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Vowel identity correlates well with the shape of the transfer function of the vocal tract, in particular
the position of the first two or three formant peaks. However, in voiced speech the transfer function
is sampledat multiples of the fundamental frequendyg), and the short-term spectrum contains
peaks at those frequencies, rather than at formants. It is not clear how the auditory system estimates
the original spectral envelope from the vowel waveform. Cochlear excitation patterns, for example,
resolve harmonics in the low-frequency region and their shape varies stronglyFyitiThe
problem cannot be cured by smoothing: lag-domain components of the spectral envelope are aliased
and causé j-dependent distortion. The problem is severe at Ifigls where the spectral envelope

is severely undersampled. This paper treats vowel identification as a process of pattern recognition
with missing dataMatching is restricted to available data, and missing data are ignored using an
Fo-dependent weighting function that emphasizes regions near harmonics. The model is presented
in two versions: a frequency-domain version based on short-term spectra, or tonotopic excitation
patterns, and a time-domain version based on autocorrelation functions. It accounts for the relative
Fo-independency observed in vowel identification. 1®99 Acoustical Society of America.
[S0001-496629)00906-9

PACS numbers: 43.71.An, 43.72.Ar, 43.66 BMH)]

INTRODUCTION Figure 2 shows the rms output of a bank of gammatone
filters in response to the Japanese vowel /a/. This pattern can
In voiced speech, the vocal tract resonator is exciteghe taken as approximating the activity evoked by the vowel
with a regular train of glottal pulses, due to opening andyer a tonotopic dimension within the auditory systéen-
closing of the glottis _at a rate equal to_the fundamental freiiation patteri At Fo="50 Hz (top), the pattern is smooth
quency o). According to the acoustic theory of speech i two clear peaks corresponding to the formants.FAt
production(Fant, 1970, speech is the result of filtering this _ 5 Hz (middle), these peaks are still present, but slightly

train by the resonator. The shape of glottal pulses depends Uhitted and there are many other smaller peaks.FAt

the mode of phonation and characteristics of the speaket. 316, ortom), the peaks aF1 andF2 of /al are no
S Shape can be Inciuded mathematically w € VOl ore prominent than other peaks, and it is not clear what
tract impulse response, and the vocal tract is then seen as

excited by a train of pulses, infinitely narrow in time. In the aspect of the excitation pattern might be used to characterize

following, the term “vocal tract” implies this resonator- the vowel. Upon listening, the vowel’s timbre or identity do

cumglottal-pulse-shape equivalent. In the frequency domain?Ot change strlqugly betwgen 200 and 2.16 HZ.’
Despite certain interactionsee the Discussignvowel

if Fo is constant, the spectrum of the excitation is a series of lity i he whol kablv ind d e
equal-amplitude peaks at multiples . The speech spec- quakljty |skon :] ehw O(ha re.mahr a hy n de_pen entref bne
trum therefore also consists of peaks with amplitudes detesS0Uld make the hypothesis that the auditory system, by some

mined by the amplitude of the transfer function. In otherProcess that is yet to be understood, forms an internal repre-

words, the transfer function of the vocal tractsampledat ~ Sentation that is invariant over variations Bf. For ex-

multiples of F, (Fig. 1). ample, summation of activity of converging nerve fibers
The timbre and identity of a sustained vowel are deterMight smooth out the ripples visible in Fig. 2. Indeed, the

mined by the shape of the vocal tract transfer function, parfigure of 3.5 bark has been proposed as an appropriate inte-

ticularly the positions of the first two or three formants. gration range for vowel spectrum matching. In this paper, we

However, the listener has no access to this shape, but only &/gue against smoothing for several reas¢aslndersam-

the waveform or auditory representations derived from itPling implies a genuindoss of data information about the

transfer function at frequencies other than multiples of the

dpart of this work was presented in an ATR technical refaetCheveighe Fo IS. lost, an(.j smoothing cannot ret.rle\./e (i) Smoothing

and Kawahara, 1998 and interpolation attempt to guess missing samples based on

PElectronic mail: cheveign@ircam.fr ana priori model of what they should look like, and this may
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FIG. 1. L|n'e. spectral envelope of vowel /a/. Dots: spectral envelopevowds(/a/’ lel, lil, Iol, Iu). Dotted line: same, cumulated over lagsopor-

sampled at intervals dfo=200 Hz. tion of lag-domain components with lags smaller than a given. lage
zero-lag valugdc componentis not included in the cumulated-distribution

be misleading(c) In particular, aliasing due to undersam- calculation, nor in the plots.

pling may produceF,-dependent distortion that interferes

with the recognition procesgd) Aliasing is avoided if the ) o

auditory system puts a nonuniform weight on the un-  Figure 3 shows the distribution of spectrall envelope lag-

smoothed representations that it derives from the wavefornflomain components, averaged over syznthetlcl envelopes of

This weighting function requires an estimate of fg the five Japanese vowels /a/, /e/, /il, lol,70lhe figure was
obtained by calculating the magnitude of the Fourier trans-

. form of the envelope of each vowel, and averaging over
A. Sampling of the spectral envelope vowels. The low-lag region dominates, but components are

