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Pitch-Scaled Estimation of Simultaneous Voiced and
Turbulence-Noise Components in Speech

Philip J. B. JacksorMember, IEEEand Christine H. Shad]&enior Member, IEEE

Abstract—Almost all speech contains simultaneous contribu- is that of turbulence-noise sources in the vocal tract, and in
tions from more than one acoustic source within the speaker’s vocal grder to explore these phenomena, we would like to be able
tract. In this paper, we propose a method—the pitch-scaled har- 1, apalyze the voiced and turbulence-noise components of
monic filter (PSHF)—which aims to separate the voiced and tur- . . . .
bulence-noise components of the speech signal during phonation,rmxed'Source spefech Separately, poss'*?'y gven to distinguish
based on a maximum likelihood approach_The PSHF Outputs peri_ betWeen a.” the dlffel’ent acoustic Contrlbutlons. To that end
odic and aperiodic components that are estimates of the respective we have developed a signal analysis technique for separating
contributions of the different types of acoustic source. It produces the periodic component, an estimate of the part attributable to
four reconstructed time series signals by decomposing the original \4icing, from the aperiodic component, an estimate of the part
speech signal, first, according to amplitude, and then according to attributéble to the simultaneous turb’ulence-noise source(s)
power of the Fourier coefficients. Thus, one pair of periodic and ’ ; N :
aperiodic signals is optimized for subsequent time-series analysis, Assessing the relative contribution of these two components
and another pair for spectral analysis. The performance of the as a harmonics-to-noise ratio (HNR) has long been a useful
PSHF algorithm was tested on synthetic signals, using three forms tool in the laboratory and the clinic [7]-[15], but there has
of disturbance (jitter, shimmer and additive noise), and the results been growing interest in more complete descriptions of the
were used to predict the performance on real speech. Processing . = o
recorded speech examples elicited latent features from the signals,per'Od'C and ?Per'Od'C s_lgnal components. Recent development
demonstrating the PSHF’s potential for analysis of mixed-source Of decomposition algorithms has been fueled by the demands

speech. of numerous speech applications: enhancement [16]-[21],
Index Terms—Periodic—aperiodic decomposition, speech modi- modification [?_2]_[24]’ coding [235], a!’]d anaIyS|s_ [26], [27]. .
fication, speech preprocessing. Decomposition is generally achieved by first modeling

voicing deterministically, since voicing tends to be the larger
signal component, and then attributing the residue to the
estimate of the aperiodic component. Concentrating the
HE acoustic cues that are central to our ability to perceiyeriodic component into a certain region of a transformed
and recognize speech derive from a variety of acousspace improves estimation of the model's parameters. The
mechanisms and are often classified according to the nat@pdraction of energy concentrations from the transformed signal
of the sound source: phonation, frication, plosion or aspiratié equivalent to the separation of deterministic and stochastic
[1], [2]. Identifying and characterizing the various sourceglements, which may be realized by a threshold operation,
is fundamental to speech production research [3]-[5], andas in [28] using wavelets. Serra and Smith [25] combined
the classification of pathological speech. Recent studies pgfak-picking and tracking to code the voiced (deterministic)
hoarse speech have concentrated on measures of roughpagisand fitted line segments to the residual noise spectrum.
in phonation, e.g., [6], and yet turbulence-noise sourcktwever, the regularity of vocal fold vibration can be used to
contribute largely to this effect (as breathiness). In normdefine the region of concentration, and to design a comb filter
or pathological speech, when more than one sound soutbst effectively averages successive pitch periods. The two
is operating, it is difficult to segment the correspondingain approaches are time domain (TD) and frequency domain
acoustic features, which typically overlap both in time angFD), although most contain elements of both.
frequency, thus hindering the isolation of individual source TD models typically assume that noise is added to pulsed
mechanisms, and making it practically impossible to examimcitation of a time-varying, linear filter. One TD method is the
source interactions in any detail. Our particular area of intere®mb filter with teeth periodically aligned on the pitch pulses.
In order to adapt the spacing of the teeth of the comb filter in
synchrony with variations in voicing, knowledge of the glottal
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harmonic series, whose parameters tend to be smoothed beéur technique, presented in the next section, is an FD method
tween analysis frames [16], [18], [20], [22], [23], [32], [33].called the pitch-scaled harmonic filter (PSHF). It provides out-
Larocheet al.[22] included linearf, variation within a frame, puts that constitute our best estimate of the voiced and turbu-
but in their example (pitch-synchronous, two-period windowgnce-noise signals (suitable for TD analysis), and spectrally-in-
the data were over-fitted, resulting in 3 kHz low- and high-pagsrpolated outputs that provide a better estimate of the compo-
filtered speech signals to represent the periodic and aperiodants’ power spectrum (suitable for power spectral analysis and
components, respectively. Griffin and Lim [33] used the pitcimodeling). Previous techniques have failed to distinguish these
harmonics to subdivide the spectrum, and made a “voiced/umwo objectives of the decomposition task. In Section Ill, the be-
voiced” decision on each harmonic band for coding the speetavior and performance of the PSHF algorithm was tested using
signal. synthetic speech signals that contained three kinds of distur-
A compromise was proposed by de Krom [9], who creatdahnce: shimmer (perturbed amplitude), jitter (perturbed funda-
a harmonic comb filter in the FD using the rahmonics of theental frequency,), and additive Gaussian noise with variable
real cepstrum, which has been the basis for various implemerharst duration. Section IV gives examples from speech record-
tions [9], [12], [14], [34], [35]. The log-spectrum obtained in thisngs that were analyzed to illustrate some of the decomposition
way from the rahmonic cepstrum (with the spectral envelopechnique’s capability, and Section V concludes.
removed), which oscillates about zero, was then thresholded:
frequencies for which it was greater than zero were defined as Il. PITCH-SCALED HARMONIC FILTER
pgno.dlc, and those_ less than zero as apenodm;. Hence, the D Basis for a Pitch-Scaled Approach
titioning of regions in the cepstral domain provided a means of
labeling those regions in the STFT spectrum. We use the term pitch-scaled to refer to an analysis frame that
For HNR estimation and synthesis applications (codin§ontains asmallinteger multiple of pitch periods. It implies, for
copy-synthesis, modification), the accuracy with which th@constant sampling rafg, that the number of sample points in
component signal is estimated is not important provided tHe frameV will be inversely proportional to the fundamental
salient signal properties are captured, which is also the caseffgfuencyfo. This property complicates the windowing and re-
certain types of analysis. More generally, though, we woufPlicing processes, but also brings substantial benefits: mainly
like to analyze all the information that is known, withouthatthe harmonics of, will be aligned with certain bins of the
introducing inappropriate assumptions, and therefore provifd FT (assuming we know the value ff). For example, if our
an output with a minimum of distortion. After subtraction ofinalysis frame contairispitch periods, then the frequency of
the periodic model from the original spectrum, the residuetge nbth Fourier coefficient will correspond to fo. When the
spectrum typically lacks data at the harmonics, i.e., the regiigauency in question is not exactly aligned with one of the dis-
where voicing was concentrated, and values of zero may @€te frequency bins, leakage and spectral smearing take place,
the best estimate available for the aperiodic signal spectrufich produce errors in the form of bias.
Yet, for feature extraction from the power spectrum (e.g., for For a single infinite sinusoid of frequencft in Gaussian
generating a stochastic model that reproduces the longer-te¥hite noise (GWN), the highest peak in the DFT spectrum pro-
spectral characteristics of the aperiodic component), fillingdes the least-squares estimate (minimum mean-squared error)
those gaps can be advantageous. Thus, spectral interpola@ibhe magnitude, frequency, and phase of the sinusoid, given
has been performed by linear prediction [22], and by appro@nhough samples are taken at a high enougtt rfgé], [37]
mating the Spectra| enve|ope with line segments [25] or Cepst%]d coincides with the maximum likelihood estimate for the
coefficients [23] One recenﬂy pub“shed technique [14] us&aUSSian distribution [38] |f1 is of the same order as the fre-
a reconstruction algorithm, but we have discovered certgi#ency resolution (i.es2f,/N), the negative-frequency image
problems with it, which are described in the Appendix. Yegentered at-f; will not be sufficiently separated from it, and
we have followed a similar methodology in evaluating ouill bias the estimates [16], [36]. In contrast, if the analysis
algorithm. frame is chosen to have several whole cycles (with adequate
Still, choosing a technique for one’s own data and purposefig)» /1 Will lie on a DFT bin, and the bias terms from inter-
not straightforward. Linet al. [30] showed that TD comb fil- ference and spectral leakage will disappear; the remaining error
tering decreased intelligibility, whereas a harmonic method it Unbiased Gggssmn.nmse whose variance 1s proporhongl to
creased it [18]. On the other hand, Qi and Hillman [12] founthat of the additive noise. When there is more than one sinu-
that an adaptation of de Krom’s method performed poorly corfioid presentin GWN, they must be sufficiently separated in fre-
pared to another TD method [7]. Furthermore, it depends 8HENCY(é/ > 4f;/N) to maintain optimal (maximum likeli-
one’s objective and the particular kinds of speech one wishedfgd) estimation of the deterministic components, as well as
study. In our case, we are interested in sounds with a signific&ch meeting the earlier constraints [38], [39]. Again, these bi-
noisy element, such as voiced fricatives, where the voicing terfiS are avoided whe is scaled to the frequency of both si-
to be weak and pitch epochs are hard to identify precisely. THIgS0ids, which must therefore be harmonically related. _
scenario would favor an FD approach, but even modal vowelsHOwever, speech signals, although predominantly harmonic,
are suitable candidates for FD decomposition if one wants 8¢ N0t composed of pure sinusoids of infinite duration. Vibra-
examine the spectral characteristics. TD methods, on the otHgR of the vocal folds tends to generate sound pressure signals

