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Abstract— This paper considers the problem of obtaiing an
accurate spectral representation of speech formanstructure
when the voicing source exhibits a high fundamentadrequency.
Our work is inspired by auditory perception and physiological
studies implicating the use of pitch dynamics in smch by
humans. We develop and assess signal processinigestes aimed
at exploiting temporal change of pitch to addresshe high-pitch
formant frequency estimation problem. Specifically we propose
a two-dimensional (2-D) analysis framework using B
transformations of the time-frequency space. In om approach,
we project changing spectral harmonics over time toa one-
dimensional (1-D) function of frequency. In a seaa, we draw
upon previous work of Quatieri and Ezzat et al. [1,2], with
similarities to the auditory modeling efforts of Ch et al [3], where
localized 2-D Fourier transforms of the time-frequeécy space
provide improved source-filter separation when pitd is changing.
Our methods show quantitative improvements for syrttesized
vowels with stationary formant structure in comparison to
traditional and homomorphic linear prediction. We also
demonstrate the feasibility of applying our methodon stationary
vowel regions of natural speech spoken by high-pitcfemales of
the TIMIT corpus. Finally, we show improvements aforded by
the proposed analysis framework in formant tracking on
examples of stationary and time-varying formant stucture.

Index Terms—formant estimation, high-pitch effects, temporal
change of pitch, linear prediction, spectrotemporaknalysis

I. INTRODUCTION
Estimating the formant frequencies of a speakemduviowel

utterances is a fundamental problem of speech sisaly

Current state-of-the-art formant estimation systeypscally
perform short-time analysis in conjunction with eacking
mechanism (Figure 1). For example, in [4], shonietanalysis is
used to generate linear predictive cepstral cdeffts (LPCC)
which are used as observations in a Kalman filgeframework.
This paper focuses on the analysis component (ghéiigure 1)
of such systems in relation to formant estimatiérhigh-pitch
speakers (e.g., with pitch values ranging from 1650 Hz).
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Under such conditions, short-time traditional aramlomorphic
linear prediction analysis (by which LPCC are ofbeal) are
known to provide inadequate representations of firenant
structure [5, 6]. This paper addresses this limoitain analysis
by exploiting temporal changes in pitch.
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Figure 1. Schematic illustrating typical formantiestion system
with analysis stage (shaded) and tracking mechartistimates can
also be obtainedirectly from the output of the analysis component
(*") without the tracking mechanism.

The current work is inspired by psychophysical and
physiological studies of the auditory system imgdleg its use of
pitch dynamics in processing speech. For instaMmsdams
showed in a series of concurrent vowel segregatishs that
subjects reported an increased “prominence” perfgptowels
whose pitch was modulated relative to those thateweot
modulated [7]. In another study by Diehl et al], [8lthough
limited to a two-category vowel identification taskesults
indicated that a linearly changing pitch can imgrémman vowel
identification accuracy. In both studies, the absd effects were
greatest when the synthetic source was chosenwe &ahigh
pitch (e.g., ~250-400 Hz). Physiological modelstted auditory
system (e.g., [3]) have also proposed that higkHeortical
processing analyzes an auditory-based time-frequenc
distribution in both the temporal and spectral disiens, thereby
exploiting temporal changes in speech such as mi{ctamics.
This analysis framework is distinct from the shiimie analysis
methods used in most formant estimation systems.

The auditory model proposed by Chi et al. [3] rbayviewed
as one realization of a generalized two-dimensio(D)
processing framework. In our work, we develop asbess
realizations of this framework for improving higlitgh formant
estimation.  The foundation for our framework waisstf
introduced in [9, 10]. In one approach, we projwnging pitch
harmonics to a single function of frequency to ioya the
spectral sampling of a stationary formant envelapder high-
pitch conditions. This initial step is similar tbe multi-frame
analysis method proposed by Shiga and King [11]winich
iterative techniques were subsequently used toveericepstrum
best fit to the collection of harmonic peaks ineadt-squared-
error sense. Alternatively, in this paper, we perf a simple
interpolation across the harmonic peaks to genexrategnitude
spectrum to be used with the autocorrelation metbbdinear
prediction. In the second approach, we comput®e- tw
dimensional Fourier transforms of spectrotemporalfcal
regions of the short-time Fourier transform magetuas
proposed by Quatieri [1] and extended by Ezzal.dPh Ezzat
et al. have made phenomenological observationsrdieggathe



source-filter separability of this transformed spadn our paper,
we argue for these observations analytically anglaéx this
characteristic to improve high-pitch formant estiioa.

We emphasize that this work focuses on improvihg t
analysis framework used in formant estimation faghkpitch
vowels rather than performing formant tracking (e.in
conjunction with Kalman filtering [4]). We therefo obtain
formant estimates directly from the output of thealgsis
framework (*', Figure 1) through linear predictianalysis rather
than through a tracking mechanism. Furthermore eoaluation
primarily focuses on the canonical problem of eatimg formant
frequencies under the assumption of a stationacpvoact (i.e.,
monophthong vowels) but with the added constrdiat pitch is
changing throughout the duration of the stationenwyel. These
conditions will be shown to be often present oruratvowels
extracted from the standard TIMIT corpus [12]. eTdonstraint
of changing pitch will also be argued to be a modes with
regards to the degree of pitch change required htai
improvements in formant estimates. Finally, wd d@monstrate
that the proposed 2-D framework can provide impnesets in
formant tracking for both the stationary and tinagying vocal
tract conditions As will be subsequently discdsséhese
improvements can be obtained whenever the pitclardics and
formant trajectories of a vowel are moving in distidirections.
This more generalized set of conditions for impngviformant
estimates may be explored in future work towardigllormant-
estimation system that incorporates a tracking raeisim.

This paper is organized as follows. Section iéfy reviews
the problem of high-pitch formant estimation usedrequency-
domain view often referred to as spectral undersagp We
propose a two-dimensional (2-D) analysis framewarkontrast
to traditional short-time analysis for addressihg tissue under
certain conditions.  Section Il describes specifiermant
estimation methods motivated from our observationSection
Il. Section IV presents a comparative evaluatidnfarmant
frequency estimates from these methods using syothewels.
In Section V, to demonstrate the feasibility of oamalysis
methods on natural speech, we present formant &simresults
on monophthong vowels spoken by high-pitch feméles the
TIMIT corpus. In Section VI, we demonstrate theplications
of our work for formant tracking of monophthong el
comparing standard LPCC analysis with the propoged
framework in several tracking tasks. Section \Ktemds these
efforts by demonstrating the feasibility of applyithe proposed
2-D framework to formant tracking of a time-varyimgcal tract
configuration.  Section VIII summarizes our condaus and
describes future directions.

Il.  TWO-DIMENSIONAL PROCESSING FRAMEWORK

A long-standing problem in formant estimation Hatt of
obtaining accurate estimates for high-pitch spesakeExisting
analysis methods are known to provide poor reptatiens of
the formant structure for a high-pitch source sigri@r instance,
traditional linear prediction suffers from aliasadtocorrelation
coefficients while cepstral analysis on high-pisgeech results in
reduced source-filter separability in the quefredoynain [5]. In
this work, we adopt an equivalent view of this idifity in
analysis referred to as spectnaldersampling Specifically, from
the traditional source-filter production model feowels, a
periodic source signal can be viewed as harmogisalinplingan
underlying formant envelope in the frequency domaiis the

pitch of the source signal increases, this harma@ampling
becomes more sparse, thereby leading to a poorectrap
representation of the underlying formant envelapthée resulting
spectrum [9]. Herein we discuss two realizatiorfisao(2-D)
analysis framework to address the spectral undeuigagn
problem under certain conditions. Specificallyr & stationary
formant envelope andhanging pitch, we argue that spectral
sampling can be improved. Similarly, in a secosalization, we
argue for source-filter separability in a transfeth2-D space.
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Figure 2. Schematic of shditne Fourier transform of a station.
formant envelope (shaded) under conditions of fifeggd pitct
(dashed) and (b) changing pitch (solid). The blaglows indicat
projection of spectral samples.

