodic and aperiodic parts of the excitation are

of aperiodicity (i.e., proportion of the periodic and aperiodigncorrelated, then

components of excitation ) in a given segment, because they
make a binary decision at each frequency sample. But in actual
speech, it is likely that a frequency sample may consist of both
the periodic and the aperiodic components simultaneously,:
Therefore, a decomposition method should be able to sepal
the relative proportion of these components at each frequeﬁ 2
sample. This can be done by processing both componentén
the complex frequency domain, rather than taking decision i
magnitude spectra only. *
In this paper, the periodic component is associated with the
periodic part of the excitation, and the aperiodic component
with the random part of the excitation. A key point of the
work is the introduction of an iterative algorithm for estimating
the aperiodic component of the excitation [17] . The idea is *
to derive a first approximation of the periodic and aperiodic
components using a harmonicity criterion. Each frequency
sample for each frame is associated to one or the other of the
components. But this approximation must be refined, because
both components are physically present at each frequency
sample. The iterative algorithm, based on discrete Fourier
transform (DFT)/inverse discrete Fourier transform (IDFT)
pairs, is used for reconstruction in the complex domain of
the aperiodic component in the region labeled as periodic at
the first stage of processing. Finally, the periodic component
of the excitation is obtained by subtracting the estimated
aperiodic component from the excitation signal, and synthesis
is performed using a simple overlap-add scheme. Contrary to
other methods, no binary decision is taken in the spectral
domain, but complex spectra of the periodic and aperiodic
components are computed for the full band and for each frame.

[S@)I? = [PW)? + [R@)P)IV(w)]*. 3

Depending on the proportion of the periodic and the aperi-
ic components at each frequency the different components of
excitation source get prominence. The method for deriving
components of the source signal contains the following

ps of processing.

Linear prediction (LP) residual The speech signal is
separated into an approximate excitation and filter com-
ponents using LP analysis. The LP residual signal is
then decomposed into short (10-20 ms) segments of
overlapping signals.

Periodic and aperiodic regionsFor each of the over-
lapping segments of the excitation signal, the frequency
bands of the periodic and aperiodic regions are deter-
mined using the DFT and the cepstrum of the signal in
the analysis segment.

DecompositionFor each segment, the aperiodic compo-
nent is reconstructed using the iterative algorithm de-
scribed in Section lll. The aperiodic component of the
plain excitation signal is obtained by adding in the time
domain the components for each of the overlapping
segments. Subtracting this aperiodic component from the
LP residual signal gives the periodic component of the
excitation.

Synthesis The aperiodic and periodic components are
used separately to excite the time varying all-pole filter
to obtain the corresponding components of the speech
signal.

In Section Il, the model that forms the basis for the method Fig. 1 gives a schematic diagram of the proposed algorithm.
proposed in this paper is described. The actual method forthe following we will discuss details of the above steps.
decomposition of the excitation signal into the two components
is described in Section Ill. Some assessment using synthefic
speech and illustrations are given in Section IV to demonstrate
the Utl'lty of the proposed method. Conclusions are given in The objective is to Separate the Speech Signa| into compo-
Section V. nents corresponding to the periodic and aperiodic components
of the excitation source. Most of the available methods for
decomposition attempt to process the speech signal directly.
But windowing the speech signal produces undesirable fea-
We assume the following model for speech production: tures in the an_alysis due _to_ truncatipn effects, because we are

truncating a signal consisting of highly correlated samples.

s(t) = e(t) x v(t) = (p(t) +7(t)) * v(?) (1) The effects of truncation can be reduced significantly, if
wheres(t) is the speech signal{¢) is the impulse response ofthe decomposition is attempted on the residual excitation
the vocal tract systenz(¢) is the excitation signaly(t) is the obtained by removing the correlated part from the speech
quasiperiodic part of the excitation, am¢) is the aperiodic signal [18]. This is because the excitation signal samples are
part of the excitation. nearly uncorrelated. Therefore, in this paper we propose to

Linear Prediction Residual

Il. BASIS FOR THEPROPOSEDDECOMPOSITIONMETHOD

A. Speech Model
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signal. But in general it is not easy to determine either of
o - these individual components because they are combined by
aperiodic decomposition algg- -, n1ex addition in the residual signal. However, it seems
possible to determine the ratio @(k)| and|R(k)|. In such a
case, we may consider those valueg ébr which the periodic
Rglrt is higher than the random part, and use those frequency
st%mples in the summation to estimate the periodic part.

