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ABSTRACT

In this paper we describe a speaker normalization method
based on spectral shifts in the auditory filter domain. This
method is characterized by using an estimated vocal tract
length as a criterion to determine the spectral shift value. Cer-
tain constraints are found to be necessary for the shift in the
auditory filter domain, and two techniques based on these con-
straints, the One-Bark shift and the refined Bark-scale shift, are
introduced. When tested in vowel classification experiments,
significant performance improvement was obtained for both
techniques. We maintain that the method is useful for speaker
normalization in speaker-independent speech recognition.

Keywords: speaker normalization, spectral shift, auditory
filter domain, vocal tract length, Bark scale

1. INTRODUCTION

Many speaker normalization methods reported so far fo-
cused on the optimal transformations to minimize the dif-
ference between reference and input speech. But it is often
difficult to associate these transformations with articulatory
variations.

Despite previous efforts in normalization for spectral shapes
or formant frequencies [1, 2], there has been a lack of suf-
ficient experimental support on the optimality of such meth-
ods in terms of the resultant spectral distortion or automatic
recognition accuracy. Since in practical situations such as au-
tomatic recognition, spectral parameters are commonly used
rather than formant frequencies, an effective method of spec-
tral shift is needed for these parameters.

From this point of view, we assumed that, by finding out
a parameter which directly reflects articulatory variations and
linking it to the spectral parameters, speaker normalization
may be effectively accomplished.

Since the vocal tract size, particularly its length, seems
to have a dominant effect on the inter-speaker variation of
acoustic parameters, we focused on the variation caused by
the vocal tract length (VTL) variation and developed a new
normalization method which minimizes such variations.

2. VTL ESTIMATION

The method for estimating the vocal tract length is based
on the equivalence of the M-th order linear prediction model
and a discrete M-th section acoustic tube model of the vocal
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tract [2]. If the transfer function of the M-th order linear
prediction model is represented as Eq. 1, then the parameter
is related to the acoustic tube length / by Eq. 2, where w
is the angular frequency, T is the sampling period, and c is
the sound velocity. Obviously, the i-th formant frequency
and bandwidth are given by a root of the polynomial A (z)
as Eq. 3 where F; and B; are the i-th formant frequency
and bandwidth, respectively. Among an infinite number of
shapes of different lengths calculated from a given set of
formant frequencies and bandwidths, the length corresponding
to a shape which minimizes an error criterion is selected as
the estimated length. The error criterion is given as Eq. 4
under the constraint Eq. 5, where S; is the i-th cross-sectional
area of a vocal-tract area function calculated from predictor
coefficients via reflection coefficients.
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3. SHIFT THEORY

3.1. PLP analysis

In vowel recognition, the perceptually based linear pre-
dictive analysis (PLP) [3,4] is used. In the analysis equal-
loudness weighted energies of the critical-band filters are cal-
culated with adjacent filters being spaced at one Bark inter-
vals. Since the spectral difference between male and female
speakers is approximately one Bark [1], spectral shift by one
Bark (One-Bark shift) in the auditory filter domain is conve-
nient for normalizing inter-speaker variations. The Hertz-to-
Bark frequency warping function is given by Eq. 6, where f
is Hertz-scale frequency and z is Bark-scale frequency.
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In this study we use 17 filter banks, which cover the
frequency range up to S5kHz. We derive 8th order PLP

cepstrum coefficients from the filter bank energies as acoustic
parameters for use in recognition experiments.

3.2. One-Bark shift

The basic idea of our One-Bark shift method is to shift the
respective filter bank energies to adjacent ones depending on
the estimated VTL.

Although the filter bank frequency ranges which locate at
the same intervals in Bark scale seem to be reasonable for
One-Bark shift, it is difficult to use them directly for speech
normalization. The Hertz-to-Bark function can be divided
into two ranges: at low frequencies it is proportional to
the Hertz frequency; at medium and high frequencies it is
proportional to the logarithm of the Hertz frequency. This
indicates that certain constraints are required for Bark-scale
shift. To confirm this fact point of view, the frequencies in
the F1-F2-F3 space [5] were converted to the Bark scale, and
it was found that the differences between male and female
F1’s are usually less than 0.5 Bark, whereas the differences
in higher formants are approximately 1 Bark.
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Figure 1 Differences of formant
frequencies between male and female

This observation suggested to us that for lower frequencies,
where one Bark might be too broad a scale for the shift, these
filter energies should be kept unchanged, and only those of
medium and high frequency are shifted by 1 Bark. Therefore,
a shift threshold should be determined for the indices of filter
banks for reliable and efficient spectral normalization.