The shape of a spectral envelope can be described in tfiSO present at larger lags. The cumulated distribution is plot-
Fourier domain along a dimension tfg (time interval or  ted as a dotted linethe zero-lag point was excluded from
inverse frequendy This dimension is also known apatial ~ Poth distributions because it represents a dc offset rather than
frequency or quefrencyin the context of cepstrum analysis the shape On average, about 10% of lag-domain compo-
(Rabiner and Schafer, 1978 omponents at short lags rep- nents lie beyond 5 ms which is the Nyquist lag fBp
resent gross features of the spectral envelope that vary grade-100 Hz. These are not adequately represented in the
ally along the frequency axis, whereas components wittfampled spectrum whefo=100Hz. At 200 Hz(2.5 m3,
larger lag values represent finer detdilve use the term the proportion is about 25%, and at 300 £1z67 ms, about
sampling lagto designate the inversg, of the spacingc,  40%.
between samples of the spectral envelope. From the sam- Consider the short-term spectrum of a synthetic vowel
pling theorem, we know that the envelope is adequately rep@/ atFo=100Hz[Fig. 4(a), full line at top]. It was calcu-
resented by the sample points if its shape contains no conated by taking the Fourier transform of a 100-ms portion of
ponents beyond half the Samp”ng |ag This ||rﬂ'n)/2’ will the waveform. The Sampling rate was 40960 Hz. The short-
be referred to adlyquist lag term spectrum resembles the spectral enveldgted ling
sampled along the frequency axis at intervals of 100 Hz. If
the spectral envelope contained no lag-domain components
beyond the Nyquist lag, its shape could be accurately recon-
structed by smoothing the short-term spectr(fittering in
the lag domainto remove components beyond that lag. The
result of such smoothing is shown as the lower line in Fig.
4(a). Smoothing was performed by taking the Fourier trans-
form of the short-term magnitude spectrum, setting values
beyond the Nyquist lag to zero, then applying the inverse
transform. The slight difference between this and the original
spectral envelopédotted line at topimplies that the original
did in fact contain components beyond the Nyquist lag. The
difference is small, suggesting that little was lost by sam-

! " pling the envelope at 100-Hz intervals.
100 552 1627 4178 At Fo=200Hz[Fig. 4b)], the peaks in the smoothed
spectrum(bottom) are wider and there is a strong ripple with
a period inverse of the Nyquist lag2.5 m3g. At F
FIG. 2. Magnitude of output of gammatone filter bank as a function of =300 Hz[Fig. 4(c)], the reconstructed envelogkill line at
]f:rf:r:‘lnes' f;ecludeg?‘;xgg:rieozfp:‘tlig’agr‘]‘f Igig’na”uﬁaﬁagaﬁef%%nferfﬁni' bottom is severely distorted, indicating that spectral enve-
100 t); 4p178 Hz. Each curve ig for a differelﬁ@g Note the peaks at har- Iope components peyond th,e_ Nyquist |&g67 m$ ,V\,Iere
monics for the higher twé,’s, and the lack of unambiguous evidence for N€cessary to describe the original shape. The significance of
F1 andF2 atFy=216 Hz. the dotted line is discussed in the next paragraph.

RMS filter output

frequency (Hz)
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FIG. 5. Simple vowel identification modela) Distance between reference
templates for vowels /a/, /el, lil, /o/, and /u/, and the smoothed short-term
spectrum calculated from a target /a/ waveform, as a functiorF qf

T T T T Smoothing was performed by removing all components beyond the Nyquist

lag (1/ZF,). (b) Same aga), for a target /i/ waveform.

ll l l high Fy's. In other words, smoothing replaces data that are
- incomplete, but correct, with data that are complete but in-
smoothed envelope correct.
"¢ smoothed spectrum To illustrate the difficulties that this causes for identifi-
$ cation, a simple vowel-identification model was imple-
, " - mented. The reference template for each vowel was the spec-
o] 1000 2000 3000 4000 tral envelope of that vowel. Target vowels were synthesized
frequency (Hz) at Fy's ranging from 20 to 300 Hz in 1-Hz steps. Their
short-term spectra were smoothed by removing components

FIG. 4. (a) Top: envelopgdotted ling and short-term magnitude spectrum above the Nyquist Iagthe value of which depended on the
of /a/ at Fy=100 Hz (full line). Bottom: smoothed short-term spectrum.

Smoothing was performed by taking the Fourier transform of the magnitudéarget sFo), and compared to each template by scalmg tar-
spectrum, setting it to zero for lags larger than the NyquistTigg 1/2F, g€t and template to the same rms valli€) and calculating

(5 mg, and taking the inverse Fourier transform. The smoothed spectruntheir rms difference. Target-template distances for target
0028855 e’,:l“rte'lih(’f components be'F"’(‘j’ the Nyq“ij_t 'et?- fha“?e' atFo 8/ are plotted in Fig. &. The distance from competing

= z. Note the ripples with a period corresponding to the inverse o . . . :
Nyquist lag(2.5 m9, that indicate that aliasing is taking place) Same, at Ftemplates /e/'_/ll’ /o, and_ /ul remains relatlllvely large’ despite
Fo=2300 Hz, with the addition of the smoothed spectral envelafmtted ~ SOME fluctuations. The distance from the “correct” template
curve at botton The spectral envelope was smoothed by removal of lag/a/ is smaller, but it increases steadily wity, indicating

components beyond the Nyquist lag. The difference between smoothed ephat the estimated envelope is less and less faithful to the
velope and smoothed spectrum is the result of aliasing.

magnitude

original.
A similar plot for the target /i/ is shown in Fig.(b).
B. Smoothing considered harmful Here, at highFy's the estimated envelope is actually closer

Undersampling produces data that are incomplete, b the incorrect /u/ _template than to the correct /i/ template_.
correct in the sense that each sample corresponds to a valuge model thus fails. It should be stressed that the task is

of the spectral envelope. This is no longer the case if thgomparatively easy: the vowel set is small, its members well

sampled spectrum is smoothed. Consider the smoothed spe%ni‘)"’lr"’ltGd IF1-F2 space, and there is no variability. In

tra of Fig. 4. They differ from the original spectral envelope more realistic conditions, the vowel space might be more
partly because of the absence of high-lag components, ar‘ﬂﬁﬂse'y populated and there would b? marny Sources of vart-
partly because components beyond the Nyquist lag ar@’ ility, making the task even more d|ff|cult. This model is
aliased that is, reflected with respect to the Nyquist lag andSlmple and SIIIQWS ample room forh |mprcr)lve:gené, bUtI It )
reintroduced into the smoothed envelope. The respectiv erves to deliver a message t a}t shod € clear.
contribution of both factors is illustrated in Fig(c}. The _O-dependen'F effects of spectral sampling can _be_ Severe, par-
lower dotted line represents the Nyquist-smoothed spectré\CUIa:LY at high Fo, and they cannot be eliminated by
envelope, that differs from the spectral envelgppper dot- smoothing.