Fig. 1. Schematic diagram of the periodic—
rithm.

decompose the signal corresponding to the excitation sig

first. Then the components of the excitation signal are used

generate the corresponding components of the speech Sigral'ldentification of Noise and Harmonic
Note that even an approximation to the residual signa|

Regions Using Cepstrum
will significantly improve the effectiveness of the resulting g g ~ep

decomposition. LP analysis is performed on each of the!N Our approach, we propose to decompose the frequency

overlapping segments of speech data. The output of trqgmainini.tiall_yinto two regions, one belonging predominantly
analysis is a set of LP coefficients for each segment. THR the periodic part and the other to the random part of the

residual signal is obtained by passing the speech signal thro?ﬁrﬁcnum' We use a straightforward harmonic-based selection

the inverse filter defined by these linear predictive coefficients this purpose, in which Fhe knowl_edge O.f the _p|tch period is
(LPC's) used to mark the harmonic and noise regions in the spectrum

These overlapping frames of the LP residual signal a‘?‘eS shown In Fig. 2'. . :

. . In the figure, the sinusoidal log spectrum is due to the peak
conSIQered for further anaIyS|s.. For each of thesg frames, methe cepstrum at the pitch period. The frequency intervals
data is multiplied with a data window (the Hamming window., o onding to the positive values of the log spectrum are
was preferred [19]), and a DFT is computed. The size of thg.iified as the harmonic regions and the frequency intervals
DFT was chosen to be twice the size of the data in the analy§jgh negative values of the log spectrum are identified as the
frame. Each DFT coefficient is in general contributed to bysise regions.
both the periodic part and the aperiodic part. It is necessary torhe idea of using cepstrum to derive a comb filter in the
determine the relative strengths of the periodic and aperiodigectral domain for computing the harmonic to noise signal
parts of the residual signal. If a DFT coefficient correspon@sergy ratio was proposed in [6]. Here, we use the cepstrum
mostly to the aperiodic part, there is no point in consideringhalysis to discuss the manner in which the periddi¢k))
that coefficient in the summation to obtain an initial estimate @ind aperiodi¢ R(k)) components are combined, and to derive
the periodic component. Therefore, to obtain an approximatee ratio of the two spectral components as a function of
periodic componentg,(n), of the residual, sum only thosefrequency. Note that we can only obtain the relative values
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Fig. 3. Real cepstrum of a segment of the LP residual signal for voicggy 4. og magnitude spectra of a frame of the harmonic and noise parts
speech. Three marked regions are corresponding to: (a) vocal-tract systgfhe LP residual signal for a vowel, derived from liftered cepstrum.
(b) harmonic part of excitation, and (c) noise part of excitation.

of these components due to the log operation involved in tB8mponent in order to derive an approximation to the periodic
cepstral analysis. component.
Let us consider the speech production model given in (3) As mentioned earlier, we have adopted a simple harmonic-
again. If we consider the log magnitude spectrum, we get pased selection in our studies. Since it may be difficult to
identify the location of the cepstral peak at the pitch period
log|S(w)| = log|P(w) + R(w)] +log|V(w)]. (6) exactg due to the broadenin% effe[c):t or due top noisz, this
The IDFT of this log magnitude spectrum gives the redpcation can be determined by a separate analysis of the speech

cepstrumc(¢) in the quefrency domain. That is signal for pitch extraction. The analysis automatically identi-
fies whether the frame is voiced or unvoiced (see Section IV

c(t) = IDFTlog |S(w)]]. (7) for details on the pitch detection and voiced/unvoiced decision
algorithms).

