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ABSTRACT

Speaker normalization typically focuses on variabilitidshe
supra-glottal (vocal tract) resonances, which constautejor cause
of spectral mismatch. Recent studies show that the subgktt
ways also affect spectral properties of speech sounds. pEper
presents a speaker normalization method based on estirtatn
second and third subglottal resonances. Since the sudigaivays
do not change for a specific speaker, the subglottal resesae in-
dependent of the sound type (i.e., vowel, consonant, atd.yemain
constant for a given speaker. This context-free propertigamnahe
proposed method suitable for limited data speaker adaptafihis
method is computationally more efficient than maximumiiheod

based VTLN, with performance better than VTLN especially fo

limited adaptation data. Experimental results confirmttiatmethod
performs well in a variety of testing conditions and tasks.

Seven M. Lulichf ¥

Speech Communication Group
MIT, Cambridge, MA 02139

we present a brief overview of the subglottal system andeéxpihy

it might be useful to perform frequency warping based on gowesd
and third subglottal resonances (hereafter referred tg2as6d Sg3,
respectively). In Section 3 we describe details of the et its
implementation. We present results of subglottal norrasibn in

Section 4, and conclude in Section 5.

2. SUBGLOTTAL ACOUSTIC SYSTEM

The configuration of the acoustic system below the glottisiis of
the trachea, bronchi and lungs. When the glottis is opersuhglot-
tal system is coupled to the vocal tract and can influencedhad
output, introducing additional pole-zero pairs in the \dizct trans-
fer function, corresponding to the subglottal resonandée pole-
zero pair introduced in the speech spectrum around Sg2fah

Index Terms— speech recognition, speaker normalization, VTLe range of 1300 to 1500 Hz for adult males, and between 1400
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1. INTRODUCTION

Inter-speaker acoustic variations are a major cause obimeaince
degradation in automatic speech recognition systems. | \Yoaet
length normalization (VTLN) is one of the most popular metho
for reducing the effects of speaker-dependent vocal tragawil-
ity through a speaker-specific frequency warping functimeér,
piece-wise linear, bilinear or multiple-parameter alsp&ransforms)
[1-5]. Warping factors are typically estimated based onntta-
imum likelihood (ML) criterion over the adaptation datadhgh
an exhaustive grid search or warping-factor specific mofel2].
Linear frequency warping can be implemented directly ingbeer
spectrum domain or in the cepstral domain through the lination
of VTLN [3-5]. Along with the linearization of VTLN, the waipg
factor can be estimated using the Expectation Maximizaieh)
algorithm with an auxiliary function [6].

Another way to reduce spectral variability is to expliciiign
spectral formant positions or formant-like spectral peakpecially
the third formant (F3), and to define the warping factors asémt
frequency ratios [7-9]. In formant-based frequency waypimeth-
ods, formant positions of different speakers are transédrinto a
normalized frequency space.

In this paper, we introduce a new method for normalizatidme T
method is similar to formant-based frequency warping, leyethds
on the subglottal resonances rather than on the formangedtion 2

*Supported in part by NSF Grant No. 0326214

TCurrently at the Harvard School of Public Health, Boston, D215

¥SMLUs contribution to this work was supported in part by NIHz@t
Nos. DC00075 and T32DC000038.

and 1700 Hz for adult females. When F2 crosses Sg2, F2 jumps in
frequency, resulting in a discontinuity in the F2 track [10his dis-
continuity can be used to detect Sg2 manually or autombtices
described in Section 3.

Recent studies [11-13] have shown that the acoustic cositras
for some phonological distinctive features are dependeite sub-
glottal resonances, as illustrated in Fig. 1. For example vowel
feature [back] is dependent on the frequency of Sg2, sudhatha
vowel with F2 > Sg2 is [-back] and a vowel withF"2 < Sg2 is
[+back]. The ability of Sg2 to underlie distinctive featsiie derived
from the fact that Sg2 is roughly constant over a variety @fesi
conditions for a given speaker, since, unlike the vocakithe sub-
glottal airways do not have articulators that move to chahgesub-
glottal resonances during speech production. For the saason,
Sg2 might be useful in speaker normalization, since it igedrin-
dependent but speaker dependent. Similarly, Sg3 has beam $b
distinguish [+ATR] from [-ATR] front vowels. In this papewe re-
port our first attempt at subglottal resonance-based speakmal-
ization. Since the role of Sg2 and Sg3 in defining certairirditve
features has been more thoroughly studied than that of Sgfow
cus on the application of Sg2 and Sg3 to speaker normalizatid
leave the exploration of Sg1 for future work.