hand, might be more appropriate at abrupt transitions in voicingaaying too few samples would not give sufficient frequency resolution, and
e.g., at onset. too low a sampling rate would provoke aliasing problems.
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0 which concentrated the periodic part f into the set of
@_20 harmonic binsB, where B contains everybth coefficient:
é’ {b,2b,3b,...,6(N — 1)}. Choosing a four-pitch-period
2 -40 Hanning window(b = 4): w(n) = 0.5(1 — cos2mn/N) for
3 n € {0,1,...,(N — 1)}, the harmonics were translated to bins
< _60 {4,8,12,...}, while the bins halfway betweef{2,6,10,...}

were kept free from spectral leakage of the periodic component.
Thus, for an adult male speaker with pitch period of 8 ms
(fo = 125 Hz), a 32-ms window would be used.
Fig. 1. Effect of spectral smearing on the envelope of rectangular (dashed) andVe have extended the process [41] to yield a full decompo-
Hanning (solid) windows. sition into periodic and aperiodic complex spectra, which can
be converted back into time seriésand, respectively, as ex-
that are approximately periodic, but whose amplitude and fuprained below. We also propose an interpolation step for im-
damental frequency fluctuate during voicing and change diigroving power-spectral estimation, which produces a further
matically at voice onset/offset. Although some of the techniquesir of signalsi and. The outputs can later be analyzed using
we have mentioned effectively applied a rectangular windowny standard techniquéands. for TD analysis# ands for FD
most used a smooth function, viz. Hanning or Hamming, tgnalysis. For time—frequency analysis, we define a threshold of
accommodate such nonstationarity. We have chosen to usga the mean PSHF window lengthV') /2, or two pitch pe-
Hanning window, which still yields unbiased estimates wheiods, which is the point at which the harmonics begin to be
pitch-scaled, though itincreases the variance of the error by 5@&solved. Thusj and# would be used for wide-band spectro-
[39], [40]. This step greatly enhances the technique’s robustnggams, and: andz for narrow-band. The remainder of this sec-
to minor pertubations in periodicity. Cross-term bias errors bgon describes the Mutet al.[8] pitch estimator, the segmenta-

tween harmonics caused by deviations from perfect periodici{gn of speech signals into frames, and the PSHF algorithm.
are reduced by a factor of 15 at the adjacent harmonic by the

Hanning window, in comparison to a rectangular window (i.eG. Pitch Estimation
24 dB, four bins away), as shown in Fig. 1. Also, the half-power

. d o . The PSHF relies on the window length being scaled to
bandwidth of the main peak is increased from 0.44 bins to O'anatch the time-varying pitch periodV(p) = br(p). The

bins at each harmonic, an increase of 60%. Thus, despite beiﬂ%h-tracking algorithm estimates the periady sharpening

based on a maximum likelihood approach for estimating haf- ) . .
. . . ) : e spectrum at the firsH harmonics. The sharpness is de-
monically-related sinusoids, some of the idealized performance’. . . .
. . scribed in terms of the higher and lower spectral spre&gd,
has been compromised to make the process more suitable’1or, ., — . . . . :
. . . ands$;, , respectively, which are defined for a given window at
time-varying signals. .

each harmonich € {1,2,...,H} as

1 2 3 4 5
Normalized frequency (bins)

B. Overview n 5
. - : Si (N,p) = |Sw(bh + 1)
The pitch-scaled harmonic filter (PSHF), derived from a

2
measure of HNR [8], was designed to separate the periodic — M 177 <hAf0 _ i) (2)
and aperiodic components of speech signals. It is assumed W (hAfo)? N
that these components will be representative of the vocal-tract S, (V,p) = |S.(bh — 1)?
filtered voice source and noise source(s), respectively. The 1S, (bh)|2 1\
original speech signak(n) is decomposed primarily into EONDE W<hAfo+N> )

the periodic (estimate of voiced) and aperiodic (estimate of
turbulence-noise) components(n) and i(n), respectively. whereAf, = 1/Ar = bf, /AN
Further periodic and aperiodic estimatégp) and 4(n), are
) . . N

compu_ted based on interpolation of_t_he apenod!c spectruWﬁ(k) — 2 (sine TN + [sinem (kN — 1)
which improves the spectral composition of the signals when 2
considering features over a longer time-frame. +sinc 7(kN + 1)]/2) exp —jr A fo N