Fig. 3 shows the real cepstrum for a segment of voiced|n the voiced/unvoiced decision, obtained separately for
speech. The frequency domain of the cepstrum can be splich frame, the decision is biased in favor of voiced frames
approximately into three distinct regions. The low quefrencyver the unvoiced frames. That is, the algorithm is designed to
region (marked A in Fig. 3) in the range 0-0.002 s is mainlyake errors only in one direction (i.e., to label unvoiced frames
due to the vocal tract system characteristics. The rest of & voiced,” rather than labeling voiced frames as “unvoiced”).
quefrency region can be attributed to the excitation part. ffhe errors in voiced/unvoiced labeling can be corrected by
the region corresponding to the excitation, the portion mark@gkther processing the voiced frames after decomposition. For
B in Fig. 3, i.e., 0.01 s around the cepstral peak at the pitelkample, one will obtain a periodic component with almost no
period, can be attributed to the harmonic or periodic part. TR@ergy for frames incorrectly labeled as “voiced.”
remaining excitation portion of the quefrency region can be Let us denote the sets of frequency samples in the har-
attributed to the noise or random part. Note that the regigfonic and noise regions ag, and F,, respectively. A
identified as random may contain cepstral peaks around twiggaightforward method is to use the DFT coefficients in the
and thrice the pitch periods. But the energy contribution d¢grmonic regions and perform an IDFT to obtain the periodic
to these peaks can be assumed to be insignificant comparegdgponent. Likewise, one can use the DFT coefficients in the
the energy contribution due to the region around the cepstf@lise regions to derive the aperiodic component. But a better
peak at the pitch period. The choices for the widths for thghproach is to use this information as an initial estimation
three parts in the quefrency domain are only approximate. TAgd to reconstruct the periodic and aperiodic components
reason for the choice of a region around the pitch region is diggratively as discussed in the next section.
to broadening of the cepstral peak when two successive periods
of the residual signal are not exactly equal. The broadening
also takes place due to windowing of the analysis frame of
the residual signal.

The main objective of this cepstral analysis is to show A first approximation of the aperiodic components can
that one can derive an approximation to the harmonic-tbe obtained in the frequency domain by selecting suitable
noise ratio (HNR) at each frequency sample. Assuming thiaéquency sample$;.. But this first approximation is not sat-
the energy due to the region around the pitch peak in tiefactory: it is not physically significant, because the spectrum
cepstrum corresponds to the harmonic part and the rest of tighe aperiodic component is a spectral comb. The problem
energy corresponds to the noise part, the ratio of the energagiressed in this section is the reconstruction of the aperiodic
of the respective components is derived as HNR. The rattomponent for all frequencies in the complex spectral domain.
of the harmonic and random parts of the spectrum can his problem can be viewed as an extrapolation problem, and
obtained at each frequency point by computing the IDFT of tlvee will make use of an extrapolation algorithm to solve it.
corresponding liftered components (see Fig. 4). From the ratioWe propose an iterative procedure to reconstruct the aperi-
it should be possible to retain only those frequency sampledic component first, and then use it to determine the periodic
which have a higher periodic component over the aperiodiomponent. Note that the harmonic regidfscorrespond to

I1l. | TERATIVE RECONSTRUCTION
OF THE RANDOM COMPONENT
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the positive portion of the log spectrum in Fig. 2. But thand compute its IDFTg,,(n). The time samples beyond
DFT coefficients in some parts of these harmonic regions ma§/2 — 1 are set to zero. That is

be contributed to mainly by noise. This is true especially in . rm(n), forn < N/2
the low signal-to-noise ratio (SNR) regions of the spectrum Fm(n) = {0, ’ otherwise.

of the speech §|gnal. on th? other hgnd, |n.the valley r€919NYye shall show that the functionB,,, (k) tends toR(k) as
of the harmonics, namely, in the noise regiafis the DFT .
m — oo, in the mean square (MS) sense.