ted lin@ merely because it lacks components beyond th

Nyquist lag. The lower full line(Nyquist-smoothed short- ‘? MISSING-DATA VOWEL IDENTIFICATION MODEL

term spectrurn differs from it by the additional factor of The model acknowledges that important spectral infor-
aliasing. The effects of aliasing are higtity-dependent and mation was lost due to undersampling. Instead of interpolat-
may interfere with the identification process, particularly ating or otherwise trying to estimate the missing data, pattern
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matching proceeds using the available data only, giving zero [target = /v T
weight to missing data in the pattern-matching process. A 8 — e~ T ey
similar idea underlies “missing data” or “missing feature” s 1T -—'\/"\/\ 7
techniques that have been proposed recently in speech rec- 3 ‘AN\/\Z
ognition to cope with deleted spectro-temporal features g "
(Cooke et al, 1994, 1997; Lippmann, 1997; Morrist al, 0‘_\""/\/\_/ p
1998. Two versions of the model are proposed: one works 0 100 200 300
in the frequency domain, and the other in the time domain. Fo (H2)

Both require an estimate of thg, of the vowel. ) o o ) )
FIG. 6. Simple missing-data vowel identification model. Weighted distance

between reference templates for vowels /a/, /el, /il, /o/, and /u/, and the
unsmoothed short-term spectrum estimated from a target /i/ waveform, as a

The frequency-domain model is straightforward. Spec_function of Fy. The weighting function was 1.0 at multi_ples Bf, and O
tral templates are assumed to be available for all Voweflsewhere. The‘ nonzero values of the Q|stance to the /i/ template are due to
. ; sampling error in the spectrum calculations.
classes. The following steps occur when a vowel is recog-
nized: () its short-term spectrum is estimated) its F is
estimated(c) based orfFq, a spectral weighting function is weighting. The weighting function was 1.0 at multiples of
calculated that emphasizes regions near multiplds,ofand  F,, and 0.0 elsewhere. Figure 6 shows the weighted distance
(d) the short-term spectrum is compared to all templates usaf a synthetic /i/ target vowel to each of the templates, as a
ing the weighting function. The template that yields thefunction of Fy. The distance to the correct template /i/ is not
smallest distance determines the vowel that is “recognized. quite zero, because of limited sampling resolution in the
Templates are defined over the whole spectrum, but comparimplementation, but it remains smaller than the distances to
son is restricted to certain frequencies depending orFthe  incorrect templates. The vowel /i/ is identified correctly at all
The weighting functionW(f) and spectral distance F,'s [compare with Fig. fo)].

A. Frequency-domain version

D(T,T;) from targetT to templateT; might be defined as Physiologically, one can imagine that short-term spectral
% estimation occurs in the cochlea, and that the harmonic sieve
W(f)=2 8(f—nFy), (1)  is applied along a tonotopic dimension at some point in the
n=0 auditory system, based on & estimate, itself possibly de-

rived from tonotopic information. The main difficulty, apart
D(T,Ti):f (T(F)—T;(f))?W(f)df, 2) from the issue of frequency resolution, is to imagine how the
variable-pitch harmonic sieve is constructed based orfrthe

where &) is the Dirac delta functionE, is the fundamental €stimate, and how it is deployed across frequency channels.
frequency estimateT(f) is the short-term spectrum mea- IN the following section, we consider an alternative model
sured from the waveform, anf|(f ) is the spectral envelope based on autocorrelation that might be implemented physi-
of theith vowel. The infinitely narrow peaks &%(f ) in Eq.  ologically using time-domain processing in the auditory sys-
(1) are satisfactory in theory. In practice, the peaks might bdem.
made to widen gradually witli to accommodate inevitable
inaccuracy inF estimation. With a square shape and rela-
tive width of 3%, such a weighting function is equivalent to
the harmonic sieve of Duifhuist al. (1982, that has been
proposed as a mechanism to select information in the context The Fourier-domain reasoning of the Introduction, sub-
of pitch perceptioriMooreet al, 1984, 1985; Darwiret al,  section A that was applied to thmagnitudeof the vocal-
1992 and concurrent vowel identificatioi®cheffers, 1988  tract transfer function can be applied equally well to its

The model requires aR, estimate. This is impossible to squared magnitudeThe Fourier transform of the squared
obtain for stimuli that are too short, whispered, or otherwisemagnitude is the autocorrelation of the vocal-tract impulse
nonstationary. However, in those cases no special processimgsponse, ACE,;, plotted as a thin line in Fig.(d. When a
is called for: the short-term spectrum is unbiased, and theowel is produced with a constaft,, the squared magni-
sampling operation is not necessary. A complete formulatiotude vocal-tract transfer function is sampled at multiples of
of the model must explain how it switches from one mode toF,. The sampling theorem tells us that the samples describe
the other. For example, the weighting function might be uni-uniquely a function bandlimited to lags smaller thBgi2. In
form by default, and replaced by a gradually sharpeningpther words, the information about the vocal tract available
spectral comb as reliable, information is obtained. Sharp- in the samples is also represented in #3&Ty/2 portion of
ness of the spectral comb could be under the control of #he autocorrelation function AGE [Fig. 7(a), thick line].
“periodicity measure” (many F, estimation methods pro- In the vowel identification model of Sec. | A, magnitude
duce such a measure as a by-progudthen periodicity is spectra could be replaced by squared-magnitude spectra.
good, Fy-estimation errors are unlikely; the model is there-Parseval’'s theorem tells us that the Euclidean distance be-
fore robust. tween such spectra is the same as that between the corre-

As an illustration, a simple missing-data vowel identifi- sponding autocorrelation functions. One can thus in turn re-
cation model was built, similar to that of the Introduction, place squared-magnitude spectra by autocorrelation
subsection B but with smoothing replaced by nonuniformfunctions in the vowel identification model. The spectral

B. Autocorrelation version
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:

ACFtract 5 H H
| FIG. 8. lllustration of the hypothetical case of a vocal tract with a transfer

function band-limited to lags smaller than 3.33 ms. AGEis derived from
ACF¢ by convolution, but ther<3.33 ms portion is unaffected by the

W\A/\/\/W\/\/v‘ convolution and remains equal to AGE Template adjustment would be
unnecessary in this hypothetical case.
W\/—\/\/\/\/\A/\/
I 1

nized: (&) ACF,,is estimated from the wave-fornd) F
is estimated(c) based orF, the set of ACE, templates
ACF,, e (c) are adjusted, ang) each one is compared to Aleke Over

the 7<Ty/2 range of lags. The closest match indicates the

\/\ ,\ /\ A /\ /\ /{ AN LN “recognized” vowel.