Time

A. Harmonic Projection and Interpolation

Figure 2 shows a schematic of a short-time Fourarsform
(STFT) for a fixed vocal tract (shaded regions) em¢h) fixed
high-pitch (225 Hz) and (b) changing high-pitch ditions (200
to 250 Hz). As previously noted, a fixed high pitadsults in
spectral undersampling; we highlight these spedaahples in
Figure 34
vowel but with changing pitch from 200 Hz to 250;Hmder a
multiplicative source-filter model, the pitch harmics sweep
through the spectral envelope over time in a fka-btructure.
To understand why this fan structure arises, cemsadpitch f,

with the n" and (n+1)" harmonics asnf, and (n+1)f,,
respectively. For a pitch change @f,, the n" and (n+1)"
harmonics of the new pitchf, + Df, become (f, + Df,)n and

(a) Fixed Pitch, f, = 225 Hz (b) Spectral Samples for Fixed Pitch
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Figure 3. (a) Pitcladaptive spectrogram (Section I1.B) of syntf
vowel with fixed pitch of 225 Hz; (b) Corresponding spectral sasul
(a); (c) Pitchadaptive spectrogram for synthetic vowel with mg
pitch from 200 to 250 Hz; observe the fanning ¢ trarmonic lin
structure as expected from Figure 2b; (d) specsainples fror
projection of changing pitch harmonics across time.

2 Unless otherwise indicated, spectrograms plottethis paper are on a
linear scale.

In contrast, consider now the STFT of the same



(f, +Df,)(n +1), respectively. Whereas the"™ harmonic is an impulse such that the windowed signgln] contains three

shifted by Df,n, the (n+1)" harmonic is shifted byDf,(n +1). impulses. By symmetry of the window, and denoting

Consequently, for a givendf,, higher-order harmonics are a=w[No], p,[r] then becomes

shifted more on an absolute frequency scale tharerorder puln=adn-2NJ+ad n N+ af n3 N . (2)
harmonics.A modest change in pitch shift can therefore invaoke
substantial shift in increasing harmonic frequeiscie In the
STFT, this results in fanning of the harmonic liskeucture at
higher frequency regions (Figure 2b). N-1 i
Invoking now the spectral sampling from the pit@drmonics, RIm= plhe™
multiple short-time spectral slices computed acrtege can n=0
therefore be viewed as a collection of non-unifesamples of the _ -i% - i% : iz"ﬁ(A)
. o . : =e M7 +ge M 4gqe Moo 3)
stationary spectral envelope for the condition ledrgging pitch.
These samples can be projected (arrows, Figureozhg vertical _ iR 2pmN,
; S . . =e "™ 1+2acos —2
frequency axis to provide improved sampling of threerlying
envelope. Figure 3c shows an example of this asmd sampling
due to changing pitch, contrasting the uniform damggn Figure
3b. A spectrum derived from this increased sangpliould
provide an improved representation of the undeglyfarmant
envelope especially under conditions of high pitelative to that
of a single spectral slice. Observe also that fi@mguency
regions (e.g., ~500 Hz) exhibit narrower samplifnt the
broader sampling in high-frequency regions (e.8000 Hz) due the short-time analysis scheme described resulta iRourier
to the fanning of harmonic lines in higher-frequenegions (i.e., transform magnitude corresponding to a sinusoiting®n a DC
higher-order harmonics). pedestal. For our assumed valiés= 30 and N, =2048, the
For the subsequent discussions, our results imglarmonic N
projection are largely empirical. Note, howeveattif additional ~period of |R,[n| (denoted agj,) is g, —2»68.
samples from projection were to provide an incrdadensity of No
uniform spectral samples, aliasing in the signal's cooeding
autocorrelation function can be reduced and lipeadiction all-
pole modeling can be improved [5]. More generally
reconstruction methods from non-uniform samplesteii the
literature (e.g., [13]), but are beyond the scofihis paper.

Figure 4b shows the magnitude of tNg., =2048-point discrete
Fourier transform (DFT) ofp,[n] (denoted as,[n]):

_.2pmn

DFT

such that

|P,[m| =1 +2acos ZI’ZLNO 4)

DFT

when a <% . Our analysis shows that under certain conditions

B. Grating Compression Transform

As another realization of the 2-D framework, wee usn
analysis scheme proposed by Quatieri in [1] ancreded by
Ezzat et al. in [2]. Specifically, the Grating Comassion
Transform (GCT) is defined as the 2-D Fourier tfarma
computed over a spectrotemporally localized regibthe STFT
magnitude. The resulting 2-D space has been steghde
exhibit source-filter separability by Ezzat et athrough
phenomenological analyses [2]. Herein we motiatalytically

the GCT and propose a model for source-filter sely to Figure 4. (a) Windowing a periodic impulse trairthwpulse

support those observations. alignment; (b) magnitude DFT of (a); (c) windowiageriodic
impulse train without alignment; (d) magnitude D&fT(c).
1-D Modeling of SourceTo motivate the GCT, we first consider

a periodic impulse train in discrete time Consider now the more general situation in whiglin is
¥ 1 positioned such that it does not align with an itepu In this
p[n]—k:_¥a[n- kN] (1) case, p,[n will correspond to four impulses with varying

with N, =30 as shown in Figure 4a. Windowing[n] with a amplitudes as shown in Figure 4c, i.e.,

symmetric windoww,[n] =w] N- § results in the signal shown TE ’ ad n- iN,-D] (5)

in Figure 4a. w,[n] is chosen to be a Blackman window with i=0

duration four times the periodicity ofp[n such that where 0< D <N, corresponds to an offset based on the position
N =4N, +1=121. This short-time pitch-adaptive scheme ensure®f the window anda, are the distinct amplitudes. Because the
that the window captures three impulses when tmelew center spacing betweenimpulses in p[r] is N,, the corresponding

is aligned with an impulse and at most four impsilsénen it is  p [ni exhibits periodicity with spacingg, »68. In the case

not aligned since th_e window has zeros at its errm_ispo FIgure  ghown in Figure 4c, observe that, >a,>a,>a , such that
4a shows the condition when the centemgfn] is aligned with )
P,[m can be written as



P.[ni =a0éj%‘° +a1g§‘§!‘3@*“°) In both cases|R, (W) exhibits peaks aw=No 503,
DFT

+a2e- j%“’”“o’ +a3e‘1%‘”3’”°) consistent withP,[m being derived from a periodic sequence.

(6) For the aligned case, a single_ peak_(_solid arrogure 5a) at _

2o W »0.0p can be observed in addition to the DC term in

=g Nom ' al+2aocos@) \PW (V\/) , corresponding to a sinusoid resting on a DC pafles
P % e, '\r/ce unaligned case exhibits additional pgaks attiphes of
Ha,-ay)e Mo 0 +a e Mo 0 »0.0p as can be expected for a periodic sequence (e.g.,

dotted arrows, Figure 5b). Figures 6a and b pie¢ ¢pcations
and amplitudes of the two largest non-DC peaksPp(W)| for
unaligned case as a function of the window edffB .

R serve that a dominant peak is consistently |ocast
of these added termgR,[ni| is similar in shape to that of the w»0.03 while the secondary peak is located \At»0.06p .

ideal case with periodicityg, » 68 as expected. Our analysis demonstrates that the maximum norpB&k of
\PW (W)\ is consistently located at a value correspondmnghe

The present derivation is similar to that of thigreed window
but with the addition of two complex exponentiainte. Figure
4d shows|P,[ni| for this case; observe that despite the presen%@s

pitch period of the signal, and that its magnitu@deds to
dominate|R, (W)| , independent of the window alignmerin our

subsequent discussion, we approximmﬁ(w)\ of the unaligned
case as a sinusoid resting on a DC pedestal he iaigned case.

Figure 5. (a)‘PW (V\/)‘ for aligned window; (b)‘ P, (V\/)‘ for

unaligned window; solid arrows denod/ »0.03 while /
the dotted arrows denote multiples\éf »0.03 .

Figure 7. (a) Short-time spectrum computed usitchpadaptive analysis
scheme and localized region to be analyzed (reletgr(f) Localized region

\X[n’]\ with recovered envelope from filteringa[m , solid red) and result of
dividing | X,,[m| by a[m (magenta dashed); (c) Filtering in tté(\W)
domain; note that only the real part (W) is shown (blue solid) along with
the simple Hamming window filter (green dashed);Nthgnitude of P, (W) ; a
dominant peak is located &/ »0.02¢ (arrow).