cc_)efficients are mainly due_ to noise. This is (_evident from SiNCerm(n) = rm(n), for n < N/2, andr(n) = i (n) =
Fig. 4, where the valley regions are mostly dominated by tl?)e for n > N/2, we have
noise part (dotted line), whereas the harmonic or peak regionis - ’
are sometimes affected by the noise part as well. N N
Thus, we hypothesize that the DFT coefficients in the val- D7) = ()P > Y |r(n) = Fm(n)[ 12)
leys between harmonic regions (i.e., noise regions) are mostly "=} n=1
due to aperiodic component only. In practice, the sidelobeLikewise, in the frequency domain, sinc&,,.i(k) =
effects of the windowing may produce significant values iR(k) = E(k), for k € F,. (noise regions), and,,,1(k) =
the noise regions. We discuss the effects of windowing iﬁm(k), for k ¢ F,, we have
Section 1V, in the light of experimental results. For the present, N N
we assume that the subgétof the frequency samples provide 1 57 IR(E) — BB > 1 5™ R(E) = R (B
an initial estimation of the aperiodic part. The problem is to N 4= " N ~ m
estimate the complex aperiodic component in the harmonic (13)
regions in the frequency domain. Using Parseval’s formula for the discrete case, we have the
An iterative method for bandlimited signal extrapolatiofiollowing result:
problems was proposed by Gerchberg and Papoulis [20, pp. N
244-248]. We extend the method for the case of comblike 1 Z |R(k) = R (k)|?
filtered noise spectrum to reconstruct the aperiodic component. N =1
Starting with zero values in the harmonic regions and the N N
actual DFT coefficients in the noise regions, an estimate of = Z |7(n) = rm(n))? > Z [7(n) = Fm(n))?
the aperiodic component in the harmonic regions is obtained n=1 n=1
by iteratively moving from the frequency domain to the time 1 )
domain and vice versa, imposing finite duration constraint in = Z |R(k) — Rn(K)|?
the time domain, and the known noise samples constraint in k=1
the frequency domain. 1 X )
Let N be the number of points in the DFT computation. >N > IR(E) = R (B)|*. (14)
Then the number of data samples should be less than or equal k=1
to N/2. In our case, we assum¥/2 — 1 data samples (with  This result shows that successive iterations will reduce the
N/2 even). Letr(n) and R(k) represent the true aperiodicmean-square value of the error
component and its DFT, respectively, that we are trying to N
reconstruct by the iterative algorithm. Note that) = 0, for 1 Z \R(K) — Ron(E)|?. (15)
n > N/2 and R(k) = E(k), for k € F, (noise regions in the N £~
frequency domain), wher&(k) are the DFT coefficients of
the analysis segment of the LP residual.
The iterative algorithm for reconstruction of the aperiodi
component is as follows:
First Iteration: We form the initial estimate of the DFT
samples of the aperiodic component as

(11)

Furthermore, the limit of this error is zero (i.e. the functions
R, (k) tends toR(k) asm — oo). The limit exists because
the error is nonnegative and decreasing.

Suppose that the limit is strictly positive (and not zero).
In this case there exists a functiadi(k) # R(k), and the
functions R,,, (k) tend toL(k) asn — occ. We have

| E(k), fork € I, (noise regions)
Rok) = {0, otherwise ®) L(k) = E(k) = B (k) = B(k), fork € I 46
. : . # R(k), otherwise.
and compute its IDFTr,(n). Since we have started with a
segment ofV/2—1 data samples, and we are using/gpoint In the time domain, we have ald6n) = 0 for n > N/2.
DFT, the time samples beyond/2 — 1 are set to zero. That This is because the functiorig,(n) tend tol(n) asn — oc.
is, form a signal Form the differenceh between! and g. This function must
. ro(n), forn < N/2 satisfy
(M =10 otherwise ©)
) . H(k) = 0, for k € I, (17)
mth iteration: Starting withm = 1, we compute the DFT # 0, otherwise

B2 (k) Of #n—1(n), and form the function and h(n) = 0 for n > N/2. In other words,h must be a

Ron(k) = {E(k)v for k € F, (10) comb-filtered signal in the frequency domain, because it is
Rin—1(k), otherwise zero fork € F,, and it must also be bounded in time to the
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excitation for a vowel: (a) before the start of iterations; (b) after ten iterations. !
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interval[1, N/2 — 1]. Clearly, these two constraints can not beZ
satisfied simultaneously. Therefore,= R, and the functions
R,, converge toR.