\/ v VY \/ \/ The F, estimate is involved in two places: template ad-
justment and determination of the range of lags to be
. adeStefi template . matched. The adjustment step would be unnecessary in the
0 5 10 15 hypothesis that ACF; is limited to Ty/2, as illustrated in

the top of Fig. 8. If ACK;, iS zero beyondl /2, ACF,.e
lag (ms) and ACR.. are equal forr<T,/2 (thick line at the bottom
) ) of Fig. 8, and adjustment is unnecessary. Omitting the ad-
:TIIG. 7.‘(a) Autocorrelatlon‘ of vocal tract tran;fer funct}on (AQ;E,). (b) justment stage is thus equivalent to putting faith in the as-
ustration of the convolution process by which AGE. is derived from . . . .
ACFaq in the case wher&,= 150 Hz. Copies of ACE, are shifted and ~ SUMPption that the squared-magnitude spectrum is bandlim-
added to obtain AC.[thin line in (c)]. The vertical dotted lines indicate  ited to 7<<Ty/2 in the lag domain. This assumption is all the
multiples of the period, 6.67 ms. The thick line(t) is an adjusted template  more incorrect af, is high.
(see the tejt In the squared-magnitude spectrum, high-amplitude
parts of the spectrum are emphasized at the expense of others
weighting function is replaced by a lag-domain weighting[Fig. %a@)]. The first formant is well represented, and this
function restricted to lags<<T/2. accounts for the ripple that dominates Ak The second
A difficulty remains. The autocorrelation function of the formant is less well represented, and higher formants hardly
impulse response of the vocal tract (AR is not directly  at all. The magnitude spectrum of the Introduction, subsec-
observable. Observable is the autocorrelation of the waveion B is a slightly more balanced representatjéig. Ab)].
form (ACF,..9, that differs from ACE,. but is related to it Thelog magnitude spectrumrepresents both peaks and val-
by the following relation: leys in equal detail, whatever their amplituldgg. 9(c)], and
its inverse Fourier transform, treepstrumis widely used in
3) speech processing. The success of the cepstrum in speech-

[’

ACFaud 7)=ACFirac(7)° 2 0(7=KT),

2

wheree represents convolution. As illustrated|[iRig. 7(b)],

@ a
copies of (ACK,c) are shifted to multiples of;, and added § @
up to obtain ACE,,. Because of overlap between the g
shifted functions, ACE,,. differs from ACR;,in the impor- : .
tant regionT<T,/2. The difference depends . g (b)

For this reason, ACE;,.cannot make a perfect match to §
the templates, even if it is restricted 1&< T/2. However, if E ,
Fo is known, it is possible tadjustthe templates to obtain a -
.. . . S (©)
perfect match. This is done by adding up appropriately g
shifted versions of the templates, exactly as in the convolu- E

tion illustrated in Fig. ). In this way, an accurate match is . ' '
obtained between the correct vowel template and the ob- 0 2000 4000
served ACK,,.[Fig. 7(c)]. We can thus formulate an auto- Hz

correlation VerSior_‘ of the missing-data vowel p_erceptionFlG.g. (a) Squared-magnitude transfer function of {4). Magnitude trans-
model. The following steps occur when a vowel is recog-fer function of /a/.(c) Log-magnitude transfer function of /a/.
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FIG. 10. (a) Cumulated magnitude of lag-domain components of the spec-
tral envelope, for a lineaffull line), log (dotted ling, or squareddashed
line) spectral envelope. The smoother log spectrum has fewer high-lag com-
ponents, whereas the sharper squared spectrum has thp@umulated 1.0
magnitude of lag-domain components of the spectral envelope for vowels
with formant bandwidths that are stand4fdll line), twice standarddotted
line), or half standarddashed ling Narrow formants imply more high-lag '-6
components; wide formants imply less. < 0.51

(45}

processing applications suggests that the log magnitude spec-
trum (and cepstrumare more effective substrates for pattern 0.0}
matching than the squared-magnitude spectfamd auto- » 15
correlation. The excessive emphasis &1 of the autocor- 0 5 0
relation function is alleviated in the model of Sec. I C, where lag (ms)
athcorrelatlon funCtl(.)ns are calculated within channels of %IG. 11. Top: Array of autocorrelation functions of auditory-nerve fiber
baS|Iar-_membrane_/hal_r-cell model. ) . discharge probability indexed by channel frequency, in response to a single

As illustrated in Fig. 1(), the lag-domain composition impulse of the vowel /a/. Probabilities were produced by a model of periph-
of the spectral envelope differs from that of its squared andral filtering and hair-cell transduction, with 50 channels uniformly spaced

: PO : il etween 100 and 10 000 Hz on a scale of equivalent rectangular bandwidth

log transforms. The squared version is richer |n_h|gh IadgERB). Bottom: summary autocorrelation functigBACP.
components, whereas the log version is poorer. As illustrate
in Fig. 1Qb), the lag-domain composition also depends on
formant bandwidth. Narrow formants require more high-lagbee
components, wide formants less. The severity of the aliasing95

effects described in this paper thus depend on other factors Iy L .
addition toF,. The relative lack of high-lag components of 97a, b, and cross correlation is an accepted mechanism
0 far localization(Jeffress, 1948; Yirt al, 1987. In the pitch

the log spectrum is anther possible reason for its succesmSodeI of Meddis and Hewit{1991a, b, autocorrelation
(and that of the cepstrunin speech processing. The percep- ; . : -

. o . _functions (ACF) of auditory-nerve discharge probability
tual severity of aliasing would depend on the representation

. . : were calculated within each channel of a model of basilar-
used by the auditory system. Autocorrelation functionsaare L : :
o I : s . . membrane filtering and hair-cell transduction, and ACFs for
priori highly sensitive, but this sensitivity might be allevi-

ated by compressive mechanisms in a phvsiological repr all channels were added up to form a summary autocorrela-
Y X : phy 9 P%on function (SACH. The pitch was derived from the posi-
sentation(next section . . . !
. ion of the highest peak in the SACF. Many aspects of pitch
Both the autocorrelation model and the spectral mode}
. ... _phenomena are well accounted for by that model or others
of Sec. | A are perfectly accurate. In a task lacking variability .
that are closely relate(e Cheveigne1998a. The SACF
(other than due té), both would perform perfectly at any : e
. . ! P was also proposed as a substrateiowel identificationin
Fo. However, it is clear from Fig. 7 that identification at . L :

. ; . - the concurrent vowel-identification model of Meddis and
higher Fy has less information to go on, and is likely to ) . . o
degrade as soon as variability is introduced into the task. HeW|tt. (1992. In their modgl, vowels were identified by

matching the “low-lag” portion of the SACF £<4 ms), a
scheme that was also used with success by de Cheveigne
(1997.