As the estimated VIL of a speaker is used to determine
whether One-Bark shift is needed, a threshold for VIL is also
required. The thresholds of filter index and VTL are deter-
mined through experiments. The ratio of the between-class
to within-class Mahalanobis distance was used to measure the
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discriminant efficiency after the shifts using various thresh-
olds, where a class is defined as a vowel category. The op-
timal threshold of speaker’s VIL is found to be the average
VTL of all speakers, and the optimal threshold of filter index
is found to be 4, i.e. only those filters with indices from 5 to
17 are subject to energy shifts. These thresholds are adopted
as the optimal One-Bark shift conditions.

3.3. Refined Bark-scale shift

The distribution of estimated VTLs is well separated in
terms of males and females and is useful for defining a refined
Bark-scale shift.

First, the refined Bark-scale shift is defined by Eq. 7,
log F; = fa(ai)log Ficy + fu(a:)log Fi + fi(a;)log Fipr  (7)

where F; and F; are the energies of the i-th filter bank before
and after the shift. Each shifted filter energy output is a linear
combination of three neighboring filter energies, where the
weights are defined by three functions shown in Fig. 2 and a
parameter o;. From Fig. 1, o; determines the shift direction
and value for the i-th filter energy as follows:

o; < 0; Shiftto High Freq. Direction
{a; =0; NoShift ®)
a; > 0; Shift to Low Freq. Direction
Next, we assume that the shift value «; is determined by
Eq. 9, where «,; is the optimal constraint of filter indices
derived in the One-Bark shift study, and o; is a value de-
termining the scale of the spectral shift as a function of a
speaker’s VTL.

o =0 O

The parameters o, ; and o are determined as follows.

The VTL space is divided into several bands and reference
speakers are accordingly divided by their estimated VTLs.
The vowel spectra from training speakers of each VIL band,
F,-k” , are calculated by averaging the sample spectra of the
speakers in the VTL band, where i denotes i-th filter, j
VTL band and k vowel. The spectra of each band F¥ are
shifted by Eq. 7. The optimal shift value a; is determined
by minimizing the distortion defined by Eq. 10, where the
distortion is between the reference spectra F;"° and shifted
spectra of a particular band f‘;k']. In Eq. 10 L is the number of
filter banks used to determine the optimal shift value near the
i-th filter, X is the number of vowels, and the reference spectra
F,-""’ are calculated by averaging the spectra of speakers with
their VIL longer than the mean.

L-1 K

e(a;) = Z E (log sz-;-‘l, —log 13,':1{)2 10

=0 i=1

It is observed that the estimated optimal shift values of ¢;
have a similar contour for various VTL bands. This contour is
therefore taken as the optimal constraint for filter indices in the
refined Bark-scale shift. Specifically, two kinds of contours
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a,i, (A) and (B), are derived; these are shown in Fig, 3.
While medium and high frequency filters are subjected to
energy shift in (A), only medium filters are subjected to energy
shift in (B). The contour (B) comes from our observation that
it is difficult to determine a constant shift value by a VIL in
high frequency filters.

Once a,,; is fixed, the optimal values of o; for speakers
with various VILs are determined. An oy is associated with
VTLs as follows: the shift value of each filter is defined by a
contour o, ; and a value oy, and spectral distortion between
the shifted spectra of a particular band j and the reference
spectra is given in Eq. 11 as a function of a;, where K is the
number of vowels and [ is the total number of filter banks.
The value o;; which minimizes the spectral distortion is taken
as the refined shift value associated with the VTIL band. Fig. 4
shows the relation between the estimated shift value «; and
VTL corresponding to the shift contour (B) in Fig. 3. At
recognition stage, shift values o are used for spectral shift
according to the test speaker’s VIL.
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Figure 2 The shape of fn(cu), fe(ei) and fi(ai)
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4. EXPERIMENTAL RESULT

4.1. VTL estimation

For the VTL estimation experiments, the steady vowel
portions are extracted from three different databases of [HD],
[KB] and [TM], where [HD] consists of isolated words of the
same context “hVd,” [KB] consists of isolated words used for
keyboard operations, and [TM] consists of two sentences SAl
and SA2 in the TIMIT database. All data were sampled at or
downsampled to 10kHz and analyzed using linear prediction
of order 8. For each vowel sample, a VIL is calculated to
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Figure 4 Code book of shift value a; as a function of VTL

minimize the error criterion Eq. 4 in the range of 12 to 22
[cm] and the VTL of a speaker is calculated by averaging all
the VILs computed from the vowel samples of the speaker.