Therefore, the iterations can be repeated until the differen
between the energies of the aperiodic comporigntn) for

60—’\‘

g’ECTRUM‘?

two successive iterations is below a prefixed threshold. 0 ] 2 3 4
Fig. 1 summarizes the algorithm for the proposed method FREQUENCY (kHz)
of decomposition. Fig. 5 shows the reconstructed aperiodic (c)

component spectra for a vowel segment before the start of th 6. Log magnitude spectra derived from a voiced segment. (a) Spectrum
iteration and after ten iterations. In this example, the selecti@hLP residual. (b) Spectrum of the aperiodic component of the LP residual

of harmonic regions was done using the regions of pOSiti\?@nal' (c) Spectrum of the periodic component of the LP residual signal.

values in the function plotted in Fig. 2. It is interesting to note

that the samples of the aperiodic component build up in the . . . . .
. . . X aperiodic component values are built up in the harmonic

harmonic regions after every iteration. . . . . . .
S ; . regions. The iterative algorithm thus can be viewed as deriving
Similar iterative algorithms can be developed for recon- : ) 7 . . ) :
a physically realizable signal starting with an ideal comb filter

struction of the periodic component in the noise regions Or :
in the frequency domain.

reconstruction of both aperiodic component in the harmonic C - .
. L : . : . The periodic and aperiodic components of the residual
regions and periodic component in the noise regions, simulta- ) : .
- re obtained for each overlapping analysis frame, and the
neously. We have found that the results are not significan . : . . .
) . mponent for the entire utterance is derived by simply adding
different in all these cases. Hence, we have used only the . ; . :
o : : . hé sample values in the overlapping regions for successive
aperiodic component signal reconstruction algorithm. . .
- . . . frames. The speech signals corresponding to these components
The periodic component is obtained by subtracting thc%n be generated by passing these component residual signals
aperiodic component,,(n) obtained at the last iteration from 9 yp 9 b g

the residual signal. Fig. 6 shows the spectra of a Segmentsgparately through the time varying all-pole filter.

the LP residual, the periodic and aperiodic components using IV. EXPERIMENTS
the proposed iterative algorithm. It is interesting to see that

the proposed method has indeed modified the spectral shagér,' this. section, we discuss some experimental resqlts ob-
especially in the low amplitude periodic regions. tained with the proposed algorithm. Synthetic speech is con-

Note that, in this method, the decomposition is practicalﬁ)demd first. Then application of the method to natural speech

imposed by the choice of the harmonic and noise regioﬁsd'scussed'

in the frequency domain. The iterative algorithm helps in . i

obtaining realizable component signals satisfying the impos€d P&composition of Synthetic Speech: Methodology
constraints in the frequency domain and the finite supportFirst, we have considered the case of a synthetic voiced
constraint in the time domain. In this process, the unknovaegment to study the behavior of the algorithm, and partic-
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TIME (s)
MEASURED APERIODIC COMPONENT
ularly the sidelobe effects due to windowing the residual. 10000 ' ' '

An all-pole model was excited with a glottal pulse with 5000

different levels of noise around the glottal closure. In this
first series of experiments, synthetic voice was preferred for<

MPLITUDE

-5000
-10000

evaluation, because it allowed for an accurate control on all 005 0.1 n&g() 02 0.25
. S,

the signal parameters. Moreover, the case of breathy vowels

was considered because it is a difficult and interesting situation SYNTHETIC PERIODIC COMPONENT

of periodic and aperiodic mixture in actual speech. @ 10000 y T T

All the synthetic stimuli were generated by means of a 2 5000

formant synthesizer [21]. The excitation part of the synthetic &

signals was the sum of two components: glottal pulse (using% 3000

the classical LF-model [22]) and noise burst. Noise bursts were Ry 0.1 Tn%s(s) 02 025
made of Gaussian white noise modulated by a rectangular

time window, centered around the instant of glottal closure. MEASURED PERIODIC COMPONENT
Formant filters were set according to the acoustic values ofy 10000 " " "

the French voweld. Pitch was either 120 or 200 Hz (the E 5000 ¢ U i i | i
average values for male and female speakers). Duration of the IR A R T Y Y Y
noise burst was varied is three steps: 0, 60, and 100% of the& lzx ) ) )
fundamental period (i.e., 0, 5, and 8.3 ms for the 120 Hz pitch 0.05 0.1 T&g(s) 02 025