1-D Modeling of Vocal TractThe previous discussion has shown

that for an appropriate choice of window, the Feutransform
Figure 6. (a) Location of two maximum non-DC peaks of a windowed impulse train resembles a sinusogdirrg on a
‘pw(w)‘ for unaligned case; (b) Maximum values of two DC pedestal. In the traditional source-filter protion model,
this impulse train is convolved with both glottabusce and
formant structure components to generate the spsigoal. In
I . . accordance with this model, we view the sinusoid eDC
To quantitatively assess the effect of the exptiaketerms in pedestal as corresponding to the periodic sourcepoaent; in

(6), Figure 5 compares the Fourier transform of shert-time addition, for alocalized frequency region, we view the source

spectra P,[m for both the aligned and unaligned cases. W@omponent as beingnodulatedby a slowly-varying function

maximum non-DC peaks ifP, (W)| for unaligned case.

denote this transformed result Bs(W) : corresponding to the local glottal source and fartmstructure
Nor spectral components. Let us dend¥{ni| as the short-time
P.(W) = PR[nje". (7)  magnitude spectrum computed using the previouskcriteed

m=0

pitch-adaptive Blackman window. Denoting[m] as the



envelope andyMni as a window along the frequency dimensionSTFT magnitudew{n n] as the 2-D window, and the localized
we model a local portion of the short-time magnésgectrum as region centered at=rn, and m=m, as

\xw[nﬂzv[,mpﬂmmos(@)) sinmM=snma g m o (10)
% 5 (8) While a changingf, invokes a fanned harmonic line structure in
= wnmdnm+pin [W]KBDS(% gnni, a localized region exhibits a harmonic line stoe that
0

o ) _ _ is angled and approximately parallel as shown gui€ 8b (solid
where g, is inversely proportional to the pitch. Denotitite  |ines). Likewise, a stationary pitch will invoke set of

Fourier transform ofX,,[n| as X (W) , we have that horizontally-oriented parallel harmonic lines (dedh lines).
Analogous to the 1-D case, we model the localizgion as the
X(W) =H(W +H( WE) H( W+2£) product between a 2-D sinusoid resting on a DC gtatlavith a
A e ) slowly-varying envelope (denoted as[n ni) [9] such that
1 is
HOW) =5 AW 5, WO sdn

sdnm» Wn i +cos(gF[ n M) knh (11)
where A(W) and W(W) are the Fourier transforms afmi and . . ’ . .
w{m , respectively, andH (W) is their convolution in thew where u; is the spatial frequency of the 2-D sinusoid,

domain. and F[n,m is defined as

In Figure 7, we analyze a portion of the vowel &mken by a F[n m= ncos@)+ nsin@) (12)
female talker from the TIMIT corpus with pitch ~304g; the

sampling rate of the waveform is 8 kHz such thaf»27. corresponding to a term representing its spatigneation. In
. . . relation to the traditional source-filter productianodel, we
Figure 7a shows the short-time magnitude spectfni| interpret 1+cos@F pm]) as a 2-D "source” component

computed using a pitch-adaptive Blackman window andspresponding to harmonic line structure  while[n, n

Noer =2048.  Figure 7b shows a localized frequency region 0éorresponds to a localized (in timaed frequency) portion of the

|X,[m| to be analyzed. In absolute frequency, this redias underlying vocal-tract formant excitation envelop&xpanding

size of ~700 Hz to capture approximately a singlenfant peak (11), we obtain

region as shown in Figure 7a (rectangle). By l@spfiltering s,[nni» wnma,nhr [wnlnadaos(wF , n  (13)

the correspondingX (W), we may recover and divide out the . L .
such that the localized region is tkem of a slowly-varying

envelopea[n (Figure 7b, red solid) fromX,[ni[. The filtering  component corresponding to the localized portiothefformant
operation is done using a Hamming window with léngtenvelope with a modulated version of itself.

corresponding to a low-passut-off of szl _2PN, ~0.0260 . Applying the 2-D Fourier transform tg,[n nj results in the

9  Nper GCT. Specifically, letN and M denote the time and frequency
The result of dividing out[n from |X,[m| is shown in Figure Widths of the 2-D window, respectively; likewisef lw and W
7b (magenta dashed). Observe that this resuloappates the denote_the frequency var|able§ cor_respondlngntoand m
previously described sinusoid on a DC pedestal. addition, respectively. The GCT of,[n nj is defined as

Figure 7d shows the Fourier transform magnitude mged for N-1M-1 o
| X[ S(wmW) = s[nnenen (14)
av[vnj after windowing with a Hamming window, which we n=0 m=0

Substituting Equation (13) into Equation (14), vixtain

S, (W) » H(w, W +H(w + sing, W - cosq )
+H (w- wgsingW + wg sing) . (159

denote asP,(W). Observe that a dominant peak\it»0.02¢p

can be observed, consistent with the sinewave modak

previously discussedP,,(W)| may in general contain additional
. . 1 *

lower-amplitude peaks at multiples ofV»0.026p due to H(w,W) >>5W(W,V\J ww KW

imperfect alignment of the short-time analysis vand ] ] ]

Nonetheless, as will be subsequently discusseceatic® 1Il.B, Figure 8 shows a schematic of the mapping frgfpn nj to

these second peaks will have negligible effect ba GCT S,(wW). We see thatwinnidnrh maps to a function

analysis method used in formant estimation. H(wW) centered at the origin and oriented along tieaxis

(represented schematically by the shaded ellipsas)e the
formant envelope is assumed to be stationary. oftemtation of
components inS,(w,W) can be seen through basic properties of

2-D Modeling of Source and Vocal Tracithe previous
discussions invoke a one-dimensional (1-D) modoatiiew of
the short-time magnitude spectrum along the frequen .
dimension. This framework can be extended to thelthe time 2-D Fourier Transforms [14]. In. contrast,
dimension of the STFT magnitude. Consider now calized N M & 0 fcos(wF [ n M is transformed to a pair of smeared
spectrotemporategion of the STFT magnitude obtained using #@mpulses located in opposed quadrants of sh#/-plane due to
2-D window (e.g., Figure 8a). Specifically, denafa n] as the the conjugate symmetric property of the 2-D Foutiansform.
The radial distance between each smeared impulbehenGCT

3 Although there are a number of methods for conmguthe spectral origin COI’I’eSpOI?dS. to the spatial frequency of ?h sinusoid
envelope, we do so here by low-pass filtering. (). When f, is fixed, the smeared impulses lie along e



axis (dashed ellipses) (i.e.g=0). For changing f,, the
rotational nature in transforming rotated harmoliies maps
themoff the W-axis at a non-zero angle (solid ellipses). Our
formulation therefore illustrates analytically tR&T’'s ability to
invoke source-filter separability observed phenoohegically in
[2].

invoked along thew-axis when w, and the W-bandwidth of

H(w,W) are such that there is minimal interaction betwee
H(w,W) and H(w,W ). For changing pitch, separability may

be improved since the modulated versiontbfw;, W) is rotated

Specifically, for fixed f,, source-filter separability is

. FORMANT ESTIMATION METHODOLOGY

This section describes the methodology used ituatiag our
2-D processing framework for formant estimations discussed
in Section I, we aim to directly assess the valfiesgectral
representations obtained from different analysishows and
therefore obtain formant frequency estimati®ctly from the
results of analysis (Figure 1, ™) rather thanhwa tracking
Wechanism. Herein we develop specific methodsofdaining
spectral representations motivated from our obsens
presented in Section Il. The resulting magnituskectra are then
used in linear prediction to estimate formant fexgies. In the

off the W-axis, thereby reducing its interaction with thedevelopment of these estimation methods, andilatgection IV,

unmodulatedH (w,W) oriented along th&V-axis.

Frequency

Frequency

Figure 8. (a) STFT and localized region (rectangleed for GC
computation; stationary formant (shaded), fixggth (dashed), ar
changing pitch (solid); (b) Localized region of STEoomedin showin¢
parallel harmonic line structure; (c) Grating Coegsion Transform
the modeled localized region of Equation (11); obsethe localize
formant envelope is centered at the origin (sha@digbse) while

modulated versions of it are locaterf away from the origin at an an

g off the W-axis depending on whether pitch is changing (:
ellipses) or fixed (dashed ellipses).

Observe that the separability invoked by the GESimilar to
that of the cepstrum [5]. Specifically, both arséd methods
transform a multiplicative source-filter spectralodel to an
alternate domain where the source and filter arditiad
components; however, the GCT does so without imgka
homomorphic framework. In contrast to the cepstrtire GCT
can provide additional separability whefy is changing even

under high-pitch conditions. Finally, observe tfiat changing
f,, harmonic lines in the STFT tend to fan out withajest slope

in high-frequency regions. The increased fanningesponds to

larger values ofg when mapped in the GCT. We therefore

expect increased separability for these regiorativel to lower
frequency regions. This is analogous to the broddemonic
sampling discussed in Section Il.A.

Our observations motivate a simple method for owjg
spectral representation of the formant structurehigh-pitch
speech to address spectral undersampling. Spabifidiltering
in the GCT domain followed by an inverse 2-D Foutiansform
can be used to generate a spectrum distinct fran dhtained
from a single spectral slice.

we use a series of synthesized vowels with vargimpunts of
linear pitch shifts. Finally two standard analysisethods,
traditional and homomorphic linear prediction, described, to
be used as baselines in our comparative studydatidadV.