3. SUBGLOTTAL RESONANCE NORMALIZATION

3.1. Estimation of the subglottal resonances

As noted above, when F2 crosses Sg2, there is a discontinutg
F2 track. If the F2 values on the high and low frequency sidinef
discontinuity are FR;g» and F2,.,, respectively, then Sg2 can be
estimated as:
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Fig. 1. lllustration of the relative positions of vowel formant$ &nd
F2 (in circles) and the subglottal resonances (Sg1, Sg2 gByfer
an adult male speaker (based on data reported in [11]).
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Fig. 2. An example of the automatic detection algorithm for a nine-
year-old child speaker.
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Fig. 3. Vowel formants F1 and F2 before and after VTLN and Sg2-
based warping for a nine-year-old girl's vowels.

It is more difficult to detect Sg3 because the pole-zero pair i
troduced around Sg3 is less prominent than that of Sg2. Toast
the Sg3 frequency, we derived the following empirical rielatbe-
tween Sg2 and Sg3 based on the model of the lower airway deslcri
in [11]:

Sg3 = Sg2 % {—0.3114 * [log,,(Sg2) — 3.280]*> + 1.436} (2)

For Sg2 frequencies in the range from 1200 Hz to 3000 Hz, Eq. 2
fits the modeled calculations to within 0.2%. Since Sg2 farltzd
and children lies within this range, we used this relationatzulate

all Sg3 values.

3.2. Comparison of VTLN and Sg2 frequency warping

Similar to formant normalization, the warping ratio for gldittal
resonance normalization is defined as:

a = S9¢2,/S5g2; 3)
where Sg2. is the reference subglottal resonance &, is the
subglottal resonance of the test speaker. The referencis 8giined

as the mean value of all the training speakers’ Sg2’s.
Fig. 3 shows F1 and F2 values from a nine-year-old girl before

The Snack sound toolkit [14] was used to generate the F2.traci@nd after warping using VTLN, and the Sg2 ratio. The line "Sg2

The F2 discontinuity was detected automatically based@srtioothed
first order difference of the F2 track. The algorithm pararetvere
calibrated using the subglottal resonance data reportgidljn The
threshold for detecting the discontinuity is not speakectj and
the same value was used for all test subjects. Fig. 2 illiestrde
automatic detection algorithm. If no discontinuity is deésl, then
Sg2 is assumed to be F2.

To test the reliability of the automatically estimated doltgl
resonances, we manually measured the Sg2 frequenciesef@Oth
kids in the test set of the TIDIGITS database using the atiapta
data (1, 4, 7, 10 or 15 digits) described in Section 4. The ralanu
Sg2's were estimated from the speech spectrum and also based
the F2 discontinuity. Comparison of the manual Sg2 freqgiesnc
with the automatically detected Sg2 values shows that tteraatic
detection algorithm agreed with the manually measured ag&s
to within 7%. With more reliable formant tracking and distionity
detection algorithms, the accuracy of the detected Sg2salan be
further improved.

the reference second subglottal resonance for an adultspaebker
(asinFig. 1). Compared to Fig. 1, unwarped data (+) dematestin
obviously different pattern as to the relative positionthefformants
with respect to the reference Sg2. For instance, the backlgdu]
and [u] have higher F2 values than the reference Sg2, whieginl
F2's of all the back vowels lie below the Sg2 line. It is neecggto
apply frequency warping to achieve the reference formasitipa
pattern. Both VTLN Q) and Sg2 ¢) warping work well in this point
of view, although Sg2 warping yields a formant pattern mamelar
to the reference speaker’s.