In the process of estimating the HNR from a short section of . _ _ _
speechs(n), Muta et al. [8] used the spectral properties of arfor the Hanning window, andl_nca: = sin(z)/z. Thus, th?
analysis frame that was scaled to the pitch period in order $8€ctral smearing due to the window is calculated for the higher
distinguish parts of the spectrum containing harmonic energ{jd lower bins adjacent to each harmoties b/ + 1, and the
from those without. Hence, they applied a window function values are compared to the measured values in those bins. The
of length N(p) to s(n), centered at time, to form s,,(n) = Optimum pitch estimaté/,,,; (p) is obtained by minimizing the
w(n)s(n + p — N/2). They computed the spectrusi, (k) by difference between the calculated and measured smearing in a
discrete Fourier transform (DFT) using a valueldf= br that minimum mean-squared error sense, according to the cost func-
was a whole numbérof pitch periods of length (in samples): tion at timep

= 2rnk u
Sulbp) = 3 su(n) exp<—* ) () J(Np) =S (SHN.p?+ 5, (N.pP) @)

n=0 h=1
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(see [8] for further details). The optimization is perfectly s(n) 8, (n) S, (k) Vik b ()
matched to the PSHF because, using the same window, — ﬂwf}zH DFTF” HFi IDFTHW@}:}—W,*,
L . . . Original i Periodic
maximizes the concentration of signal energy into the harmon sigral | estimate
bins. § ) Ok .
For each section of voiced speech, the initial estimate « DFT ——— W)
{_, window | 3 Aperiodic

N(p) was set manually. For larger data sets, standard methc

 estimate

could easily be implemented for automatic initialization, e.g. (k) L(v 73—
[42]-[44]. The pitch tracker operated as follows: v Pl =i DFT =
. . . 3 \compare ;| Tttt TR
1) window speech signalN-point, Hanning); Power-based e
. . | ower-pased reconstruction
2) evaluate cost functiow/(N,p) near current estimate N
. N #,(n)
N(p); i poom
3) update the current estimate 2,,; (value at minimum Apariodic

cost); Vik)

? _
) . — /\N vw(n)
4) increment timep and repeat. »/1_AZHIDFT Hwindow}—’mo o

estimate

D. Windowing and Resplicing

. . . . 2. The pitch-scaled harmonic filter (PSHF) algorithm. The top half
Wlndowmg was used in the PSHF not Only to process the d%q%vides one periodic/aperiodic pair of output signals for time-series analysis,

in finite frames, but also to allow the piecewise stationary modgding the harmonic filter (HF), while the bottom half gives a pair for power
to adapt in line with the many kinds of variation in the speecipectral analysis, after performing the power interpolation (P1). (From [51],
production system: amplitude, fundamental frequency, forma? Permission.)

frequencies, voice onset/offset and other transients. After de-

composing a frame, the output signals were recombined wifgnal that is periodic with no envelope shaping, so these four
the results of preceding frames by overlapping and adding. pitch periods are windowed to yield the periodic signal estimate

For simplicity, the center positions; of the frames; were Vwi\™
spaced at a constant interval:= p; — p;_;. However, since N1
the window size was not generally constant, neither was the Do(n) = M Z f/(/c) exp <j 27mk> . %
signal weighting; lower fundamental frequency regions, having N k=0 N
e e more e e MW peroc signlesmates th iference btveen s an
respliced periodic and aperiodic components, they were muffi® NPUt signalii, (n) = s.(n) — o,(n). Alternatively, in

i- . .
plied by W (m), the reciprocal of the sum of the contribution§ € frequency domain, we can subtricirom the unwindowed
from the windowsw;

spectrum
1 ron | S(k) —28,(k), forke B
N Yoidwilm —pi + N(pi)/2)} ©®) vk = { S(k), otherwise

for all framesi that included the point: (not necessarily con-
tiguous). Alternatively, each frame’s window could be norma

8

W(m)

and then the aperiodic componeiat, comes from applying
fhe IDFT and window, as before. As a result, any errors in

ized to give an even point-wise weighting, as done in [30]. e periodic estimate caused by the decomposition algorithm

cosine ramp was applied to each end of the normalization facfP (wrongly_) attrlbu_ted to the aperl_odlc signal. Note that the
W () to fade out sections of voicing at onset and offset. number of pitch period$ can potentially be any integer that
achieves a harmonic concentration, viz.€ {2,3,4,...}.

E. Algorithm There is inevitably a trade-off between time and frequency res-
1 H ic Filter: L ider h he PSHE al olution which, among other things, balances the noise rejection
) Harmonic Filter: Let us consider how the 9% erformance against the tolerance to jitter and shimmer. We

rithm performs the decomposition in the FD for a single fram ave found thab — 4 offers a favorable compromise, but we
centered at time. (Note: all functions within the algorithm arep,ve not tested alternatives ’

adaptive and depend gnbut for clarity, we omit the argument 5y b\ yer Interpolation: The spectrum of the estimated ape-
p hereafter.) Aftgr applying the pitch-scaled Hanmng windoy, e signall,,(k) contains gaps at the harmonics, where the
to the speech signal to ge;(n),_the_PSHF algorithm COM- coefficients are of zero amplitude, sinég,(k) = S, (k) —
putesS,, (k) by D_FT, as deplgted in Fig. 2. The harmonic fllter(25w(k))/2 — 0fork € B.However, subsequent analysis
(HF) takes the pitch harmonics frof, and doubles the coef- o inyolves computing power spectra or spectrograms, which
ficients to form the harmonic spectruif(k), compensating for yanend on the squared magnitude of the Fourier coefficients,
the mean window amplitude of 0.5 and the gaps therefore give strongly biased under-estimates. We
R 2S,(k), forkeB can ?mprove the power estimates by fi!lirig,J in at the.har—
VIR =10 (6) monics. If we assume that the aperiodic component is the re-
sult of a stochastic process with a smoothly varying frequency
whereB = {b,2b,...,(N — 1)b}. This spectrum, when re- response, we would expect the power in any frequency bin to
turned to the time domain by inverse DFT (IDFT), producestze similar to its adjacent bins. Therefore, we calculaig), a

otherwise

7
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frequency-local estimate ¢, | at the harmonics, by power in- during modal phonation are typically less than 0.7% and 0.5 dB,
terpolation (PI) of the values of the aperiodic spectrum in tlrespectively [45] (less than 1% and 0.25 dB according to [46]),
adjacent binsﬁw(k +1) although they can be as much as 3% and 1 dB [11]. The noise,
d(n), was added at six levels with HNRs &4, 20, 10, 5, 0, or
|l7w(k 1) + |l7w(k +1)|2 —5dB. In some cases, the amplitude of the noise was modulated
L(k) = 2 forke B. (9) by a rectangular wave in time with the pulses to give a burst
duration 60% of the pitch period.
The RMS amplitude.(k) is compared with the periodic spec- A set of linear predictive coding (LPC) coefficients (50-pole,
trum V,, (k) = S, (k) for & € B, to determine the real factor autocorrelation) was computed for a méé, using a section
A(k), which is the proportion of the coefficient to be allocate¢tom the middle of the first vowel in a recorded nonsense word
to the revised aperiodic estimdi& k), for each harmonic: (see Section IV-B for details). Each excitation sigréh), was
Lk passed through the corresponding LPC synthesis filtes), at