condition and 0, 3, and 5 ms for the 200 Hz pitch condition).
The periodic to aperiodic ratio (or HNR) was varied in fouFig. 8. Oscillograms (from top to bottom) of: synthetic signal; the cor-
stepsoo dB (no aperiodic svnthetic si nal) 20.10. and 5 dgesponding synthetic aperiodic component; measured aperiodic component;
,p ’ p y g o ! ’ t%/lnthetic periodic component; measured periodic comporféhit= 80 Hz,
This HNR corresponds to the power ratio between the glotglrst duration= 100% of1/£0, HNR = 5 dB.
pulses signal and the noise bursts signal.
Three synthetic signals were computed for each condition.
The synthetic aperiodic component was obtained by passigg Decomposition of Synthetic Speech: Results

the aperiodic part of the source (a train of pitch-synchronous . ) .
noise bursts) through the vocal tract formant filters. The Quantitative assessment of the algorithm was obtained by

synthetic periodic component was obtained by passing theMParing the HNR of the synthetic signals (power ratio of
periodic part of the source (a train of glottal pulses) through® Synthetic periodic signal and synthetic aperiodic signal)
the vocal tract formant filters. The plain synthetic signal wa¥ith the corresponding HNR measured for decomposed signals
the sum of the synthetic aperiodic component and the synthéﬁ’@wer ratio of the measured aperiodic signal and the measured
periodic component. Three signals where also obtained aféfiodic signal). If the decomposition method was perfect, we
decomposition of the total synthetic signal: the measuréfould expect the measured HNR to be equal to the input
aperiodic component, the measured periodic component, 4#yR, for all the conditions. The results, reported in Table I,
the plain measured component, which is formed by summig§ow that the measured HNR is actually close to the input
the measured aperiodic component and the measured peri¢tiNR for all the conditions. The difference is on average less
component. Figs. 8 and 9 give an example of five versiotzan 1.7 dB, for the 20, 10, and 5 dB conditions. When there is
of a signal used in the experiments. The signal at the top ¥ aperiodic component in the synthetic signal, the measured
the graph is the plain synthetic signal. The second and thiagieriodic component is about 40 dB lower than the measured
signals are the synthetic aperiodic and measured aperiopiigiodic component. This gives an idea of the accuracy of the
components. The two signals at the bottom of the figure amethod: the artificial aperiodic component resulting from the
the synthetic periodic and measured periodic components. decomposition of a synthetic periodic signal is actually very
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SYNTHETIC SIGNAL TABLE |
m 10000 T T T HNR MEASUREMENTS FORPERIODIC/APERIODIC DECOMPOSITION OFSYNTHETIC
g 5000 SIGNALS. F'0: FUNDAMENTAL FREQUENCY. BDR: BURST DURATION
= o PO ALY y BN T ! iy Ly RaTiO (RATIO OF BURST DURATION TO FUNDAMENTAL PERIOD). HNR:
> 5000 L ‘ h HNR FOR SYNTHETIC SIGNALS. MEASURED HNR: HNR OBTAINED
E 10000 ) ) ) AFTER DECOMPOSITION DIFFERENCE DIFFERENCE BETWEEN HNR
0.05 ol 015 02 025 FOR SYNTHETIC SIGNAL AND HNR OBTAINED AFTER DECOMPOSITION
TIME (s)
FO(Hz) BDR (%) HNR (dB) | measured HNR (dB) difference (dB)
120 - 00 425 -
SYNTHETIC APERI
. 10000 . ¢ .ODIC COMPON,ENT 120 60 20 22.1 2.1
g 5000 L | 120 60 10 11.8 1.8
= 0 120 60 5 6.7 1.7
= 120 100 20 20.2 0.2
Z  S0r T 120 100 10 12.0 2.0
R e ol 015 02 025 120 100 5 72 22
) ' TIME (s) : ' 200 - o0 414 -
200 60 20 21.5 1.5
MEASURED APERIODIC COMPONENT 200 60 10 109 09
. 10000 . , : 200 60 5 54 04
a 5000 + j 200 100 20 24.1 4.1
E o 200 100 10 116 16
B 200 100 5 6.7 1.7
5 -5000 + 1
-10000 . . L
0.05 0.1 0.15 0.2 0.25
TIME (s) iterations (the average difference in HNR between ten and 20

iterations was only 0.1 dB).
Direct decomposition using the signal rather than the LPC