In Sec. | A we suggested that the spectral version of the  Figure 11(top) shows an array of autocorrelation func-
model might be implemented by frequency-domain processtions calculated from the instantaneous discharge probability
ing within the auditory system, based on a tonotopic reprefunctions produced by a model of peripheral filtering and
sentation. Here, we describe how the autocorrelation versiohair-cell transduction(Slaney, 1998 The model had 40
might be implemented biime-domainprocessing within the channels uniformly distributed on a scale of equivalent rect-
auditory system, based on the temporal structure of nerveangular bandwidt{ERB) between 100 and 10000 Hz. The
fiber discharge patterns. stimulus was a single-impulse response of the vocal tract

Autocorrelation of nerve-fiber discharge patterns has
n suggested as a basis for pitch perceptigcklider,
1; Meddis and Hewitt, 1991a, b; Cariani and Delgutte,

C. Multichannel autocorrelation version
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odic stimulus cannot accurately be calculated as a convolu-
tion, as in Sec. | B. However, this does not prevent postulat-
ing a model similar to that of Sec. I B, in which templates are

tabulated rather than calculated.

It is customary to use the SACF instead of the full ACF
array as a basis for pitciMeddis and Hewitt, 1991a,)lor
vowel identification(Meddis and Hewitt, 1992 but this is
not mandatory. Matching could just as well be performed on
the full ACF array, or better still, on an array of “sub-
SACFs” calculated over sub-bands wide enough to avoid
gaps between harmonics at higly. One advantage might

be better discrimination, as the two-dimensional array is a
richer pattern than the one-dimensional SACF. Another is
the possibility to factor out spectral tilt and other transmis-
sion channel characteristi¢thanks to within-channel com-
1.0h ' ' ] pression or automatic gain control, as performed by the hair-
cell mode). A third is that parts of the array may be
weighted differently in the spectral domain to handle “miss-
('-'5 ing features,” due to bandlimited noise or filterii@ooke
= 0.5¢ ] etal, 1994, 1997; Lippmann, 1997; Morriet al, 1998.
The full ACF or sub-SACF array is a representation in which
correlates of sources and interference can be weighted dif-
0.0f 1 ferentially in both the lag and the frequency domain. It is

: : * * thus a flexible starting point for sophisticated models of iden-

0 5 10 15 tification and segregation.

lag (ms)

15 10000
Lag(ms) Frequency (Hz)