= . 10) sampling rate of 48 kHz.
VISu(®)? + L(k)? (o)

The remainder of the power is left with the revised harmonf. Parameters

estimatel/(k), so we have Jitter is a measure of fluctuation in the pitch period (or fun-
> damental frequency) of the voice. Usually expressed as a per-
- [ 1=Xk)*V(k), forkeB L '
Vi(k) = {f/(k), otherwise (11) centage, it is defined [47]-[49] as
- U(k) + ME)V(k), forkeB
Uk) =< - ’ . 12 o
(k) {U(k), otherwise (12) bp = w x 100(%) (13)
Ti

Hence, by using the original phase information for both com-

ponentsarg(S,,(k)), we can reconstruct the power-based tim¢here the period of théth pulse,r; = ¢; — ¢;_1, is the differ-
series?,,(n) anda,(n) in a way that is consistent betweerence between the current pitch epdgland the previous one,
overlapping frames. These signals retain the detail of tB@dE[-]denotes the expected value. It can be evaluated for all
original time series, while avoiding misleading artifacts in thpulses in a given section of signal, or restricted to a region of
power spectrum in the form of troughs or valleys at the hathat signal, to give a more time-specific measurement.

monics, and thus are suitable for long-term spectral analysisFor generating signals, each specified jitter value was used to
As shown in Fig. 2, the algorithm generates four complexodify the period [11]

spectra, V(k), U(k), V(k) and U/(k), from a single input.

After inverse-transforming and windowing, these are output 1 ri/T o
as four time-series signal$;,(n), @,(n), 0,(n) anda,,(n), Ti = % < B m)
respectively. Each of these can be combined with the outputs

from previous frames by sequential overlapping and adding {gere £, is the nominal fundamental frequency andis a
reconstruct two pairs of complete signals corresponding t0 thg,qom variable with a Gaussian distribution of zero mean and
original signals(»): the periodic and aperiodic signal estimategpt standard deviation. The factor gfr/2 is needed to match
&(n) andi(n), and the periodic and aperiodic power-baseghe standard deviation ef to the mean difference between two

(14)

estimates)(n) anda(n). such variablesyr; — 7;_1]-
In real speech, the jitter and equilibrium fundamental fre-
1. TESTING guency vary with time. So, using a window functiotv) (e.g.,
A. Signal Generation triangular, Hanning, Hamming, Kaiser, etc.) offers a means to

The PSHF was tested with synthetic speech-like signals a%\éaluate the short-time jitter

the accuracy of its decomposition evaluated. The sigs@al$

were gengrat_ed inthe TD (av_oiding a_my_pote_ntial artifac_ts from r(p) = (|7 — 7 1|z(ti — p)) x 100(%) (15)
later FD filtering) by convolving excitation signatgn) with (rix(t; — p))

an appropriate filteg(n): s(n) = c¢(n) * q(n). Each excitation o _ .

signal ¢(n) was the sum of a pulse traif(n) (with samples in the vicinity of pointp, where(-) denotes the time average.
...0,1,0,0,...) and GWNd(n): c(n) = g(n) + d(n). The Note that, in practice, computation of (13) over a finite number
pitch period and amplitude af(n) were perturbed from their Of pitch periods is equivalent to (15), whefn) is rectangular.
nominal values f, = 120, 130.8 or 200 Hz, @ = 1) by specified To identify the pitch instants;, we used zero-crossing [10] and
degrees of jitter (0, 0.25, 0.5, 1, or 3%) and shimmer (0, 0.5, peak-picking [50] methods to refine initial manual estimates.

or 1.5 dB), respectively.Normal values for jitter and shimmer Shimmer is a measure of the fluctuation of the amplitude of
the voice. Usually expressed in decibels, it is defined [46], [48]
2The jitter and shimmer perturbations created, respectively, by (14) and (Ha
do not necessarily represent realistic patterng,ofariation, but are used to
illustrate the effect of perturbations on the PSHF. The fine time resolution of the E
PSHF leaves it unaffected by low-frequency perturbations, such as vibrato, but 5.4 = 20log [|ai — Q-1 |] (dB) (16)
the above test methodology provides quantitative and self-consistent results. 10 E[ai]
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wherea; is the amplitude of théth pulse. For generating sig- Constant Modulated

nals, the pulse amplitude was calculated as [11] 25t A 25) : : £

%=a<1+f%ﬁuﬂ%“> @ = T

By

and the corresponding short-time shimmer was

. _{ {lai — ai_y|z(ti — p))

a(o) =200z, (122 O S0 (), as)
For real speech, each pulse amplitu@ge,was estimated using R
the RMS amplitude of the signal, windowed by an asymmetr )
Hanning window, extending one pitch period either side of tt |,
pitch instant in question. * ‘ i i ; ; ;

The HNR is often used as a measure of the relative amplituc - = °  j\g @B) 2 FINR (dB) 2

of the voiced and noise components and is defined [30], [48] as
Fig. 3. Aperiodicn, (dashed) and periodig, (solid) performance of the
E[UQ] PSHF on synthetic speech signals versus HNR; with constant (left) and
on = 1010g10 <—> (dB), (19) modulated (right) noise. Each graph shows results for three valugs 420
Elu?] Hz (A), 130.8 Hz (star), 200 Hz (box). No jitter or shimmer. See text for
values abry = oo dB.

PSHF performance (dB)
o 3
e

For the synthetic signals, the gain of the noise sigé@al,), was

adjusted relative to that of the pulse traittn), to give the de- |t follows that evaluating the change in SER for the periodic

sired ratioo . The short-time HNR, based on the periodic angnd aperiodic estimates from the synthetic speech constitutes

aperiodic estimates, is a more rigorous performance metric for reconstructing signals

N 5 than a comparison of prescribed HNR (before synthesis) versus
sx(p) = 10log;, < ~2(”)$2(” p») (dB).  (20) measured HNR (after decomposition). So, although we include
(@ (n)z?(n — p)) some HNR measurements to aid comparison with other algo-

rithms, we prefer to use the SER to describe the performance of
the PSHF.