A. Vowel Synthesis

In this portion of our development, we use forarse signal
in synthesis periodic impulse trains with varyinggcees of pitch
dynamics, thereby excluding the glottal pulse shapel its
contribution to the speech spectrum. This is d@nassess the
benefits of exploiting pitch dynamics in high-pitdlormant
estimation with adequate compensation for this comept. In
our subsequent discussion of processing naturacbpéSection
V), we illustrate the feasibility of applying thesgethods to real
and resynthesized speech using a simple compensaéthod.

Periodic impulse-train source signals with startif, ( f,.)

ranging from 80-200 Hz (males), 150-350 Hz (femglasd 200-
450 Hz (children) were synthesized with linear Ipiiacreases
(df,) ranging from 10 to 50 Hz. f,, and df, varied in 5- Hz

steps. Starting and ending pitch values were fipéaterpolated

across the duration of each synthesized utterariae.generate
the impulse train with time-varying pitch, impulsegre spaced
according to this interpolation across the desidadation.

Initially, we synthesized the source at 8 kHz; heare with this

sampling rate, sharp transitions were observeti@érspectrogram
at pitch transition points, indicative of insufficit temporal

resolution. To generate a smoother pitch trackuses instead a
96-kHz sampling rate for generating the impulseintrand

downsampled the result to 8 kHz, thereby minimizithgse

transitions. Due to the time-varying nature of thesired source
signal and downsampling, the resulting source $iggmaiot a

periodic impulse train; however, the source sigmas not

observed to invoke significant spectral shapintheovowel.

TABLE |
AVERAGE VOWEL BANDWIDTHS USED IN SYNTHESISHZ)
ah iy ey ae oh 00
B1 60 38 42 65 47 50
B2 50 66 72 90 50 58
B3 102 171 126 156 98 107
TABLE Il
AVERAGE VOWEL DURATIONS USED IN SYNTHESI$MILLISECONDS)
ah iy ey ae oh 00
Duration | 95 | 100| 125| 135 13% 105

Source signals were filtered with 6th-order allepanodels
[15] corresponding to the vowels /ah/ (v=1), /8),(/ey/ (3), /ae/
(4), /oh/ (5), and /oo/ (6). Formant frequencies, (F2, F3) were
set to average measurements reported by Hillenbearal. for
males, females and children [16]. Formant bandwidB1, B2,



B3) for all three genders were set to the averamyeeirspecific
measurements made by Dunn listed in Table | [13]milarly,

synthesized-utterance durations for all three gendere set to
average measurements from the Switchboard corpus
Greenberg and Hitchcock and are listed in Tabj&d].

B. Method of Harmonic Projection and Interpolation

To generate a magnitude spectrum using the projeend
interpolation of harmonics (Figure 2), we first dggeak picking
to obtain the harmonic peaks. Initially, we penied short-time
analysis using a fixed 20-ms Hamming window. FggAr(top)
illustrates short-time spectra for the female voleel across the
minimum, average, and maximum pitch values usesithesis.
Observe that distinct mainlobes of the analysis deim are
located at harmonic frequencies of the pitch valiseshe 290-
and 500-Hz pitch conditions; this is not the casethe 80-Hz
pitch value due to the close proximity of the cepending
harmonics in the frequency domain. To address the used
instead the pitch-adaptive short-time analysis sehdescribed in
Section Il such that larger pitch periods were yred with
longer windows. Figure 9 (bottom) shows spectrdaved in this
manner. Specifically, the Blackman window of lenéplr times
the pitch period was observed to provide reasonhbtenonic
peaks across all pitch conditions. The projectiand
interpolation method was therefore implemented &ling to the
following steps:

1) An STFT was computed with a pitch-adaptive Biaak

Figure 10d shows the result of averaging all maglatspectral
slices in STFT (solid) along with two sample spectral slices
(dashed) used in computing this average. This odetlan also
bg thought of in the context of the GCT, specifigait can be
easily shown that this method is equivalent toaeting theW-
axis of the GCT computed for localized regions OfFF%,
followed by an inverse Fourier transform.

Figure 9. Short-time analysis based on a fixedar@-amming windo'
(top) versus pitch-agtive Blackman window (bottom); observe 1
harmonic resolution is preserved in the latter méth

window w,[n] with length four times the pitch period at a 1-ms

frame interval (STF).

M-1
2) Spectral slices of STk Tvere scaled bW, (0)=  wg[n .

n=0

3) Peak-picking of thef, harmonics was performed across all

normalized spectral slices of STHIsing the SEEVOC algorithm
[19].

4) All harmonic peaks were collapsed into a sirfglection and
interpolated across frequency.

The value off, used for the SEEVOC algorithm in Step 3 was

obtained from the pitch contour used in synthedBue to the
pitch-adaptive window, the corresponding short-tepectrum is
scaled differently across frames singg(0) is dependent on the

window length. The harmonic peaks correspondingpttions of
the formant envelope are therefore scaled Wy(0) to invoke

the same absolute magnitudes across spectral, shcependent
of window length (Step 2). In Figure 10a, we shihve pitch-
adaptive spectrogram while Figure 10b illustratesikgpicking
using the SEEVOC algorithm. Interpolation acrdss harmonic
peaks using a shape-preserving piecewise cubigpitgor [20]
was performed to obtain a smooth spectrum. FigO® shows
the collection of harmonic samples obtained acithes entire
vowel and the interpolated magnitude spectrum. défeote this
method asn3. Finally, to remove confounds of the interpaati
method itself, interpolation was also performed lgrmonic
spectral samples from a single spectral slice dfFTgExtracted
from the middle of the utterance¥). The resulting single-slice
interpolation is shown in Figure 10b.

In addition tom3, we also implemented a simpler method o

projection and interpolation by computing the agerdacross
time) of all spectral slices of STFWwhich we denote agb.

Figure 10. Harmonic projection and interpolatigrpled to vowel witl
time-varying pitch; (a) Pitch-adaptive short-timgestrogram (STF);
(b) Single-slice (spectral slice, dashed) ppadking using SEEVO
algorithm (peaks, vertical stem) at 296 Hz and Isisfice interpolatio
(m4, solid); (c) Projection of collected harmonic keaacross STHT
(peaks, vertical stem) and interpolated spectratlepe (3, solid; (d)
Representative shatime spectra (dashed) used in the computing
resulting average spectrumg, solid).

C. Filtering the Grating Compression Transform

For methodmn6, we implemented filtering of the GCT based on
the model of Section II.B. As previously discusse&ection I,
the pitch-adaptive short-time analysis used f@ throughm5
provides a reasonable correspondence to the modeked by
the GCT. Specifically, localized frequency regi@amproximately
resemble a sinusoid on a DC pedestal modulated &ipvaly-
varying function (as in Figure 7) across pitch dtinds in Figure
9. For methodm6, localized regions (denoted apn nj) were
Fxtracted from STFTwith a separable 2-D window{n nij. In

time, we chose a rectangular window spanning thiedfiration
of the vowel; in frequency, we used a 700-Hz Hangwiindow.



Since the filtering operation is adaptive across|fiency regions,
a 350-Hz overlap across regions was invoked to acedine
effects of abrupt changes in the filter.

Two distinct GCTs were computed for each localiregion:
GCT, is used to perform peak-picking in estimating tbeal
spatial frequency i) of the sinusoid due to harmonic structure

while GCT, is used to generate a spectral representation
filtering in the GCT domain. For GG;Ta 2-D gradient operator
of the matrix form [14]

0 2 2
-2 0 2 (16)
-2-20

was applied to the entire STFT followed by removaithe DC
component, prior to windowing and computing the Z8urier
transform. These operations were observed to rediee
magnitude of components near the GCT origin sudi i

could be estimated using a simple peak picker 1], Zor GCT,
the DFT was computed directly from the windowed ioag
without application of the 2-D gradient operatiomdaDC
removal:

p[nmM=wn g m g[snm

N-1M- 1 o 17
GCT,(mW) = pln e &' ()
n=0 m=0
H (w+ wgsing W - g cosg ) H (W)
H (w- wgsingW + ng sing)
H(wW)

Figure 11. Filtering in the GCT; (a) STFT and law=d regior
(rectangle) used for compang the GCT; arrow denotes 350 Hz;
Zoomed-in localized region from (a); (c) |G Bhowing sourcéiter
separation.For display purposes only, the DC component ham
removed note that this gives a null at the GCT origin tth& no
reflected in the schematic of Figure 5; (d) 2-efilapplied to GCF (e)
Filtered version of GCF (magnitude only); observe the absenc
harmonic components off theW-axis; (f) Reconstructed time-
frequency reconstruction; line denotes spectre¢ @ixtractedn(6).