4. EXPERIMENTAL RESULTS

Since VTLN has been shown to provide significant performamce
provement on children’s speech recognition, we first eveldhe
subglottal normalization method on a connected digits geitimn
task of children’s speech using the TIDIGITS database. Tinéu
verify the effectiveness of this method, we also test théoperance



on a medium vocabulary recognition task using the DARPA Re-

source Management RM1 continuous speech database. Favahe t

databases, speech signals were segmented into 25ms fraities,
10ms shift. Each frame was parameterized by a 39-dimerdema
ture vector consisting of 12 static MFCCs plus log energy, taeir
first- and second-order derivatives. For the TIDIGITS taslqustic

HMMs were monophone-based with 3 states and 6 Gaussian mix-

tures in each state. For the RM1 database, triphone aconstlels

were used with 3 states and 4 Gaussian mixtures per stateNVTL

was implemented based on a grid search over [0.7, 1.2] witbpa s
size of 0.01. The scaling factor producing maximal averagsi
hood was used to warp the frequency axis of the power spe¢gjum

In the TIDIGITS experiment, acoustic models were trained on

55 adult male speakers and tested on 50 children. The basedird
accuracy is 55.76%. For each child, the adaptation datahndon-

sisted of 1, 4, 7, 10 or 15 digits, were randomly chosen froen th
test subset to estimate the Sg2 and VTLN warping factors.leTab
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Adaptation digit

1 shows the recognition accuracy for VTLN and Sg2 warpindiwit Fig. 4. Relative performance improvement over the baseline with

various amounts of adaptation data, where Sg2(A) represestlts
using the automatically estimated subglottal resonandeSay2(M)
represents results using the manually measured subgkdtaiance.
Besides normalizing only Sg2, we also tested the performarfic
normalizing both Sg2 and Sg3 via a piece-wise linear warfing-
tion, referred to as Sg2&Sg3 in Table 1.

Number of adaptation digits
1 4 7 10 15
VTLN 90.39 | 90.62 | 92.02 | 92.89 | 94.49
Sg2(A) 92.42 | 92.73 | 93.37| 93.43 | 93.85
Sg2(M) 94.63 | 94.67 | 94.60 | 94.61 | 94.55
Sg2&Sg3(A) | 94.60 | 94.72 | 95.03 | 95.09 | 95.70
Sg2&Sg3(M) | 96.58 | 96.63 | 96.56 | 96.65 | 96.62

Table 1. Wbrd recognition accuracy on TIDIGITS Sg2(A) and
Sg2(M) represent the automatic and manual Sg2's, respectively.
Sg2& 93 refers to the use of both Sg2 and Sg3 for normalization.

When the amount of adaptation data is small, Sg2 normadizati
offers better performance than VTLN. For instance, withyoote
digit for normalization, both the automatically estimattt man-
ually measured Sg2 normalization outperform VTLN by abdut 2

only one adaptation digit for 10 speakers.

Since this TIDIGITS setup is a highly mismatched case, the ex
periments are used to demonstrate the effectiveness ofastatbg
resonance-based speaker normalization. As a next stepeshexit
the method on the RM1 database for both a medium-mismatched
case and a matched case. For the mismatched case, HMM models
were trained on 49 male speakers from the speaker indepe(@lgn
portion of the database, and tested on 23 female speakérs it
portion. The baseline word recognition accuracy was 59.18%%
the matched case, the HMM models were trained on the Sl mighini
portion of the database with 72 adult speakers, and testégeos|
testing set. The baseline performance was 92.47% word nétwy
accuracy. In both cases, the same utterance was used tatestita
Sg2 and VTLN warping factor for all speakers. Table 2 shoves th
results.

Accuracy | mismatched| matched
Baseline 59.10 92.47
VTLN 86.65 93.91
Sg2(A) 87.93 93.79

Sg2&Sg3(A) 89.38 94.67

and 4%, respectively. VTLN outperforms Sg2(A) when moreadat Table 2. Word recognition accuracy on RM1 with one adaptation

are available, while the Sg2(M) provides comparable peréorce to
VTLN even with 15 adaptation digits. When performing boti2Sg
and Sg3 normalization, an additional improvement (arojl €an

utterance.

For the mismatched case, Sg2 normalization provides kpter

be achieved over the Sg2 normalization, and even when maéae daformance than VTLN with 1.3% absolute improvement. For the

is available Sg2 and Sg3 normalization outperform VTLN b39%4-
The improvements are statistically significant fo& 0.05.