o~
<

C. Performance Calculation
As a result of decomposition of the speegn), we want D. Results

a periodic signali(n) that represents the best estimate of First, the cost functio/(IV, p) was used by the pitch tracker
the voiced component, defined as having the minimum Meg _ g harmonics) to optir7nize the window lengf¥i(p) for
squared error be_tween the a(_:tu_al voiced component time ?egﬁﬁh synthetic signal. The signals were then decomposed by
U_(”) arld the estimaté(n). S|m|le_1rly, we want the "’_‘Pe“Od'? the PSHF algorithm into periodic and aperiodic componehnts,
signal (n) to be the best estimate of the additive noisg,y; respectively, the estimates of the voiced and turbulence-
u(n). The errorc(n), defined as: = & —v = —(4 — ), IS nise parts. For this study, we were deliberately conservative,
equally (and oppositely) present in the periodic and aper'OddQntering frames on every sample point (offset 1), which

components. . was computationally expensive.
The performance of the PSHF was assessed by consideringy 3 shows the results for three periodic signals corrupted

the change in signal-to-error ratio (SER) for each componegy, \arious amounts of either constant or modulated noise. The
The jitter and shimmer perturbations of the pulse train Weﬁf'erformance was positive in all but a few extreme cases, and
considered intrinsic to the synthetic voicing signal, whereg}\?as typically, ~ 5 dB for the periodic component ang, ~

the additive noise was treated as the product of another (tg;\-f + 5 dB for the aperiodic one. Fary < 0 dB, the per-
bulence-noise) source, and thus_ a_ttrlbuted to the ape”_o_%?mance deteriorated and in some cases became negative; this
component. Therefore, for the periodic component, the additiyerioration was more pronounced for modulated noise. At in-
noise was the initial “error” on the voiced component, thﬁnite HNR (o5 = oo dB), improvements in the aperiodic SER
“signal.” Conversely, for the aperiodic co.m_p'onent, the aCtuﬁ}ere 73, 54 and 50 dB, respectively, for the three value® of
voiced component was taken to be the initial "error” on thexy 130 g and 200 Hz. Thus, pitch quantization and spectral
add|t|ve-n0|s_e §|gnal. Hence, the periodic performange smearing defined a performance limit by producing errors up to
and the aperiodic performanegg are 1/300th of the original signal with no jitter, shimmer or noise

() /(c2) disturbance. ~

7, = 10log; <ﬁ) The results were almost identical for gli values, a char-
2”2>>/ {u®) acteristic of pitch scaling, except at low HNRs where pitch
u

= 101logy, <_> (dB) (21) tracking errors produced spurious readings. Similarly, altering
e’) the envelope of the noise, although perhaps making the tracker

_ ) (v?) more error-prone, did not significantly affect the quality of the

= 1010, <@_2> (dB). (22) decomposition. In another study [51], we synthesized signals
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PERIODIC AND APERIODIC PERFORMANCE OF THEPSHF \ERSUSJITTER o7, 120 131 200 120 131 200

SHIMMER 0 4 AND HNR o 5. ENTRIESARE (7, 17,,) IN DECIBELS

Fundamental frequency (Hz)

or oA Initial HNR (dB)
Fig. 5. Measured HNR for constant (solid) and modulated (dashed) noise
% dB 00 20 | 10 ‘ 5 versusf,, shown for the prescribed values (dash-dot, from bottoatj:dB
(x),0dB(x),5dB (star), 10 d§A), 20 dB(<), oo dB (box, separate scale).
0 0)j- 54 6 265 15|5 10 No jitter or shimmer.
1]- 22 1 2115 1515 10
05 01— 201 4 2405 155 10 shimmer was added. For normal speech, the presence of all three
disturbances degrades performance by 1 to 2 dB with respect to
1(- 19|-2 184 14|5 10 ; P
the noise-only case (in Fig. 3).
3 0|- 13|-7 13|1 113 38 Although not principally designed for such a purpose, the
11— 14]—-6 1312 11l4 o9 power-based outputs of the PSHFand «, may be used as a

measure of the total power of each component. Hence, by com-
paring(#?) with (%2), an estimate of the HNR may be formed,

with constant-amplitude noise and noise modulatedgdyand where(-) denotes time averaging. The measured HNRs, calcu-
showed that the respective constant and modulated envelojésd for the signals from Fig. 3, are just above the true (pre-
of the reconstructed noise signals were retained. These ressitsbed) HNRs in all cases, except fog = oo (the no-noise
suggest that any modulation observed in components of speeake discussed above), as shown in Fig. 5. The measured HNRs
is real rather than a processing artifact.
Fig. 4 illustrates the effects of jitter (left) and shimmer (rightlated) had a negligible effect. The discrepancy between the mea-
on the PSHF performance, in combination with constant noisared and prescribed HNRs is largest for the cases with most
added at various levels. The trends are qualitatively similar foacking errors, i.e., at5 dB, but otherwise it is ca. 1-2 dB.
both perturbations. For example, when there is no noise, th&fete that the decomposition anomaly evident in Figr3 & 0
is a notable performance degradation with the introduction dB, modulatedf, = 130.8 Hz) is not apparent in these results,
any jitter or shimmer. However, for the range of values chosdmgcause the measured HNR, which is the ratio of the compo-
fluctuations in the pitch period (jitter) have a larger effect on penent powers, is not based on the actual decomposed signals and
formance than amplitude fluctuations (shimmer). Where theretgerely compares their mean square values.
already one disturbance, i.e., HNRs of 20, 10, or 5 dB, the intro-In summary, the introduction of any form of disturbance, from
duction of a second one, either jitter or shimmer, is less markeuhise or perturbation, drastically reduced the performance from
The performances are generally positive, exceptjfoat the that under ideal conditions, but the PSHF continued to give ro-
higher levels of jitteocr > 1.5%) and shimmerd,, > 1.5
dB) with high HNR @ > 20 dB), for which the initial error turbances. For positive HNR values, the algorithm enhanced
was relatively small. The grid of results in Table | extends thikhe aperiodic component (i.e., improved its SER) much more
principle to the combination of all three disturbances, whoskan the periodic one, which particularly aids us in the study
worst element puts a bound on the performance. Indeed, the mérturbulence-noise components of mixed-source sounds. For
formance can even improve, as occurred for jitter of 3% wheacordings of normal speech, the results suggest improvements

varied little with f;, and the noise envelope (constant or modu-

bust performance in the presence of secondary or tertiary dis-
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to the SER of a factor of about five for the aperiodic componer .
(7. = 10-20dB for 5dB < on < 15 dB) and about two for *
the periodic componenty( ~ 4 dB).

LB
IV. APPLICATION TO REAL SPEECH

A. Recording Method Ta

Two adult, native speakers of British English RP, one maI;.,;
(PJ) and one female (SB), recorded a speech corpus contain
nonsense words and sustained vow#ls= /a, i, u/) inasound- **
treated room. The sound pressure at 1 m was measured usir o
microphone (B & K 4165), a preamplifier (B & K 2639) and
amplifier (B & K 2636, 22 Hz—22 kHz band-pass, linear filter),
and recorded onto DAT (Sony TCD-D¥, = 48 kHz). The *
16-bit data were then transfered digitally to computer for ana =
ysis. Calibration tones were recorded to give an absolute refe
ence to pressure, and background noise was recorded to as:
the measurement-error floor.

B. Example 1: Nonsense Word

Our first example is the nonsense wdid'aza] spoken by =
subject PJ. A decomposition of the entire word is illustrated i
Fig. 6 as two sets of spectrograms: wide-band usirigand+,
and narrow-band using, © and, respectively. In the voice- £*
less regions (0—10 ms and 720-800 ms), there was no neecf«
extract the voiced component, so the PSHF was not applied. F_E}
our purposes the voiced/voiceless decision was made manua
although there are many ways to do so automatically (e.g., [42
Therefore, the periodic outputs were set to zdre; © = 0, i
and the aperiodic outputs were set equal to the original signi ,
4 = % = s, during the voiceless periods at either end of the ui
terance. .