FIG. 12. Same as Fig. 11, in response to vowel /& @t 150 Hz. Il. DISCUSSION

The identity of a vowel depends on the shape of its
spectral envelope, essentially the position of the first two or
corresponding to the vowel /a/. The combination of vocalthree formants. However, when a vowel is produced at a
tract and basilar-membrane filter leads to a much longer imeonstant pitch, its spectral envelop is sparsely sampled, im-
pulse response than the vocal tract alone, which explains thglying that details of this shape may not be well represented.
slow decay of the ACFs in Fig. 11 compared to Figh)7  Spectral representations derived from the wavefé¢short-
particularly in channels tuned to low frequencies and/or neaterm spectra, auditory excitation patterns, etmve a har-
a formant. Because of the rectifying property of the hair-cellmonic structure that interferes with the determination of the
model, ACFs are never negative. spectral envelope. Harmonics masquerade as formant peaks,
Figure 11(bottom shows the corresponding summary and at highF,'s the short-term spectrum bears little resem-
autocorrelation function(normalized by dividing by the blance to the vowel's spectral envelope. Nevertheless, to a
value at zero lag The SACF decays to a relatively high first approximation, the vowel’s identity does not depend on
baseline due to the summation of non-negative ACFs fothe fundamental frequency, typically varies from 90 to
different channels. Compared to the autocorrelation of th00 Hz for male speakers, or 150 to 310 Hz for women
waveform[Fig. 7(b)], the SACF lacks the strong ripple at the (Howard, 199], although much wide ranges have been re-
period of F1. This is probably a consequence of the saturatported, in particular for childrefFairbanks, 1940; Keating
ing properties of the basilar-membrane model, which equaland Buhr, 1978 Sundberg(1982 states that steady-state
ize contributions of different channels. Compared to wavesung vowels retain a degree of intelligibility up to 520 tdz
form autocorrelation, the SACF is affected relatively less byeven 1000 Hz in consonant—vowel—consondivC) con-
F1, and more by other components. text). The problem of vowel perception at hidgh, has been
Figure 12 shows the response of the model to the vowelecognized by many authof€arlsonet al,, 1975; Carreand
/al atF,=150Hz. Each channel shows a peak at multipled.ancia, 1975; Traunmiler, 1981, 1990; Bladon, 1982; Ry-
of Ty, as does the SACF. Over the intery@—T,/2], the alls and Lieberman, 1982; Klatt, 1982; Sundberg, 1982; Dar-
SACF resembles the SACF obtained in response to the imwin and Gardner, 1985; Gottfried and Chew, 1986; Assmann
pulse responséhick line), justifying the choice of Meddis and Neary, 1987; Beddor and Hawkins, 1990; Perec, 1991,
and Hewitt(1992 of the low-lag portion of the SACF as a Assmann, 1991; Hirahara and Kato, 1992; Hirahara, 1993;
substrate for vowel identification. There are, neverthelessRosner and Pickering, 1994; Hirahahal, 1996.
differences between the two SACFs, as we observed previ- Two qualifications must be made. The first is that in
ously for the waveform-based autocorrelation functionsnatural speech vowels are rarely sustained. Harmonics in the
Analysis of these differences is complicated by the presencspectrum of a nonstationary sound are less sharp, and the
of the nonlinear hair-cell transduction stage. Because of thbias due to undersampling is less severe. In the limit, a single
nonlinearity, within-channel ACFs in response to the peri-vowel period has no harmonic structure, yet it is sufficient
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for vowel identification (McKeown and Patterson, 1995; analysis of sets of acoustic parameters of vowels, and Hira-
Robinson and Patterson, 1995 ummerfieldet al. (1984 hara and Katq1992 obtained data points that were better
remarked that a long-duration synthetic vowel sounds vowelelustered(both for production and for perceptipwhen ex-
like at onset, but may then lose its identity. The identity ispressed in a plane oF(l—F,) X (F2-F,) bark differences,
partially regained at offset. It has been suggested that moduather than anF1XxF2 plane. Miller (1989 proposed a
lation of the F, (e.g., vibrato) improves identification by vowel perception model in which formant frequencies were
giving samples of thelerivative of the spectral envelope at normalized by the cubic root df,, but several authors have
Fo multiples, in addition to the magnitude. However, Sund-argued that this implies an exageratég dependency
berg (1982 reported thavibrato did not improve identifica- (Neary, 1989; Rosner and Pickering, 1998ther effects are
tion of high-pitched sung vowels. Hillenbrand and Gayvertreported by Traunniler (1981, Faheyet al. (1996, Hoe-
(1993 found that vowels were more intelligible when syn- mke and Diehl(1994), Kewley-Port (1996, Kewley-Port
thesized with a falling rather than stafiG, contour, but the et al. (1996. Overall, effects ofF, are rather small. How-
advantage was small. McAdams and Rod&X88 suggested ever, to the extent that an orderly relation exists betwegn
that FM-induced envelope tracing might enhance identificaand vowel quality, and that listeners exploit it, complete in-
tion of concurrent vowels, but Marin and McAdarn(#991) sensitivity toF is not necessarily desirable in a vowel per-
failed to find support for the idea. In natural speech, dynamiception model.
cues such as consonant—vowel transitions play an important Intelligibility usually gets worse at higk,. Ryalls and
role in vowel identification(Strangeet al,, 1976, 1998; Hil- Liebermann(1982 found that vowels synthesized with for-
lenbrand and Neary, 1999Intelligibility of high-F, sung  mants appropriate for male and female voices were less in-
vowels is better when they are in CVC conté®undberg, telligible at 250 Hz than at 185 HZemale, 135 Hz(male),
1982; Gottfried and Chew, 1986and in the extreme, there or 100 Hz (both. With synthetic vowels, Sundberet al.
is evidence that a vowel may be identified from the unvoiced1982 found a decrease in intelligibility between 260 and
portion of a consonant with which it is articulatéBonneau, 700 Hz. With natural vowels sung by a soprano, Benolken
1996. In natural speech, the spectral undersampling problerand Swansor(1990 also found a steady decrease from 262
is thus less severe than it might seem from consideration db 1047 Hz. Sundber982 notes that intelligibility is bet-
monotone sustained vowels. ter when vowels are pronounced in a CVC context. Gottfried
The second qualification is that, to a second approximaand Chew(1986 asked a counter tenor to pronounce ten
tion, vowel qualityis dependent orfFy. From a production vowels in “h0d” context (“ O’ signifying the vowel, in
point of view, there are several sources of correlation beboth a full voice(130 to 330 Hx and a head voic€220 to
tween spectral envelope arfe,. Within a population of 520 H2. For both voices the error rate increased v,
speakers, women and children tend to have higher-pitchedut in the region of overlag220 to 330 Hz the head voice
voices and shorter vocal tracts than m@eterson and Bar- was more intelligible. Whatever the mechanism of vowel
ney, 1952. For a given speaker, a changeFpmay imply a  perception, a decrease in intelligibility with increase§ jis
change in glottal pulse shape. If the glottal shape is mathunderstandable from the progressively sparser sampling of
ematically included in the “vocal tract” transfer function the spectral envelope. Apart from a few excepti¢see the
(Introduction, the latter would vary withF, even if the histograms of Benolken and Swanson, 19%0e decrease is
shape of the vocal tract did not. Variation in larynx heightgradual and one does not see the sort of irregularities that
concurrent withF, variations may also affect the spectral might be expected as the peaks of the spectral envelope are
envelope, and in the case of singing, professional singers asept by an expanding comb of voice harmonics.
known to intentionally raise thE1 of a high-pitched vowel As a counterpoint, it is interesting to note that Hillen-
to ensure that it does not fall below tlg, in which case it brand and Nearey1999 found only minor differences in
would not be adequately excité8undberg, 19821t is also  identification rate between vowels pronounced by niile,
possible that different vowels are systematically given differ-female (F), or child (C) speakers, despité, differences on
entFy's (“intrinsic Fy''). the order of an octave. Moreover, the ranking was inconsis-
From a perceptual point of view, numerous experimentgent according to whether the vowels were natraltes
have found interactions betweé&n and vowel quality. In an  ranked as (M,F)-C] or resynthesized with formant trajecto-
experiment that investigated both musical timbre and voweties that were naturdIM>(F,C)] or static[ (M,C)>F]. Re-
quality, Slawsor(1967 found that, for arF-; increase of one synthesized vowels used the original vowelg' contour. If
octave,F1 andF2 should be increased by about 10% toidentifiability decreased witlr,, one should expect instead
minimize the change in quality. Carlsa@t al. (1975 mea- the ranking M>F>C to prevail uniformly. Identification was
sured the perceptu&l boundary between Swedish /i/ and better for natural than for static formant contours, which con-
/el, and found that it increased from about 300 to 350 Hz foffirms the importance of dynamic cues. However, it was bet-
FO’s varying from 100 to 160 Hz. Ainsworttl975 deter-  ter still for natural vowels, suggesting that cues available in
mined that a one-octave increaserp had to be accompa- natural vowels are not completely exhausted by dynamic for-
nied by a 3.4% increase &1 and a 1.2% increase 62  mant andF, values.
(figures that he argued might be underestimated by a factor Attempts have been made to relate the observable har-
of 2). Neary (1989 likewise found a 7%—-9% shift foF1  monic peaks of a short-term spectrum with the underlying
and a 1.5% shift foF2. Assmannet al. (1982 found that  (but not directly observabldormant peaks. The problem is
inclusion of anFy-based parameter improved discriminant different for front vowels, for whictF1 is relatively low and
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well separated from other formants, and back vowels, foeffects compatible with the COG hypothesis were found at
which F1 andF2 are close. For front vowels, the difficulty Fy=250 Hz, but not at 125 Hz. However, contrary to the
is that of estimating-1, given that harmonic spacing is rela- criteria of Chistovich and Lublinskaya, they wdegger for
tively wide compared to formant bandwidth and peripheralformants spaced more than 3—3.5 bark rather than smaller.
resolution. The second formant is less of an issue becaugeorrect or not, the COG hypothesis is an awkward basis for
that formant is wider, peripheral filtering is less sharp, anda vowel perception model. If the COG is derived from for-
F2 is less in need of resolution from other formants, givenmant estimates(with the convention that formants are
that the assumption that higher formants are grouped to forgrouped if closer than 3.5 barkthe problem of formant