To confimn the validity of the estimated VTL, the mean
VTL is calculated and shown in Table 1, and the distribution of
202 TIMIT speakers’ VIL are computed separately for male
and female speakers as shown in Fig. 5. The results verify the
validity of the VTL estimation method for continuous speech
and the normalization method based on the estimation of VIL
seems to be more promising for reducing speaker variation
than a simple One-Bark shift.

4.2, One-Bark shift experiment

The vowels which are common among three databases are
classified into six vowel groups of A, AE, E, R, I and U.
Each group consists of one or more vowels, which are listed
in Table 2. For each database, 8th order of PLP cepstrum
coefficients are taken as features and Gaussian density models
are estimated for each vowel group. Since [HD] and [KB]
have only a small number of speakers, for the two databases
each speaker is taken as a test speaker in turn and the rest of
speakers are used training speakers. In [TM] 51 male and 51
female speakers are used as training speakers and the other 50
male and 50 female speakers are used as test speakers. The
Gaussian likelihood [6] is used as the discriminant measure.
Table 3 shows that the optimally constrained spectral shift
produces approximately 10% error rate reduction for all three
databases while the unconstrained spectral shift never gives
improvement for any database. This vowel classification
experiment shows the validity of the constrained spectral
shift technique and indicates the potential usefulness of this
technique for speech normalization of continuous speech.

4.3. Refined Bark-scale shift experiment

To confirm the potential usefulness of the refined Bark-
scale shift, vowel classification experiments were carried out
using the database [TM]. The two sentences SAl and SA2
of [TM] have 13 vowels {aa, ae, ao, axr, ay, eh, en, ih, ix,
iy, ow, oy, ux} and these 13 vowels were classified in the
experiments. Vowel Gaussian density models estimated from
51 male and 51 female speakers were used to classify vowel
spectra of the other 50 male and 50 female speakers. The
8th order PLP cepstrum and the delta PLP cepstrum were
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Data number of speaker estimated VTL[cm]
Base male femnale male female
[HD] 11 11 18.69 17.66
[KB] 6 4 18.71 16.75
[TM] 101 101 18.77 17.28

Table 1 Number of speakers and mean
estimated VIL for three databases.

Number of speaker
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-
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“16.016.517.017.518.018.519.019.520.0
VTL [cm]

20 F

Figure 5 Histogram of estimated VIL for
male and female speakers of TIMIT database

A AE [E IR I U
[HD] | aa,ah,ao ae eh |er ix,iy uw
[KB] | aa,ah,ax,ao ae eh |er ihixjiy |uw
[TM] | aa,ao ae eh | axr | ihix,iy ux

Table 2 The six vowel groups

No Spectral Unconstrained Optimal Constrained
Shift One-Bark Shift | One-Bark Shift
[HD] 82.9 823 85.0
[KB] 61.7 58.7 64.3
[TM} 70.7 70.7 73.1

Table 3 Vowel classification resuit using One-Bark shift (%)

used as the acoustic parameters and the Gaussian likelihood
as the discriminant measure. Table 4 shows that the refined
Bark-scale shift method gives the best result with 16% error
rate reduction. Furthermore, Fig. 6 shows that the refined
Bark-scale shift produces steady improvement for almost all
13 vowels while One-Bark shift often becomes unstable.

5. CONCLUSION

We found that the spectral shift in auditory filter domain is
valid for speaker normalization under certain constraints and
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No Unconstrained} Constrained Refined
spectral One-Bark One-Bark Bark-scale
shift Shift Shift Shift (A)(B)

™] 65.1 67.0 68.6 69.6/70.7

Table 4 Vowel recognition result
using the refined Bark-scale shift (%)

Improvement of reocgnition rate
[%]
16

[] Yaconstr. One-Bark Shift
Optimal Constr. One-Bark Shift
Refined Bark-scale Shift (B)

14 =

12

10

Figure 6 Improvement in vowel
recognition after speaker normalization
(Base line is the recognition rate without spectral shift)

the estimated VIL of each speaker is a proper criterion for
determining the shift value. In the future work, the estimation
of VIL with automatic detection of steady vowel portion will
be needed to extend this shift technique into words/continnous
speech recognition system where the effectiveness of this
normalization method will be evaluated.
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