In the wide-band spectrogram of the original signal (Fig. € *;
top), the main cues are visible: the burst stripe (at 10 ms) wit.,
Su_bsequent aSplratlon_r_‘mse and formant tra_nsmons;_ the Onsqf-tig.fﬁ. Wide-band (top half) and narrow-band (bottom half) spectrograms
voicing (at 70 ms) exciting the formants, which continues unii ms and 43 ms, respectively, Hanning windows zero-padded, fixed
the start of the fricative (ca. 300 ms) when it begins to die dowsrey-scale) of the utteran¢g aza] by an adult male speaker (PJ): (from top)

F1 and F2 diverge, and the high frequency noise grows (L.umfle);bnﬁ?oﬂ'ggﬂ(57;??2](‘7(;)1?éﬁj{t'gf)'c(becittg"rfﬁégg)j aperiodic estimate
380 ms); the second vowel (from 420 ms), and finally voice

offset (at 720 ms). The periodic componémetains a small yet

significant part of the frication noise, but generally the voicinffequency, both for the original signal and more obviously for
stripes are cleaner and more pronounced. The aperiodic spedfig-periodic component, persisting throughout phonation. Some
gram is generally mottled in appearance, as is characteristic %QSOdiC effects are visible, such as when harmonics cross a for-
noisy sounds. However, different frequency regions are excittnt (e.g., F3 at 2.7 kHz, 100-200 ms). Again, the periodic
in each of the four source types: burst (all frequencies sim@Pectrogram is cleaner than the original one, while the aperi-
taneous|y with lowered formants), aspiration (a|| frequencieggic one remains mottled. The horizontal stripes are evident
mid-vowel (principal formants), and frication (higher formants)n short sections of the aperiodic spectrogram, where voicing

Vertical striations can be seen in the high-frequency turb@erturbations have caused some leakage. However, the overall
lence noise during the onset of frication, which become le§§ucture ofi is not generally periodic: note the stripes are ab-
noticeable toward mid-fricative. There is some contaminatigi®nt from the pulsed frication noise and from much of the vowel
from the voiced part, particularly in unsteady regions (i.e., 2G@ctions (e.g., 590-680 ms), while the wide-band spectrogram
ms, 270 ms, 450 ms) and at voice onset (70-100 ms), whighows clear signs of modulation. This implies that the PSHF has
correspond to rapid changes fif and local peaks in the cost€extracted pulsed noise into the aperiodic estimate, which would
function. most likely be from aspiration in the vowels.

In the narrow-band spectrograms (Fig. 6, bottom), one can se&ig. 7 gives an expanded view of the reconstructed signals at

fine horizontal striations from the harmonics of the fundamentfie vowel-fricative transitiofi-az—]. In agreement with earlier
observations [22], [52], the aperiodic component exhibits mod-

3This is consistent with the discussion in Section II-B. ulation by the voice source during development of the fricative
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Fig. 7. Time series of the original signaln) (top) from the vowel-fricative
transition[—az—] by an adult male speaker (PJ), the periodic componen

(middle) and the aperiodic componeiatn) (bottom, note double amplitude 20
scale). (From [51] with permission.) 0

) 5
(300-370 ms). The effect becomes negligible (around 380 n__, Frequency (kHz)
as VO'C'.”9 dies away and the noise l.evel mc.reases' The penolg!g(? 8. Power spectra (85 ms, Hanning window4 zero-padded) computed
pulses ino become less spiky, consistent with a weaker gIOttﬁLm the original signals(n) (top) from the vowel[a:] by an adult female
closure, and approach the form of a simple harmonic oscillatiepeaker (SB), the periodic estimatér) (middle) and the aperiodic estimate
(that is increasingly contaminated by the frication noise). ﬂ_(n) (bottom), whose time series are inset underneath each graph (aperiodic
signal double scale).

C. Example 2: Sustained Vowel
vowel-fricative transition revealed the weakening of modulation

Our second examplg, a sustam_ed _vo{me]lprodu_ceq by S.B' of the aperiodic part as the fricative developed. When one listens
was decomposed to give the periodic and aperiodic estlmattes

© and, and the power-based estimatésnd, respectively. 0the separated components, the periodic componéptagal

. . . _ s sounds like[aza] with less emphasis on the fricative, and the
Fig. 8 depicts the spectra derived fraft andi, using a steady o . . . .
. aperiodic component like a whispered version of the original,
section from the center of the vowel.

The periodicity of? is strongly marked by the harmonicalbeit with some remnants of voicing.
peaks of its spectrum, still noticeable above 8 kHz. Re _The PSHF provides separate output signals that can be ana-

suringly, the levels of the harmonic peaks remain practical zed individually for feature extraction [24], [53], or in tandem

untouched by the PSHF, while the inter-harmonic troughs we emvestlgate interactions of voicing and noise s_ources._lnqleed,
. the PSHF has been used to enable us to examine the timing re-
deepened. Both components show the effect of the principar: : o . L
. . . ionship between voicing and the modulation of frication in a

formants, although their spectral tilts are very different. Apar

from the very low-frequency noisef (< 50 Hz, mostly wind number of voiced fricatives [51]. We have also used it to com-

) : 7 . pare the aperiodic component of voiced phonemes with their
noise generated at the microphong);ontains a much greater' . . X ) :
: L . . . voiceless correlates to evaluate differences in their production
portion of the original signal at high frequencigs £ 3 kHz),

as ex : . E41]. Both the performance predictions and the interpretations
pected for flow-induced, turbulence noise. Moreover, Wi e veriodic and aperiodic spectra (e.a.. Fia. 8) present a com-
the detail, there are features distinct to the aperiodic spectrum, . P peric P (eg.Fig-8)p
such as a peak which had been hidden between the first t&%lmg argument for their validity.
harmonics £250 Hz) and a trough just above &t 1.4 kHz.

The jitter, shimmer and HNR were measured locally for the
same section of speechy = 0.9%, ¢4 = 0.07 dB and An analysis technique has been developed for decomposing
oy = 14 dB. These values were used to predict the PSHFsixed-source speech signals that is based on a pitch-scaled,
performance by interpolating the results of Table =~ 3 dB least-squares separation in the frequency domain. The PSHF
andn,, ~ 17 dB. Thus, we can claim with some confidence thaechnique provides estimates of the voiced and turbulence-noise
the periodic component is an improved estimate of the voicedmponents, as periodic and aperiodic parts, using only the
part over the original signal, and that the majority of the aperspeech signal. The components can subsequently be subjected
odic component was produced by a turbulence-noise sourceto any standard analysis, as time series or as power spectra, for

instance.