an “F2'” works quite well (Carlsonet al, 1975. It has estimation remains entire. If the COG is derived from a
been proposed th&tl is determined from the position of the smoothed spectrum, then at least three questions arise. First,
single most prominent harmoni®ushnikov and Chistov- how does one distinguish a peak reflecting an isolated for-
ich, 1973, or a combination of the two or three most promi- mant 1) from that reflecting a closely spaced pair
nent harmonics in th€1 region(Carlsonet al, 1979. Ass- (F1-F2)? Second, what is the appropriate form of smooth-
mann and Neary1987 found that a weighted sum of two ing? Third, is such smoothing not prone to the aliasing ef-
harmonics was a better predictor than either one harmonic dects described earlier?

three. However, Darwin and Gardn@r85 found evidence Klatt (1982 points out that resolution of the auditory
that more remote harmonics also influenced the perceiveperiphery is a poor guide: it is much too sharp in the low-
F1 position. frequency region, except for the loweBg's. The ad hoc

The question of whether one, two, or three harmonicsvalue of 3.5 bark handles,’s up to 350 Hz, but no further,
affectF1 is a good empirical question, but an awkward basisyet for lower Fy's this smoothing may be unnecessarily se-
for building models of vowel perception. A model exploiting vere. Logically, the best amount of smoothing depends on
the weighted sum of two harmonics, for example, must loF, and indeed there is some evidence that the auditory sys-
cate them. Criteria might be spectral peaks, or a harmonitem applies wider spectral integration at higtiey's (Ass-
series, but the model must solve the limit case whHegaés  mann, 1991 The “simple vowel classifier” of Scheffers
low and individual harmonics are not well resolved, as well(1983 and the PEAK procedure of Assmann and Summer-
as the opposite case when only one harmépissibly nong  field (1989 both imply F,-dependent smoothing. Both re-
belongs to the formant. “Return on investment” is limited construct an envelope by linear interpolation between
because the model cannot be applied to vowels for whith samples of the spectrum at harmonics, an operation equiva-
andF2 are closdsee below. Finally, such a model is likely lent to smoothing by convolution with a triangular window
to predict irregular variations oF1 boundaries wherk of width 2F, [similar smoothing is employed in the
varies. A one-harmonic model predicts a saw-toothed variaSTRAIGHT analysis system of KawahafE97]. Such pre-
tion of the F1 estimate: as the most prominent harmoniccisely tunedF,-dependent smoothing is certainly more ef-
shifts down the slope of thE1l peak, it is suddenly replaced fective than the fixed smoothing assumed by the COG hy-
by a different harmonic. A two-harmonic model has a similarpothesis (or the “second integration” of Rosner and
problem (its severity depends on the weight of the weakerPickering. However, two things are worth noting. First, the
harmonic relative to the strongeHirahara(1993 did in fact  ambiguity between a single formant and two closely spaced
find an irregularity in the variation of thE1l boundary of a formants is not resolveftonsider for example interpolating
Japanese /i/—-/el continuum. The boundary shifted from 32@etween peaks of Fig.(8) or (c)]. Second, as other smooth-
to 400 Hz ag~, increased from 100 to 150 Hz, stayed at 400ing schemes, this one is susceptible to the aliasing problems
Hz asF increased further to 250 Hz, then increased to abouanalyzed in the Introduction.

520 Hz asF increased to 450 Hz. This behavior is indeed The “missing-data” model is based on spectral samples
irregular, but not quite what one expects from a harmonidhat do not necessarily coincide with formant peaks. In this
tracking mechanism. One expects instead a gee@iease sense, it resembles the “whole spectrum” model of Bladon
in F1 boundary to compensate for the upward shift of the(1982. In that model, the spectrum was smoothed by con-
harmonics, with a local increase at each switch between haxolution with an “auditory filter” (Bladon and Lindblom,

monics. To summarize, schemes based on individual hart981) which makes it susceptible to the aliasing problems
monics or their weighted sums are an incomplete answer tpointed out in the Introduction. The missing-data model
the problems posed by harmonic structure. avoids them, and can thus be seen asFafinsensitive