SYNTHETIC PERIODIC COMPONENT

é residual was also tried. The result showed that decomposition
= is still good, but that the difference between input HNR and
3 measured HNR degrades slightly. This loss in accuracy is
10000 S o1 ol 02 0.25 about 1 dB on average. This indicates that LPC decomposition
TIME (5) is useful, but that rather good results can also be obtained
MEASURED PERIODIC COMPONENT WIthOUt It'. " . .
m 10000 ; . : In practice, the decomposition algorithm is dependent on
8 5000 several parameters (fast Fourier transform size, zero-padding
E 0 size, window type, and window size) as usual with processing
2 -5000 methods based on the short term Fourier transform (STFT).
10000 o5 o1 oS 02 o2s  The analysis-synthesis parameters used for this experiments

TIME (s) were: sampling rate, 8 kHz; FFT size, 1024 points; window
Fig. 9. Oscillograms of (from top to bottom): synthetic signal; the cotYP€, Hamming; window length, 511 points64 ms; LPC, 10
responding synthetic aperiodic component; measured aperiodic componeaefficients, autocorrelation method; overlap between frames,
Eﬁ?gt‘?ﬁeﬁgg'g&zr‘gq’}%? measured periodic comporfét= 80 Hz. 8 ms; 20 iterations. The number of iterations was chosen
’ a ’ when the average difference between iteration was less than
weak. Therefore, the method seems acceptable for practlgaﬁ dB. Al Fhe synthgnc signals were voiced, therefore no
HNR measurements. voiced/unvoiced decision was necessary. Although pitch was
The results show that accuracy of the decomposition ddggown for the synthepg .S|gnal's, a pitch detecthn algonthm
not seem dependent on the pitch of the synthetic signal,véﬁ“s used [23] for the initial estimation of harmonic and noise
on the duration of the noise burst. Figs. 8 and 9 compare ions. Therefore, experiments conducted with synthetic and
synthetic signals with the measured signals in time domain.rllﬁltuhral speef:h are comdparatéle. ith heti hd
Fig. 8, there is no time modulation of the aperiodic component.T e experiments con ugte with synthetic speech demon-
In Fig. 9, the noise bursts last 60% of the fundamentajrated that the algorithm is able to decompose with a good

period. This indicates that time-modulation of the aperiod%CCuraCy a synthe_tic mixture of periodic an_d aperiodic compo-

component is preserved by the decomposition. nents. Therefore, it can be l_Jsed for anaIyS|s_ of natural speech.
Fig. 7 shows the effect of the iterative algorithm for recono0Me €xamples are given in the next section.

struction of the aperiodic component in the spectral domain. »

The magnitude spectrum of a frame of the synthetic signalfs D&composition of Natural Speech

displayed in the 0-1 kHz frequency band. The straight line isWe have decomposed the speech from sentences uttered

the magnitude spectrum of the synthetic aperiodic componelny. various speakers into periodic and aperiodic components.

Dotted lines correspond to the measured aperiodic compondritroughout, we have considered speech signals sampled at

which is obtained after zero, one, ten, and 20 iteration8.kHz. The speech utterance was first analyzed to deter-

Twenty iterations were used in the experiments because samiee voiced and unvoiced segments and the pitch period for

trials showed that almost no improvement resulted from moveiced segments. The spectral comb pitch detection analysis
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method was used in the experiments [23]. The voiced/unvoiced
decision was taken on the basis of thresholds for signal
energy, lowpass energy and zero-crossing. Each frame was_
classified either “voiced” or “unvoiced.” Unvoiced frames ﬁ
were not further processed. Periodic/aperiodic decompositiong
was applied to voiced frames only.