D. Summary Tests on synthetic speech demonstrated the PSHF's ability

For the nonsense word (Ex. 1), we discussed spectrograifi€construct the components, despite corruption by jitter,
of the decomposed signals and used them to extract featuregiinmer and additive noise. It achieved improvements to

the individual components. Examination of the time series at tHi® SER of the periodic and aperiodic partsrpf = 5 dB
andn, = 15 dB, respectively, for typical speech conditions
4t is possible to incorporate heuristic knowledge of speech signals to red\@ = 0.5%, 0.4 = 0dB andoy = 10 dB). The performance

the cross-contamination of the periodic component, e.g., by low-pass filter d duall ith i d . |
[22], but subjective assessment indicates that additional processing often indRST€ased gradually with increased corruption over a norma

a loss of intelligibility [30]. range of test conditions. Processing real speech examples

V. CONCLUSION
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resulted in convincing decompositions that revealed features TABLE I

particular to the individual componerfts.ocal measurements KEY TO SYMBOLS USED HERE AND IN [14]
of the perturbation of the original speech signal were then used
to predict the accuracy of the decomposed signals as estimates
of the voiced and turbulence-noise components.

The main limitations of the technique concern its com-
putational efficiency and robustness of the pitch-tracker to
deviations of the input speech signal from periodicity. The
current implementation of the algorithm is far from real-time,
although there is plenty of scope for reducing the amount of
computation. Jitter, shimmer, transients, and voice onset/offset
transitions all tend to produce errors degrading performance, (™) e(n) | excitation signal
although a high degree of robustness has been demonstratec ¢, (k) E(k) | excitation spectrum
across normal speech conditions. Further work is needed to
explore potential refinements to the PSHF, and to benchmark it
against other TD and FD methods. However, there is potential Dw(k) R(k) | true aperiodic part’s spectrum
for applying the PSHF to a variety of speech problems, par- Gu(k) P(k) | true periodic part’s spectrum
ticularly the analysis of mixed-source speech production and
speech modification.

Here [14] Description

n n point in time

k k point in frequency
N N DFT length

m m iteration number

By F, selected aperiodic bins
d(n) r(n) true aperiodic excitation signal

do(n)  ro(n) | initial estimate of aperiodic signal
Do(k)  Rg(k) | initial estimate of aperiodic spectrum

APPENDIX ! 8 time-compacted version

PERIODIC-APERIODIC DECOMPOSITION T
opic ODICDECOMPOSITIO dn(n)  rp(n) | mth estimate of aperiodic signal

The periodic-aperiodic decomposition (PAPD) algorithm
is an alternative technigue, which was developed by Yegna-
narayanaet al. [14], [34], [35], [55] for separating the voiced gm(n)  pm(n) | mth estimate of periodic signal (p.2)
and noise components of a mixed-source speech signal. The g,.(n) gm(n) | mth estimate of periodic signal (p.5)
algorithm would appear to have the characteristics needed for
our purposes, and we have indeed adopted aspects of their
general approach. However, as mentioned in the Introduction, A(k)  L(k) | hypothetical spectrum
we have discovered certain problems with it, which we have ~(n)  h(n) | hypothetical periodic signal
used to inform the development of our PSHF. This critique sum- (k)
marizes their algorithm, argues that the interpolation procedure
converges to the original signal, presents supporting simulation
results and discusses their approach in general. For consiste Algorithm
of notation within this article, many of their symbols have bee
altered. The substitutions are given in Table II.

Dp(k) Rp(k) | mth estimate of aperiodic spectrum

&(n) I(n) hypothetical signal

H(k) | hypothetical periodic spectrum

c(n) ¢, (n)

S(L,! LPC AT DF
Original analysis window

signal estimate

A. Précis

Fig. 9 is a schematic summary of the PAPD, which illus-, . . . .
. . ., Fig. 9. Periodic-aperiodic decomposition (PAPD) algorithm, whose core
trates the way the algorithm is encased by an LPC analysis/syg: prises a cepstral filter (CF) and the iterative interpolation process (IIP).
thesis shell. This shell prewhitens the input signals before de-
composition and returns the spectral coloring (e.g., from t.rtll?nate is thus set equal to the original spectrum for the aperiodic
formants) afterwards. The algorithm operates on the excitatign
. - L ﬁlnsBd and zero elsewhere
signal,c(n), to separate the periodic and aperiodic components
in a two-stage process. ] Cyu(k), forke By
The first stage makes an initial separation in the frequency Do(k) = 0, otherwise,
domain using a cepstral filter. The sigrék) is windowed and
zero-padded to forna,(n), where N is the DFT length and ~ The second stage is an iterative interpolation process (IIP),
(N/2—1) the window length. Its spectrufii,, (k) and real cep- involving repegted transformatipns between FD and TD. The
strum are computed. The periodic region of the cepstrum is pHPF=T of Do(k) is not generally time-compact like,(n): that
titioned by extracting the first rahmonic, in a manner simildf: do 7# 0 for N/2 < n» < N. The interpolation sets these
to de Krom’s [9], and the DFT is computed. By comparing thBoints to zero, computes the DFT, resBlg (k) = Cy (k) for
log-spectrum to zero, the bins of the spectrGip(k) are as- € Ba, computes the IDFT and so on. Setting the points to zero
signed to either the periodic component (positive values) or tifequivalent to multiplying by a rectangular windof(n) = 1
aperiodic component (negative values). The initial aperiodic €6 » € {1,2,...,N/2 — 1}, 0 forn € {N/2,... N}. The
process is repeated for 20 iterations, which Yegnanaragana
5Sound files can be found at the project web site [54]. al. considered enough to allo@,,, (k) to converge.

(23)
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Their results of decomposing synthetic signals show a strong
correlation between the HNR that was prescribed when gener-
ating the synthetic speech (prescribed HNR), and the value cal-
culated from the decomposed signals (measured HNR), which
they called the periodic-aperiodic energy ratio. However, there
appears to be a tendency to under-estimate the aperiodic com-
ponent, since all reported values of measured HNR were too

high, except in the total absence of noise. The effects of jitter, 10° 10’ 10° 10° 10*
shimmer andfy glides are also highly significant, producing a 6

large reduction in the measured HNR; a normal degree of jitter % 3 N
(~1%) typically gives errors of the order of 10% on the periodic o
component (i.e.gn < 20 dB). é
S
B. Theoretical Analysis E’
Yegnanarayanat al. assume thaD,,(k) = C,(k) for _?00 10 e e e
k € By ([14, p. 5 col. 1, paragraph 4]), which implies that lteration (count)

the periodic spectrum@, (k) is precisely zero for those

frequency bl!’ls. Using the argument of compactness “Ef‘g} 10. Effect of the PAPD's iterative process. Top: log-linear plot of the root
they employ in (16) and (17) (col. 2, bottom), it can be se&fean square amplitude of the periodic estimate(A, solid), the aperiodic
that the spectrum is zero at all frequenciés; (k) = 0 Vk. estimated,,, (o, dashed) and the errox( dash-dot) versus iteration count, for

“ . pulse train {o = 120 Hz) in Gaussian white noise (HNR= 5 dB). The
Y?t' thF_" authors remark t.hat. ) the S'demb? effects .Of rizontal lines indicate the original signal (thick, solid) with its components
windowing may produce significant values in the noise rethin): periodic (solid) and aperiodic (dashed). Bottom: the periadicgolid)
gions” ([14], p. 5). Therefore, provided that their argumeritnd aperiodicd, dashed) performance in decibels.