For back vowels the problem is yet more complex, asmplementation of Bladon’s ideas. The model belongs to the

pointed out by Assman(199)). F1 andF2 are close and *“top-down” or “analysis-by-synthesis” varietyBell et al,
harder to relate individually to the set of harmonics than in1961; Rabiner and Schafer, 197& the sense that it does
the case of an isolatell. It has been proposed that when not try to extract anF,-invariant representation from the
F1 andF2 are closely spacedess than 3 to 3.5 baykthey  waveform. Instead, it synthesizes a patteffy-6ampled
are “merged” into a single spectral prominence, characterspectrum, orFj-adjusted autocorrelation functiprto be
ized by its center of gravitfChistovich and Lublinskaya, compared with incoming patterns.
1979. The position of the center of gravit{¢ OG) should be Bladon’s model does not account for the insensitivity to
affected by both the frequencies and the amplitudes of botformant bandwidth, formant amplitude, or spectral tilt ob-
formants. Assmani199)) tested this hypothesis with nega- served by Klatf{(1982, and the present model in its spectral
tive results. In one of his experiments, spectral integratiorversion (Sec. 1A is prone to the same criticism. The
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autocorrelation-based version offers some flexibility to deathe “harmonic sieve” of Duifhuiset al. (1982. The har-
with this problem. Differences in formant bandwidth affect monic sieve was proposed by Duifhuis as a means to select
mainly the high-lag part of the autocorrelation function, andthe components of a sound to be included in the calculation
sensitivity to this parameter can be reduced by ignoring feaef its pitch. Scheffer§1983 used it to assign components of
tures beyond a certain fixed lag. It is tempting to treat speca mixed-speech spectrum to each voice, and Maaral.

tral tilt and formant amplitude in the same way, by ignoring (1984, 1985, and Darwin and Ciocc&l992 showed that a
lag-domain featuredelow a certain lag, a technigue that harmonic sieve with a width of about 3% determined which
works well with the Fourier transform of the log magnitude components of a sound contribute to its pitch. Darwin and
spectrum, or cepstrum, and is commonly used in speech présardner (1986 found that mistuning a component of a
cessing(e.g., Tohkura, 1987 Unfortunately this idea makes vowel by 3% reduced its contribution to the vowel’s quality.
less sense applied to a transform of the square-magnituds those cases, the harmonic sieve played an important role
spectrum (autocorrelation Nevertheless, the filter-bank in segregatinghe harmonic sound from competing compo-
implementation of Sec. | C does offer a degree of insensitivhents. Here, we suggest that it also plays a role in handling
ity to gross spectral features, thanks to amplitude compreghe bias due td~, in the identification of isolated vowels.
sion in the hair-cell model. A whole-spectrum model doesNote that this proposition seems to contradict results that
not account for the fact that spectral pedksrmantg are  show that the identification of a member of a concurrent
known to carry a stronger weight than spectral valleys. Howvowel pair is no better when that vowel is harmonic rather
ever, the autocorrelation function puts a strong weight orthan inharmonidde Cheveignet al, 1997.

spectral peakgessentiallyF1 andF2), that are emphasized

in the square-magnitude spectrum. In the multichannel verdl. CONCLUSIONS

sion of Sec. I C, this rather extreme emphasis is softened byj) Because of spectral undersampling, the information
the automatic gain contrd AGC) properties of the hair-cell available to describe the spectral envelope of a steady-
model, that allow weaker features to be better represented.  state voiced vowel is incomplete. It is limited to a series
A key idea is that the auditory system applieziable of Fo-spaced samples in the frequency domain, or in the
weights to different parts of incoming evidence according to |39 domain to lag components below the Nyquist lag
their reliability. For example, relatively fine features of the (1/2F,).
spectral envelope may be used at [Bybut ignored at high () If the sampled spectrum is smoothed, lag-domain com-
Fo. Assmann(199] found stronger evidence for the center-  ponents beyond the Nyquist lag are aliased and contrib-
of-gravity hypothesis(that emphasizes gross spectral fea-  yte spurious,-dependent components to the smoothed
tureg at 250 Hz than at 125 Hz. He also suggested that the spectrum. Aliasing is more severeff, is high, and if
reduced amplitude of the higher formant regionl kHz) the spectral envelope is rich in high-lag components
might serve as a cue for the presence of two closely spaced (narrow formants
low formants(<1 kH2), but onlywhen F, is high WhenF,  (3) Samplingis evident in the harmonic structure of repre-
is low, evidence of the presence of two formants would be  sentations such as the short-term spectrum or auditory
derived instead from the detailed spectral shape in the low- excitation patternAliasing is evident in the fact that
frequency region. Different sources of evidence would thus  smoothing or interpolation of these patterns does not
be weighted differently according to their reliability. The produce arF y-invariant representation.
same principle can account for the fact that in genéial  (4) In a vowel identification model, effects of aliasing can
low F;) the amplitude balance between widely spaced parts  be eliminated by(a) avoiding spectral smoothing, and

of the spectrum has little effect on vowel identii@histov-
ich, 1985; Klatt, 1982 It can also explain the finding of
Beddor and Hawking1990 that overall spectral shape was

important for vowel matching when spectral peaks werg5)

broad (nasal or wide formanjs whereas detailed spectral
shape(formant positiof was important when formants were
narrow.

Versnel and Shammél998 presented evidence for a

(b) restricting pattern matching to the available samples.
The model can be implemented in the spectral domain
using a harmonic sieve based on an estimatg pof

The model can also be implemented in the lag domain
based on the autocorrelation function of the waveform.
Pattern matching is restricted to lags smaller than the
Nyquist lag. Templates must be adjusted based ofrghe
estimate to compensate for lag-domain aliasing.

Fourier-transform representation of spectral shape in the pri6) Both versions of the model ensuFg-independent pat-
mary auditory cortex of the ferret. Responses to vowels tern matching. They do not address other known sources
could be predicted from responses to sine-wave ripple of Fy dependency of vowel production or perception.
stimuli. The principle is related to that of our autocorrelation ~ They also do not deal with the loss of information due to
scheme, the greatest difference being that their representation sampling. Sparse sampling at hidgh, should lead to
used dogarithmicaxis for frequency. In other words, ripples progressively degraded indentification, as is indeed ob-
had a constant period in octaves rather than Hz. Vowel served experimentally.

stimuli were either voiced, extracted from thenT database (7) The autocorrelation model might be implemented physi-

with Fy's in the range 100-130 Hz, or unvoicésynthe-
sized with a 20 component/octave caryifthe authors noted
little difference between voiced and unvoiced responses.

The spectral-domain version of the model is similar to
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ologically by neural spike coincidence counting circuits
within channels of the auditory nerve, in a manner simi-
lar to Licklider’s pitch-perception model. Nonlinearity of
hair-cell transduction makes template adjustment more
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