One notable feature about the Sg2 normalization is thatehe p
formance of the manually measured Sg2 is independent oftbeat
of normalization data. Since the configuration of the suthgl®ys-
tem is essentially fixed and independent of the speech dpriten
subglottal resonances are expected to remain unchangedsfoe-
cific speaker. This content-independent property of theylsttal
resonances makes it highly suitable for limited data adimptaFor
instance, with only one adaptation digit, Sg2(M) providéghsly
better performance than VTLN with 15 adaptation digits,le/Big2(A)
performs comparably to VTLN with 7 or 10 adaptation digitsl- A
though automatic detection of Sg2 was fairly accurate, & wat

matched case, the performance of Sg2 is slightly worse thiNV
but still comparable. This may be due to the accuracy of the-au
matically estimated Sg2’s, as discussed above. The coidyinaf
Sg2 and Sg3 normalization is a little better even in the netaase.
The improvements are statistically significant for< 0.01. From
the computation point of view, subglottal (Sg) normaliaatis more
efficient than VTLN, since VTLN relies on an exhaustive gegsch
over the warping factors to maximize the likelihood of thatztion
data, while for Sg normalization the main computationat cosnes
from formant tracking which can be estimated efficiently.

4.1. Choice of adaptation data

exact and there is thus a gap between the performance of $g2(&ince the automatically estimated Sg2 is based on the disady

and that of Sg2(M). With more accurate Sg2 detection algars,
we may expect closer performance to that of the manual Sg2.

of the F2 track, the Sg2 detectability in the adaptation dxaitapor-
tant to the performance of this normalization method. TavEre
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Fig. 5. Spectrograms for digits ‘five’ (top) and ‘six’ (bottom) fro
a boy. The digit ‘five’ has a clear F2 transition from low to hig
(with a discontinuity indicated by the ellipse), while thigit ‘six’
(bottom) has a relatively constant F2 value.

this effect, we tested the performance for 10 randomly amepeak-
ers (5 boys and 5 girls) with only one adaptation digit (‘Zelne’,
..., or ‘oh’) and plotted the relative improvement over tiasdline in
Fig. 4. Performance is greatly improved (on average abdit &0
provement) when the adaptation digit is ‘zero’, ‘two’, ‘&&’, ‘five’,
‘eight’ or ‘nine’; it is moderately improved (on average aral 80%
improvement) when the adaptation digit is ‘one’, ‘four'et@en’ or
‘oh’; and it is least improved (on average less that 70% im@ro
ment) when the adaptation digit is ‘six’. A tentative exm@ton is
as follows. To be effective, Sg2 must be accurately estichfxtam
the adaptation data. If the adaptation data contain forrtransi-
tions that cross Sg2 (e.g., in the diphthong [ai] in ‘five’gFb, top
panel), Sg2 can be accurately detected from the F2 disedtytiznd
results in a large performance improvement. On the othed,hién
there is no clear transition (as in ‘six’ for some speakeig, €ig. 5,
bottom panel), Sg2 cannot be accurately detected and thudgb-
rithm will normalize with respect to F2 instead of Sg2, ré¢isgl in
a smaller performance improvement.Therefore, the chdicelap-
tation data can potentially have an effect on the detecti®y@ and
thus the normalization performance.

5. SUMMARY AND DISCUSSION

This paper proposed a speaker normalization method bas#teon
second and the third subglottal resonances. This nornializaethod
defines the warping factor as the ratio of the reference sttagl
resonance to that of the test speaker. The second subgiesta
nance was automatically detected based on the discontiofithe
F2 track. The third subglottal resonance was calculatedguan
empirical formula derived from a subglottal airway modeheTinal
warping function is piece-wise linear taking into accounthothe
second and third subglottal resonances.

A variety of evaluations using TIDIGITS and RM1 databases

show that the second subglottal resonance normalizatidorpes
better than or comparable to VTLN, especially for limitechpth-
tion data. The combination of the second and the third stitadjlo
resonances outperforms VTLN in all cases. The method is semp
tationally more efficient than VTLN.

An obvious advantage of this method is that the subglot&sl re

onances do not appear to vary by speech sound. The experimen-

tal results on the TIDIGITS database using the manuallyregéd
second subglottal resonance bear out this property. Thisades
potentially independent of the amount of available adaptadata,
which makes it suitable for limited data adaptation.

The performance difference between the automaticallyneséid
Sg2 and the manually measured Sg2 implies that with more-aiecu
detection algorithm, we can expect improved performance.

For future work, we will evaluate the effectiveness of thisthod
on a large vocabulary database, and test with other feaaneaor-
malization techniques.
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