GCT, is filtered with an adaptive 2-D elliptic filter nd
reconstructed to generate a time-frequency didtdbu as
illustrated through the example in Figure 11. Phb filter was
designed by taking the product of two linear-ph&se-pass
filters in frequency. In time, the pass and stapdedges were
fixed to 0.25¢ and 0.54/, respectively. w corresponds to the

w;, estimate derived from the lowest frequency re@dISTFT;

with center frequency of 350 Hz (arrow, Figure 1la)n
frequency, we used a pass and stop band edge8.28y, and

observations showing that, tended to increase with frequency

region. This effect is caused by the increasedifan of the
harmonic line structure towards high-frequency oagi because
the harmonic lines are no longer strictly parallel, was

observed to be slightly overestimated in theseoregi Using the
described filter cut-offs, we therefore obtain @aytive low-pass
E){iptical filter that becomes more permissive gothe W-
direction for regions with increasing frequencyeretby allowing
an improved recovery oé[n nl in each localized region. This is
consistent with the improved source-filter separatin high-
frequency regions previously discussed in Secti@ |

As shown in Figure 11le, filtering of GE&Tremoves the
modulated versions of the localized formant envelop
H(w+ wsing W w;cosg), thereby leaving only the
unmodulated versiorH (w,W). Note that while we show only
the magnitudes of the GCT in Figure 11, filteringsadone on the
complex GCT,. To generate the magnitude spectrum for
comparison with other methods, a reconstructed-freguency
distribution (Figure 11f) was computed using overdald, and a
spectral slice was extracted corresponding in tionéhe middle
of the utterance. Finally, recall from SectionBll.that the
approximate sinusoidal model can exhibit harmorgaks in the
GCT domain at multiples of the local spatial fregoe
Nonetheless, since the current method extracts aorm
information near the GCWorigin using the low-pass filter, these
peaks will have negligible effect on the resultirgonstruction.

D. Baseline Methods

Two baseline methods were implemented for compangith
those aiming to exploit temporal change of pit@pecifically, a
magnitude STFT (denoted as STFWwas computed for each
utterance using a 20-ms Hamming window, 1-ms frarterval,
and 2048-point DFT. A single spectral slice lodatethe middle

of the utterance (denoted ?KSTFB[k]‘) was then extracted for

use with linear prediction; we refer to this asditianal linear
prediction (1).

As another reference, we performed homomorphi@alin
prediction on|Xs[K|. Specifically, Rahman and Shimamura

have suggested the computation of the real-cepstrum

2pkn

1Nt i
Csreg [N :N |Og‘ Xsregl I‘]‘ en (18)
k=0

followed by liftering with an ideal lifter with cubff 06 for

0

f, <250 Hz and of—j for f,>250 Hz (N=2048). As in

0
method m3, f, was obtained from the pitch contour used in

synthesis. The DFT was then computed to generatagnitude
spectrum to be used with linear prediction [22].

E. Autocorrelation Method of Linear Prediction

For formant estimation, the one-sided magnitudecsp
resulting from methodsnl throughmé (denoted agX[K]|) are
used to obtain autocorrelation estimates for uselimear
prediction.  Specifically,|X[K]| is appended by a frequency-

w,, respectively, withi; corresponding to the local estimate for€versed version, thereby resulting in a two-sidedo-phase

each region. The filter cutoffs were motivatednfr@mpirical

spectrum denoted asX,[K]. The inverse DFT of X,’[K]



provides the autocorrelation estimatgn] . r,[n] is then used to increasing with f,,, consistent with the effect of spectral
generate the normal equations which are then sahgiuy the undersampling for higher-pitch formants.

Levinson-Durbin recursion [23]. Recall from ousdission in

Our results for homomorphic linear predictiom2) are

Section Ill.LA that we used as the vocal tract seusignal a consistent with those reported in [22] in providiggins over
downsampled periodic impulse train to eliminate #ifects of traditional linear prediction under some conditiof@sg., F1 —

spectral tilt due to the glottal waveform presenhatural speech. f, =295 Hz).

Nonetheless, observe that harmonic projectio

The model order was therefore set to 6 to corresmbrectly 0 and interpolation rfi3) affords substantial error reductions over
the three synthesized formants. Finally, the robtthe resulting  m1 andm2. In addition, the similarity between the errisngoked
coefficients from linear prediction are solved tbtain the ity single-slice interpolatiomt4) andml in this particular case

formant frequency estimates for all spectral regméstions. suggest that the error reduction Vi@ is due to exploiting
temporal change of pitch rather than the interpmtaimethod
IV. RESULTSON SYNTHETICVOWELS itself. Similarly, m5 andmé also afford reductions in the error

This section compares the results of formant eston using Magnitude under certain conditions (e.g., ig6}. These results
methodsml throughmé in the experimental setup described irSuggest that exploiting temporal change of pitch @aprove
Section 1Il on synthetic vowels. Table Il listset methods to be formant estimation for both low- and high-pitch déions.

compared. We use as a metric the absolute pezcemtbetween
an estimated § ) versus the trueR ) formant-frequency value:

F-F
%error =10 (29)
TABLE IlI
SUMMARY OF FORMANT ESTIMATION METHODS
ml Traditional Linear Prediction (LP)
m2 Homomorphic Linear Prediction
m3 Harmonic Projection and Interpolation + LP
m4 Single-slice Projection and Interpolation + LP
m5 Spectral Slice Averaging + LP
m6 GCT Filtering + LP

A. Raw Percent Error

For thei" formant of the/" vowel with df, pitch shift, starting
pitch f,,, and gendeg, the raw percent error using methods
defined as:

Jlfg(i,v,dfo,f(,s;m)- R (i.v)
F,(@i.v) '

E, (i,v,dfy, f,,;m)=10 (20)

F,(i,v) corresponds to the tru€ formant frequency of the"

vowel for genderg while lfg(i,v,dfo, f.;m) corresponds to the

estimate using methooh. Figures 12 — 14 show representative
results across methods and formant number forehmale vowel
/ael with df, =25 Hz; in this case, (20) can be viewed as a

function of the pitch start ).

Some preliminary observations can be made fotrdditional
linear prediction baselinenl, Figures 12 - 14). Recall that we
use for analysis a 20-ms Hamming window and a éderdinear
prediction estimate. We observe that errors ekhibioscillatory
behavior acros$,; in addition, the rate of oscillations tends to

increase with formant number, with the fastest Iadimns
occurring for F3. These observations are condiskéth those
observed by Vallabha and Tuller and may be expthing the
alignment of pitch harmonics near (for local erminima) and
away from (for local error maxima) formant peakd]f2ave refer
to this explanation as “fortuitous sampling”. locardance with
this explanation, pitch changes will invoke greatdysolute
changes in harmonic positions for higher frequemegions than
lower regions such that F3 errors would be expetieoiscillate
more than F1 errors. Finally, observe that the sizoscillations

Figure 12. Raw percent formant error for femalé Fde

Figure 13. Raw percent formant error for fer
lael, F2. Arrow denotes a relative ngoarisor
between m3 and m1 for a pitch start of 295 Hz.

Figure 14. Raw percent formant error for femadd,/&3.

Observe tham2, m3, m5, and m6 exhibit some oscillatory

behavior similar toml; however, the local maxima of these
oscillations can be lower than thosewdf (e.g.,m3, all formants).
For m2, m3, andmb, we interpret this effect in relation to the
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“fortuitous sampling” explanation of the oscillagobehavior as children usingns andm6. Converselym3, m5, andm6 generally
increasing the chances of harmonic peaks to aligh formant exhibit the larger gains for higher formants (ekf) than lower
peaks. Nonetheless, this is achieved differentywben the formants, presumably due to broader harmonic sagtr m3

methods. Whereas cepstral liftering smoothes atgpaacross andmb and the increased source-filter separabilithen&CT for
frequenciesand can therefore distribute energy towards the tr m6 in high-frequency regions.

formant peaks, the projection and interpolatioma&afmonics does

soacross time It appears that the latter method outperfornes th

former for this purpose (e.g., compare the peakrerfor F2

betweenm2 and m3). For m6, we attribute the reduction in

oscillation amplitude (e.g., for F2 and F3) to theproved

source-filter separability invoked in transformef Zpace.