is true, and that some part of the periodic component must

reside in the aperiodic bins (as they remark), the convejpggesting that the algorithm, rather than decomposing the
gent solution of the [IP must be the origirfallim,, .. speech into periodic and aperiodic parts, actually reconstructed
Dy, (k) = Cy(k). In fact, the IIP, which is based on Parseval'she original signal using half of the Fourier coefficients.
theorem, is a standard signal reconstruction technique [5Repeating the tests at other parts of the utterance revealed the
However, (12), (13) and (14) should not be strict inequalitiesame behavior. A second series of simulations was performed
since D,,,(k) equalsD,,(k) at convergence. So, while the with signals synthesized from a pulse train plus GWN at HNRs
expressions guarantee that the error does not increase, thagying from—20 tooo dB. Being spectrally flat, these signals
alone cannot guarantee that they converge on a unique soluti@guired no LPC processing. Although convergence appeared

a point noted in [56]. to need a greater number of iterations, the results were similar:
the IIP reconstructed the original signal, rather than achieving
C. Simulations a stable decomposition.

Fig. 10 shows the effect of IIP on the decomposed compo-
nents (top) and the PAPD performance (bottom), for a pulse

in in GWN. Again, the parameters specified in [14] were
rate f, = 8 kHz) by the measured HNR and a perceptual spet(@m n . .
tral distance. We ran simulations of the PAPD using their paraﬁ'ﬁed_ (H_amm_mg, 512, 8 kHz). As with _the other examples: th_e
eters (Hamming, 512-point DFT, 8 kHz) on a mid-vowel sectioﬂpgrmd'c estimate converged to the or|g|.n:.il S|gna!, th_e periodic
of the first vowel in/paza/ recorded by an adult male speake?s‘t'mate to zero, and the error to the erglnal pe”.Od'C. compo-
of British English RP, which was 6 : 1 downsampled to allow gient. The performance, despite showing a margma! 'mprove-
rect comparison with [14]. The signal was LPC preemphasiz nt initially in this case, suffered severe degradation as the

(10 pole, autocorrelation) and 255 points used for the analyé 4 t.ei[rpdjt('j%n pr(f)cesssv(\j/aBst |te1r3t§d,;alllng by 4 dR t(rzonl-l’gHF
At each iterationm of the interpolation, the signal powers in h'o_ d ;7“ rom ci 1dB). ycor_np;adrl;son,th €

the periodic and aperiodic estimatéd2,) and(g2,), were cal- 2CEVEdperiormances of = andn, = onthe same
culated and plotted. example. Reconstruction of the original signal from the initial

The results showed that the aperiodic estimatebegan to aperiodic estimaté,(n) was consistently observed for all trials

approach convergence after about 1000 iterations, rather tlﬁ)é{ﬁraw';e _ragge ?f n<1|_se Ie\ﬁs'w ':h Id |ﬁer§f?_tvaluesa IchFT ¢
after 20 as proposed [14]. Moreover, the solution upon whichz\‘tZes and window tunctions. 1he initial conditions and the rate

- L : convergence varied depending on the original signal’s real
appeared to converge was the original excitation signak). cepstrumgwhich was govgrned gy the choicge of wigrl1dow and

60therwise, the convergence point would not be reached, no interpolatidte details of the noise, but the asymptotic behavior appeared
would take place and the solution would be (somewhat arbitrarily) determinggl every case. Thus, because of the theoretical aspects that were

by the initial assignment of bins. , _ o oyerlooked, and the low number of iterations used, the PAPD
7In the Papoulis-Gerchberg extrapolation technique from which this methg

is derived [57], the convergence region is explicitly excluded from the proof f@(_fgorithm erroneously appears to yield a reasonable decompo-
this very reason. sition.

In their trials [14], [55], Yegnanarayaret al. evaluated the
PAPD (Hamming window/N = 512 or 1024 points, sampling
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TABLE Il
COMPARATIVE RESULTS WHERE THE BURST DURATION RATIO (BDR) IS THE
PROPORTION OFEACH PITCH PERIOD FORWHICH THERE IS NOISE

energies approximated the expected HNR values. Indeed, the
discrepancies observed in Fig. 3 of ([55, Section IlI-A, p. 18])
can be explained by this and by the decision to iterate only 20

Settings (dB) PAPD PSHF times.

foo 3 S Nom. BDR | Init. | Decomp. Performance | Decomp. Performance Although it flattens the formant peakS, prewhitening the

H: % dB HNR % |HNR| HNR n = | HNR 75, 7. Speech signal by LPC is unable to help when the sources
20 0 o 1w 60 f1w7| 12 11 127 145 44 161 have differing spectral tilts, and when additional zeros are
120 1 0 o - | o | 320 - 200 2% -x 275 presentin the noise spectrum, which are both typical features
120 0 05 o - | o | 174 -0 152| 2607 -co 230 Of voiced consonants. Moreover, in frequency regions of low
200 0 0 5 100|547 | 85 28 82| 78 58 u2 HNR, voicing makes a negligible contribution and yet the

PAPD allocates, on average, half of the excitation energy to
) the initial periodic estimate. While harmonics and noise are
D. Comparison spectrally indistinct, the PSHF allocates one fourth of the
For the sake of a direct comparison of the PAPD algorithexcitation energy to the harmonic estimate. The authors state
against our PSHF, we present the results of decomposing sithat the decomposition algorithm is able to separate aspiration
thetic signals using each technigue. The signals were genggises and the periodic noise in the voice source” ([14, p. 9]).
ated as described in [55]: the authors of [55] provided us witthowever, the low sampling rate used (8 kHz) means that much
their decomposition for comparison, while the PSHF was apf the turbulence noise was missed. These factors hindered
plied by us. The four signals were chosen to be representatitie PAPD’s ability to uncover new features in the decomposed
of the wider tests with noise, jitter, shimmer and an alternatiapeech.
fo. They are listed in Table Il along with the corresponding In light of the above mathematical argument and the simula-
performance results. The prescribed (initial) and measured (tien results, we conclude that the PAPD ultimately converges,
composed) HNRs are also given. if the objective is a decomposition, to the wrong solution.
For these test signals, the performance results of the PSHFldametheless, while there are some critical flaws and several
better than those of the PAPD in all cases by at least 3 dB, asftbricomings in the PAPD algorithm [14], it may still be
the HNRs estimated from the signals are more accurate in afiiplicable as an analysis tool, and their use of synthetic signals
but one case. (To validate our own implementation of the PARIN choice of variables offer a comprehensive methodology
algorithm used earlier in this Appendix, we compared our outpiatr testing decomposition algorithms, which we have largely
signals with those supplied by d’Alessandal., and obtained followed.
very similar results.)
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signal reconstruction problems [56], [58], [59]. The iterative al-
gorithm is, however, a cumbersome, computationally-intensive
method of signal reconstructi@nlhe initial estimate of the ape-
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