The LP residual segments belonging to voiced segmentsy
were decomposed into periodic and aperiodic components
(tenth-order LP analysis, frame size 32 ms, shift of 4 ms).
For each frame of these segments, the data was multiplied by
a Hamming window of size 255 samples. The algorithm was
based on computation with 512-point DFT's and IDFT's. After
reconstruction of the aperiodic component, it was appended
with the residual of the unvoiced segments. The resulting &
periodic and aperiodic components of the LP residual were =
used to excite the time-varying all-pole LP filter. The periodic
and aperiodic components of the speech signal were theré
obtained. 4

Fig. 10 shows the wideband spectrograms of the originaIE:j
signal and of the periodic and aperiodic component signals,
for an utterance of a sentence by a male speaker. It can
be seen that most of the noisy part of the spectrogram
in the top of Fig. 10 has been removed in the periodic
component, displayed in the middle of Fig. 10. Also, one can
hardly see any periodic component in the spectrogram for the
aperiodic component given in the bottom of Fig. 10. Thus, £
we could effectively separate these two components using;
the proposed decomposition algorithm. Subjective listening % - : :
to these component signals also confirm this observation:& W y !
the aperiodic component sounds like whispered speech. Not
that the significant low-frequency energy in the aperiodic
component can be attributed to turbulence noise at the glottal 0.0 02 0.4 0.6 0.8 1.0 12
closure in the voiced segments. TIME (s)

Fig. 11 shows narrowband spectrograms for an utterancerQf 1o, wideband spectrogram (male voices, voyage, propes.. .. Top:
the same sentence by a female speaker. Here also we halal speech. Middle: periodic component. Bottom: aperiodic component.
been able to accomplish the decomposition effectively, using
the proposed algorithm. It must be noted that the aperiodic
component may appear more important in the spectrografiifectly. This reduces the sidelobe effects of windowing on
than it actually is, because automatic gain control is used tifle decomposition. The linear prediction residual is used as an
the spectrographic display. However, the signal amplitudes &&imate of the excitation, although any method can be used

FREQUEN

consistent among spectrograms. to obtain an estimate of the excitation signal from speech.
Systematic assessment of the proposed decomposition al-
V. CONCLUSIONS gorithm has been carried out on simulated data. This was

In this paper, we have proposed a new method for deconecessary to determine the usefulness of the proposed decom-
posing the excitation part of voiced speech into deterministiosition method to study natural speech. Synthetic data was
and stochastic components. These components correspomaisen as it enabled us to control the voice characteristics by
to the quasiperiodic and aperiodic parts of the excitatiomarying parameters. The result of these studies showed that the
Compared to the sinusoidal coding based methods, our decomposition algorithm is able to separate aspiration noises
composition method has the advantage of better modelingasfd the periodic noise in the voice source. Further experiments
the aperiodic component, because both periodic and aperiodigvoted to the effect of other sources of voice aperiodicity (like
components are assumed to be present at each sample injitteg, shimmer, or large changes in pitch) are reported in [24]
frequency domain. The method uses the known noise regiargl in a companion paper [25].
in the spectrum, and reconstructs the aperiodic componenihe proposed method is conceptually simple, and is easy
in the harmonic regions. A signal that is primarily due téo implement. However, the amount of computation is large:
quasiperiodicity is then obtained by complex substractian pair of DFT/IDFT is needed for each iteration, due to the
of the aperiodic component in the spectral domain. Thextrapolation algorithm used. Therefore, real-time implemen-
method performs the decomposition on an estimate of tteion of the method might require some special attention if
excitation source signal rather than on the speech signal itselfarge number of iterations is to be used. The experiments
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Fig. 11. Narrowband spectrogram (female voide)pense que Marie et Jean

.... Top: original speech. Middle: periodic component. Bottom: aperiodic
component. (15

[16]
indicated that less than ten iterations are sufficient in practice:
then, close to real-time versions of the algorithm can easily e
written on modern general purpose computers.

Periodic/aperiodic decomposition of the speech signal see
relevant for studying voice quality features, and in particular,
breathiness or roughness of voices. It can also be used ¥
modification of voice quality in the context of speech synthesjsg)
[8], or to produce voices with desired source characteristics.
The decomposition algorithm was studied in the context g
speech signals. However, it is a general technique that may
be valid in many other situations as well. As a matter of
fact, signals made of a mixture of periodic and aperiodigs
components are rather common in musical acoustics [26],
[27], industrial sound and vibration, and biomedical signdf*
processing, for instance.

[25]
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