B. Global Average

To assess the performance of methods across mihesis
conditions (i.e., vowel, pitch shifts, pitch stdjtee computed a
global average metric defined as:

100 S D V
e SDV s=1 d=1 v=1
with S, D, and V corresponding to the total numdfer f, df,,

Fi,m,s.d,v- Flv

IFY (1)

Figure 15. Relative gains af2 throughmé with respect tanl
and vowels, respectively. In additioR,’ corresponds to the true for males.
i formant frequency for the™ vowel while F is its

im,s,d,v
corresponding estimate fsP starting f,, andd™ df, .
TABLE IV

GLOBAL AVERAGE OF RAW FORMANT
%ERRORS FOR MALESFEMALES, AND CHILDREN

MALES | FEMALES | CHILDREN
F1 2.92 4.85 5.64
F2 0.84 1.58 1.89
F3 0.25 0.66 0.97

Table IV gives values of this global average faes, females,
and children using the traditional linear predioti;ml). Observe
that the average error tends to increase from méesales, to
children, consistent with the effects of increasspectral Figure 16. Relative gains af2 throughmé with respect tani for
undersampling for the higher pitch females anddebil. Figures females.
15 — 17 show the relative gains of all other methaith respect
to this baseline and is computed as

RG,. :10075”;' Fim (22)

iml

for each gender; herey denotes the method® throughmé.

Overall, these results are consistent with thdmseved for the
example discussed in Section IV.A. Harmonic prigec and
interpolation (M3) exhibits the best performance with relative
gains up ~83% for F3; in addition, relative lossesurred by
single-slice interpolationnid) are consistent with the role of
changing pitch in improving formant estimation (rat than the
interpolation method itself). Spectral slice agéng (m5) and
filterin_g in the GC'I_' _(nG) also exhil_)it sim_ilar gains overl in all Figure 17. Relative gains of2 throughmé with respect ton for
conditions. In addition, they provide gains ow& for F2 and F3 children.
in males and females and F3 in children.

The similar performance ofn5 and m6 is not entirely ,  \oNOPHTHONGVOWELSIN NATURAL SPEECH
surprising, as we previously saw that the averagiethod can be
thought of in the context of the GCT (Section I).BVe believe ~ In this section, we illustrate the feasibility applying the
thatm5 andmb's relatively smaller gains with respectri@ for ~ Proposed methods for natural speech. As in Setfione focus
F1 stem from the reduced fanning of harmonic liresower ©ON the analysis frameworlfor estimating formants rather than
frequency regions of the STET. These are mordylike be Perform formanttracking ~Specifically, we apply the proposed
mapped a|0ng th&V-axis in the GCT, thereby reducing Source.formant estimation methods discussed in Sectiontdllreal
filter separability. In conjunction with the exdmally high- Vowels spoken by high-pitch female talkers of tHEIIT corpus
pitch source signals used for synthesizing childrapeech, this [12]. The vowels analyzed were extracted from TiNbased on
effect could also account for the relatively smafjains in F2 for the available phone transcriptions and correspora t

10



monophthongowels (i.e., those with stationary or near staiy
vocal tract configurations). While it is likely @ah the TIMIT
transcriptions correspond to vowel regions in whthle vocal
tract is not strictly stationary, we believe thislie a reasonable
approximation to demonstrate that 1) sufficientipivvariations
are available in natural speech and 2) can occuegons of
stationary or near-stationary vocal tract configiorss to be
exploited by our methods. Two sets of analyseewerformed
for each vowel. In the first, we applied our methdlirectly to
the natural speech. In the second, we estimate af seference
formant frequencies from the natural speech andlyappr
methods to aresynthesizedvowel.
motivation, methodology, and results of our analyse

A. Real Vowels

Monophthong vowel regions were extracted from TIMI
waveforms based on the available phone transcmiptio The
autocorrelation-based pitch tracker of the Prafttveme package
was employed using a 1-ms frame interval to es#match
values across each vowel’'s duration [25]. As apsoeessing
step to methoda1l throughm6, we applied a simple method o
spectral tilt compensation to reduce the glottalurse
contribution to the speech spectrum present inrahigpeech.

Specifically, the real cepstrum of STfFWas computed and the

first (non-DC) cepstral coefficient was set to zefithis operation
has the effect of removing a spectral tilt as detifrom the real
cepstrum at quefrency n = 1 [5]. The modified ST®as then
obtained using the inverse transform and metimabishroughm6
were invoked as previously described in Sectian lllFor  the
analysis of natural speech, reference formant Begies have
been proposed by Deng et al. in [26]. In that wark initial set
of formant values were estimated using an autonfatimant
tracking system. These values were then manualsected to
compensate for errors made by the formant tragleeticularly in
regions of rapid formant transitions. However, e the
ground truth formant values were derived in paingdinear
predictive cepstral coefficients (LPCC) in conjuont with a
tracking mechanism, we are not able to use thesearas
appropriate reference for comparing agaimsirLPCC analysis
methods (e.g., harmonic projection, GCT-basedriiiitg. The
results of our analysis for natural speech theeséarve primarily
to illustrate differences in estimation results vegn the
proposed methods and those of standard technignesontrast,
our use of resynthesized vowels provide referenomdnt values
not derived from LPCC-based estimation.

B. Resynthesized Vowels

In our second set of analyses, we aimed firsttaio a set of
reference formant frequency values for use rasynthesis
followed by the application ofml through m6 on the
resynthesized vowel. As was previously discussed, aim of
this experimental setup is to assess whether giificpitch
dynamics are present in natural speech duringostaty vowels
such that the proposed methods can provide impremtsrover
traditional methods. As a secondary aim for assgdeasibility
of our methods for natural speech, recall from iBad that our
synthetic experiments used a periodic impulse tfaira source
signal, thereby excluding the glottal pulse shapgestribution to
the speech spectrum in natural speech. This was woillustrate
the benefits of exploiting pitch dynamics in formhastimation if
this component can be adequately removed. Instision, we
instead incorporate a glottal pulse shape in réggis followed

Herein we discuss the
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by the previously discussed cepstrum-based methdéd o
compensation in Section VI.LA. While a variety ethniques in
the literature (e.g., [27]) exist for spectral tbmpensation, our
aim here is to assess the feasibility of employimg proposed
methods in formant estimation in conjunction withsinple,
though likelyincomplete compensation method.

To obtain a set of reference formant frequenciesnfthe
extracted vowel, we reasoned that the spectra sticresponding
to the lowestf, value in the vowel would be less likely to suffer

from spectral undersampling. From the previousicec the
spectral slice corresponding to the loweft of the modified

STFT; was therefore used to estimate a set of refertaroeant
frequencies via traditional linear prediction (i.eal). These
values were used in conjunction with the formamidweidths of
Table | to specify an all-pole model as describe&ection I;
therefore, in the resynthesized vowels, we defirese reference
formant frequency values as ground truth. To gateethe source
signal for resynthesis, we used the estimated pitmftour to
determine pulse periodicity as in Section IV; hoemgynstead of

fa periodic impulse as in Section Ill, we used iis thection the

derivative of the Rosenberg model to invoke a glgitilse shape
[28]; the derivative was invoked to account for tragliation
characteristics at the lips [29]. The resynthebizewel was then
analyzed by methodml throughm6 in conjunction with the
cepstrum-based method of spectral tilt compensation

Figure 18. (a), (c) Narrowband and log broadbanetspgrams ¢
real vowel. /ah/ extracted from fate TIMIT speaker; (b), (i
Narrowbrand and broadband spectrograms for resgiziw vowe
from estimated reference formant frequency valkés= 374 Hz, F
= 2315 Hz, F3 = 2835 Hz. The pitch of the spea&irged from 17
— 159 Hz throughout the vowel.The narrowband and broadbi
spectrograms were computed using a 20- angis5Hammin
window, respectively, at a 1-ms frame interval.

C. Results

In Figure 18, we show an example of a real angntbgsized
vowel /ah/ from a female TIMIT speaker. Both thermowband
(a,b) and log broadband (c,d) spectrograms are shtw
emphasize harmonic and formant structure, respaygtivObserve
from the broadband spectrogram for the real vowelt tF3
exhibits some movement at the beginning of vowed.(enear
0.02 seconds). Nonetheless, the formant strucappears
stationary for the majority of the vowel durationThe pitch
variation throughout the vowel increases from 2¥1t41278 Hz.
Table V (top) lists the formant frequency estimatésthe real
vowel usingml throughm6 as well as the raw percent errors
computed with respect to the reference formantueegies on
the resynthesized vowel fanl throughm6 (bottom). Similar
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sets of results are presented in Tables VI - \dil ffy/, /ey/, and
lael.

TABLE V
/AH/, PITCH VARIATION - 251Hz T0 278Hz
Estimates of m1 through m6 on natural speech ultteréHz)
ml m2 m3 m4 m5 m6 Truth (Hz)
F1 | 984 1132| 966 1064 978 1002 -
F2 | 1551 | 1470| 1707 1579 169p 1702 -
F3 | 3098 | 3173| 3197 3113 323D 3219 -
Raw % errors of m1 through m6 on resynthesized rowdruth (Hz)
F1 | 16.08| 14.62 12.02 15.08 14.%4 1215 824
F2 | 1.08 0.85 0.56 0.41 0.18 0.7 1752
F3 | 0.81 1.17 0.07 0.9 0.01] 0.0§ 3408
TABLE VI

/IY/, PITCH VARIATION - 171Hz TO 150HZ

Estimates of m1 through m6 on natural speech uiteréHz

ml m2 m3 m4 m5 m6 Truth (Hz)
F1 | 399 411 413 401 394 408 -
F2 | 2392 | 2407 2381 2392 236p 23593 -
F3 | 2978 2983 2932 2984 2951 2934 -
Raw % errors of m1 through 6 on resynthesized vowel | Truth (Hz)
F1| 11.49| 18.18 8.16 1268  11.3 10.0f7 374
F2 ] 221 1.65 0.77 2.00 0.91 0.91 2315
F3 | 1.85 1.62 1.09 1.59 1.42 1.19 2385

TABLE VII
/EY/, PITCH VARIATION - 275HZ TO 205HZ

Estimates of m1 through m6 on natural speech uteréHz)

ml m2 m3 m4 m5 mé Truth (Hz)
F1 | 468 433 580 475 520 496 -
F2 | 2505 | 2512| 2457 2515 244) 2459 -
F3 | 2974 | 3042 2969 3024 3001 2943 -
Raw % errors of m1 through m6 on resynthesized iow@ruth (Hz)
F1 | 18.71| 19.05 7.43 18.77 11.72 1265 564
F2 | 0.57 0.41 0.1 0.66 0.04 0.03 2322
F3 | 0.71 0.64 0.29] 0.48 0.44 0.3( 2912

TABLE VIII

/AE/, PITCH VARIATION - 24570 213Hz

Estimates of m1 through m6 on natural speech uiteréHz)

ml m2 m3 m4 m5 m6 Truth (Hz)
F1| 709 718 711 716 704 727 -
F2 | 2206 2223 2161 2247 2143 2129 -
F3 | 3052 3086 3075 3079 3094 3108 -
Raw % errors of m1 through 6 on resynthesized vowel | Truth (Hz)
F1| 1530 | 14.61| 7.52| 16.08 13.02 13.57 732
F2 | 2.25 1.93 0.36| 2.37 1.64 1.66 1912
F3 | 1.08 1.21 0.40| 1.07 0.86 0.75 3232

The results of our analysis on natural speech stiaw the
proposed methods provide estimates distinct fraditional and
homomorphic linear predictiom andm2). In addition, observe
for the resynthesized vowels that the metho@s m5, andmé
exhibit smaller percent errors from the referencgmént
frequencies thanml and m2.
sufficient pitch variations are available in natuspeech which
can be exploited in improving formant estimatiorcuacy over
traditional methods. In addition, the results sthate the
feasibility of applying the proposed methods injooetion with
a relatively simple spectral tilt compensation noethin the
presence of a glottal pulse shape.

VI. IMPLICATIONS FORFORMANT TRACKING

In this section, we demonstrate and discuss imafxins of the
proposed analysis framework for the formant tragkmmoblem.
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As previously noted, current state-of-the-art systetypically
employ linear predictive cepstral coefficients (LBC in
conjunction with a tracking mechanism (e.g., Kalrfitering [4,
30]) to obtain formant estimates across time. &rtipular,
LPCCs are modeled as noisy observations correspgridi an
unobserved state (the desired formant frequencies)be
estimated. Our previous results, however, havewshthat
traditional and homomorphic linear prediction, fromhich
LPCCs are obtained, invoke poorer representatiérgationary
formant structure compared to analysis methodsngjrta exploit
temporal pitch dynamics. Herein we demonstrateouin
examples the effect that such representations avermant
estimation in stationary vowels in the context afiiant tracking
(i.e. the final output in the scheme of Figure 1).

For our experimental framework, we applied the ebae
extended Kalman filter (EKF) proposed originally ja] and
extended in [30] to synthetic vowels using diffdremalysis
methods for generating observations. State vasakre chosen
to be the three formant frequencies of the syntleelsvowel and
initialized to the reference formant frequenciesFormant
bandwidths were also initialized and held fixed ttee true
bandwidths across state estimates in applying Kfedgjuations.

As a baseline observation type, we used 15th-okR€Cs
computed for a 20-ms window of the speech signadmded at a
10-ms frame interval as in [30]. To exploit temglopitch
dynamics in generating observations, we applied h&enonic
projection, averaging, and GCT-based analysis nastho
previously described to generate short-time splectra
representations; these estimates were subsequesetllyto obtain
15th-order LPCCs to be used as observations irEfie. For
averaging, collections of spectral slices from ST§Janning 20-
ms durations (20 slices total) were extracted amsQintervals
and averaged. For harmonic projection, these sqmetral slices
were used in peak-picking, projection to a singlés,aand
interpolation to generate a spectral representatodescribed in
Section llI; in addition, a control estimate of gescking and
interpolation using peaks of single slice was computed. For
GCT-based analysis, the adaptive 2-D ellipticaéfidescribed in
Section Il was applied across regions of ST6fTsize 700 Hz by
20 ms using a 2-D Hamming window. For overlap-auldriaps
of 350 Hz and 10 ms were invoked in frequency aimue,t
respectively. This is in contrast to the GCT-basedlysis in
Section Il that used the full duration of the vdweFinally,
spectral slices were extracted from the filtereglcepgram at 10-
ms intervals to generate the desired LPCC obsensti

Figures 19 and 20 show results of the trackerafsynthetic
female vowel /ae/ with pitch ranging from 150 td28z and 250
to 300 Hz, respectively. The baseline LPCC obdmmwaesults
in errors in frequency estimates ranging from ~1(élg., F3 for
the 150 to 200 Hz pitch variation) up to ~50 Hzgy(eF1 for the

These results illustrate that 50 1o 300 Hz pitch variation). For both vowelse wariation in

errors across time likely reflects the "fortuitosempling” effect
previously noted in Section IV for baseline lingarediction
analysis.  Qualitatively, the proposed methods thaploit
temporal pitch dynamics reduce the magnitude &fhriation in
error across time. To quantitatively compare thgfggmance of
the tracker using different observation types, Wevsin Tables
IX - X the root mean-squared errors (RMSE) in abtol
frequency computed across the full durations ofvilneels. The
proposed analysis methods provide RMSE reducti@amging
from ~2 Hz up to ~25 Hz with respect to the LPCGdiime for
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Figure 19. (a) Spectrogram female vowel /ae/ witbhpl50 to 200 Hz;
the spectrogram is computed using a 20-ms Hammindow at a 1-ms
frame interval; lines denote true formant frequesaf the vowel; (b) F1
estimates across time using EKF with different okesion types denoted
by legend; (c) As in (a) but F2 estimates; (d) A¢d) but F3 esimates.

Figure 20. As in Figure 19 but for female vowel fagh pitch ranging
from 250 to 300 Hz.

TABLE IX
RMSE IN HZ FOR PITCHL50TO 200HZ CASE
F1 F2 F3
LPCC Baseline 17.0§ 9.8 6.83
Harmonic Projection 7.83 2.3P 3.18
Control 16.06 12.03 13.94
Averaging 16.39 9.12 3.19
GCT-based Filtering 16.9 4.8p 4.91
TABLE X
RMSE IN HZ FOR PITCH250TO 300HZ CASE
F1 F2 F3
LPCC Baseline 34.12 29.36 27.36
Harmonic Projection 8.35 5.78 8.48
Control 32.7| 29.87] 28.11
Averaging 33.85 29 27.1
GCT-based Filtering 21.28 20.66 8.91
the cases considered. In addition, consistent wailr

observations in Section 1V, the relatively poorerfprmance of
the control method suggests that the gains fromptiogection
method are due to its use of temporal pitch dynamather than
the interpolation method itself. Finally, obsemhat the overall
errors of the LPCC baseline are smaller for thealamynthesized
in the 150 to 200 Hz case relative to the 250 @ 3@ case. This
is consistent with our observations for the tradisil linear
prediction baseline (Figures 12 - 14) showing tkators in
formant frequency estimat@screasewith pitch.

Our findings illustrate limitations of standard CE analysis
for use in the formant tracking task. Observe #imtolute errors
in formant frequency estimates up to ~50 Hz camlteshen
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using LPCCs as observations in a Kalman filterirgmfework
(Figures 19 - 20). These effects are due to thhility of LPCCs
to accurately represent formant structure undeditioms of high
pitch from spectral undersampling. Furthermorer cesults
suggest that bgxplicitly exploiting temporal pitch dynamics in
analysis for generating observations, trackinggrerince can be
improved.

VII. ANALYSIS AND TRACKING
OFTIME-VARYING FORMANTS

A limitation of the present work is that it impssdhe
constraint of a stationary vocal tract throughoudlgsis. As we
have seen in Section IV, this constraint may besamable for
portions of monophthong vowels; however, this ctodiis not
satisfied for speech sounds where the formant epeelis
changing (e.g., diphthongs, glides) as well assiteoms from
distinct speech sounds (e.g., stop-to-vowel traoms). For the
analysis of speech sounds where the formant eneelisp
changing, the harmonic projection methods (en§.andmb) are
evidently not directly applicable. A potential ersion to these
methods could be to project harmonic samples ad¢ioesalong
each formant trajectoryhowever, this approach would requére
priori estimates of the formant trajectories. Alterreliry
observe that the GCT camherently maintain source-filter
separability when the vocal tract is changing. cEjmally,
consider a formant transition in a localized regitmat is
increasing in frequency as illustrated in Figur@.2lUnder this
condition, the corresponding(w;W) centered at the origin of the

GCT will be rotated at an angle off th&¥-axis as can be shown
from standard properties in image processing [14t us denote
this direction as a “principle axis”, analogoughe W-axis when
the formant structure is stationary (as in Figuje &rom the
model proposed in Section I, the modulated vessiohA(w; W)

will be locatedoff of this principle axis when pitch is either
stationary or decreasing (dashed and dotted lineSigure 21)
[14]. These conditions are analogous to that ofeasing and
decreasing pitch for the stationary formant cdsereby allowing
for improved source-filter separability. Conveyselvhen the
pitch harmonics are moving in the same directiothadransition
(e.g., increasing, solid lines in Figure 21), sapdity can only be
obtained when the width oA(w,W) along the principle axis is
less than the spatial frequency of the 2-D harmatiacture.
This is analogous to the conditiongiationarypitch and formant
envelope illustrated in Figure 8.

To illustrate application to a time-varying formiastructure,
we show in Figure 22a a pitch-adaptive spectrogi@ettion II,
II) computed for a synthetic female diphthong /aelliy/. The
vowel was synthesized using a 135-ms duration sosignal as
described in Section Il with pitch variation fro825 Hz to 275
Hz. A time-varying all-pole (order 6) model witiméar formant
and bandwidth trajectories was applied to the sosignal. The
starting and ending formant frequencies of theffilvere set to
the female monophthongs /ae/ (F1 = 669 Hz, F2 9234 F3 =
2972) and liy/ (F1 = 437 Hz, F2 = 2761 Hz, F3 = 331z),
respectively. Similarly, the starting and endimgpntwidths of the
filter were set to the values in Table | for /apddiy/. In Figure
22a, we indicate a local region that contains thiedtformant
transition from 2972 Hz to 3372 Hz (rectangle). n€istent with
the model of Figure 21, the corresponding GCT iewsh in
Figure 22c, and contains components near the orgith
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orientation off the W-axis for some positive value of .

Observe that the modulated versions of this slowdyying
envelope are also oriented in this direction (ddshe

Figure 21. (a) Localized region of STFT showingfaman
transition increasing in frequency (shaded regiatdng with
stationary (dasld, increasing (solid), and decreasing (dottedh
harmonics (b) Corresponding GCT illustrating sotseparability ¢
aln m (shaded) from its modulated versions; the doshlec
arrow denotes a new “principle axis” analogousht ¥V -axis for ¢
stationary formant. Enhanced separability can b&ined whe
pitch is either decreasing (dotted) or stationdasbed).

Figure 22. Filtering in the GCT as in Figure 11 farta diphthong; (a)
Pitch-adaptive spectrogram and localized regioctéregle) used for
computing GCTs; (b) Zoomed-in localized region frém); (c) |GCE

showing new “principle axis" (solid) correspondirtg formant
transition and modulated versions with similar otéion (dashed).
For display purposes only, the DC component has lseeoved (d)

2-D circular filter applied to GCJ (e) Filtered version of GGT
(magnitude) showing “principle axis"; (f) Time-fneency
reconstruction after filtering.

To assess the value of analyzing diphthongs ukie@CT, we
employed GCT-based filtering and the EKF framew(8kction
IV) for formant estimation of the diphthong shownRigure 22a.
For GCT-based analysis, our steps are identicdiase described
in Section Il with the exception of the choice diter.
Specifically, we extracted regions of size 700 KzLB5 ms (i.e.,
the full duration of the vowel) with a 350 Hz owgl in
frequency. An adaptive 2-D filtering was applientass regions,
and overlap-add was used to reconstruct a timesnecy
distribution. Observe from Figure 21 that the Zilker for a
diphthong would ideally be a low-pass filter alotige new
"principle axis" corresponding to the orientatiohtbe moving
formant structure. This is in contrast to beingnagl the W-axis
as in the case of monophthongs. In our curren¢ldpment, we
approximate this design by using a separable liphase low-
pass filter as in Section Ill; however, the filtisr designed to
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capture low-frequency content in the GCT, indepandef
orientation (Figure 22d). The pass- and stop- bandboth the
w and W directions were therefore set @254 and ;. For

the localized region analyzed in Figure 22a-c, rdmilting GCT
is shown in Figure 22e. Observe that the harmoaioponents
have been removed, and the slowly varying compaeneear the
origin are preserved. Figure 22f shows the recoatstd time-
frequency distribution from which spectral slice® axtracted
every 10 ms to generate linear predictive cepsteafficients
(LPCC) as observations to the tracker. This waspayed
against the baseline 20-ms short-time analysis L$Q€ed in
Section IV.

Figure 23 and Table Xl show the results of thepotibf the
tracker for both analysis schemes. Figure 23a shobroadband
log-spectrogram of the diphthong with the referefieemant
frequency trajectories overlain (lines). Observat tdue to the
high pitch values of the source signal, the fornteajectories do
not exhibit smooth transitions across time as negxpected for
a low-pitch source. Similar to the observationSettion IV, the
baseline tracker exhibits deviations around thee tfarmant
frequencies while the GCT-based analysis appearsduce the
magnitude of these deviations (Figure 23b-d). Tldés
guantitatively demonstrated in Table Xl, with theCGbased
analysis providing reductions in RMSEs up to ~30 Hz

Figure 23. (a) Broadband log spectrogram of diphghiae/ -.> /iy/
with changing pitch from 325 to 275 Hz; the spegtaon is computed
using a 5-ms Hamming window at a 1-ms frame infetirees denote
true formant transitions; (b) F1 estimates obtaifnenh the baseline
EKF filter and GCT compared with truth; (c) As i) put for F2; (d)
As in (b) but for F3.

TABLE XI
RMSE IN HZ OF TRACKING RESULTS
FOR FEMALE/AE/ TO/IY/ WITH PITCH150TO 200Hz

F1 F2 F3
LPCC Baseline| 74.51 45.08 61.99
GCT 72.59 31.1 33

VIII. CONCLUSIONSAND FUTUREWORK

This work has proposed a 2-D processing framewrk
address formant estimation of high-pitch speakgr&xiploiting
temporal change of pitch. We have shown quantébtifor
synthetic signals that our methods outperform tiaaal and
homomorphic linear prediction in formant estimatiamder
conditions of a stationary vocal tract and changgiigh. In
addition, we have illustrated the feasibility ofettproposed
methods for use on natural speech with exampldsighf-pitch
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monophthong vowels from female talkers of the TIMidrpus. [12]

We have further demonstrated benefits of the pregos

framework in relation to the formant tracking pretl in

providing improved representations of formant due under [13]

high-pitch conditions for both stationary and tinerying

formants. Our results show that the 2-D procesBimework is

a promising approach for addressing the spectrdérsampling

problem in formant estimation. 14]
Several future directions are motivated from therent work. [15]

The harmonic projection methoth, Section Ill.B.) may be used

in conjunction with a method for detecting statidtyaof the

vocal tract in formant analysis such as in [31hisTmay involve [16]

incorporating prior information of vowels as propdsby Toda

and Tokuda in [32]. Alternatively, an improveddiling method

in the GCT domain may be used to better isolataliped [17]

formant structure (for both monophthong and diphtheowels)

from its modulated versions. These analysis methody be

used in conjunction with a tracking mechanism talsaa full [18]

formant estimation system for running speech.
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