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Text-Independent Speaker Recognition Using
Vocal Tract and Pitch Information

Tomoko Matsui and Sadaoki Furui

NTT Human Interface Laboratories
Musashino-shi, Tokyo 180, Japan

ABSTRACT

This paper proposes a new text-independent
speaker recognition method based on vector quanti-
zation (VQ) using vocal tract and pitch information.
The purpose of this research is to create a speaker
recognition system robust against the temporal vari-
ations of feature parameters. This paper introduces
several feature parameters related to both vocal tract
and pitch information extracted from spoken vow-
els, words, and sentences. Interspeaker variability
is enhanced, and intraspeaker variability is reduced,
by using a new normalization method, Talker Vari-
ability Normalization (TVN). A new distance mea-
sure, the Distortion-Intersection Measure (DIM), is
defined by the size and similarity of the intersec-
tion between test vectors and VQ codebook vectors.
This proposed method, evaluated using a nine-talker
database recorded over three years, achieves 99.0%
speaker identification and 98.7% speaker verification
accuracy.

1 Introduction

Temporal variations of feature parameters are
among the most difficult problems in speaker recog-
nition, and they significantly affect recognition accu-
racy. Furui [2] has investigated a method combin-
ing statistical and dynamic features to achieve highly
accurate speaker recognition by using a database
recorded over several years. Soong et al. (3], [4] have
Investigated speaker recognition by a vector quanti-
zation (VQ) codebook using a spoken-digit database
recorded over several months.

We assume that speakers can be characterized more
exactly, and that speaker recognition methods can be
made more robust, by using a combination of different
types of feature parameters. In conventional speaker
recognition systems [1] - [4], 2 method for combining
vocal tract and source features effectively has not yet
been established.

5.3.

This paper describes a2 VQ-based text-independent
speaker recognition method using vocal tract and
pitch information to obtain high-performance speaker
recognition that is robust against temporal variations
of feature parameters.

2 Combination of feature parameters

This paper uses cepstral and delta-cepstral coeffi-
cients as vocal tract information, and pitch and delta-
pitch frequency as vocal source information. Cepstral
coefficients are extracted by conventional LPC analy-
sis. The coefficient order is 16, the analysis interval
is 8 ms, and the data window length is 32 ms. Delta-
cepstral coefficients are obtained as first-order regres-
sion coefficients over 88-ms time-slots. Pitch fre-
quency is also extracted by conventional LPC analy-
sis. Delta-pitch frequency is the first-order regression
coefficient of the pitch frequency sequence over a 152-
ms time-slot.

We use these feature parameters for VQ-based
speaker recognition. There are two codebooks for
each speaker: a voiced codebook and an unvoiced
codebook. A voiced code vector consists of cepstral
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Figure 1. System block diagram.
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and delta-cepstral coefficients, and pitch and delta-
pitch frequencies, whereas an unvoiced code vector

consists only of cepstral and delta-cepstral coeffi-

cients. Figure 1 shows a block diagram of the speaker
recognition system.

3 Normalization methods

In speaker recognition, the most effective feature
parameters have relatively large interspeaker variabil-
ity and small intraspeaker variability. When treating
some different kinds of feature parameters simulta-
neously, it is necessary to normalize the distribution
of each feature parameter according to its effective-
ness for speaker recognition. Mahalanobis method
normalizes a feature parameter distribution using the
intraspeaker standard deviation of that parameter.

This paper introduces Talker Variability Normal-
ization (TVN) to enhance interspeaker variability and
to reduce intraspeaker variability. In TVN, the nor-
malized i-th feature vector element y; is given by

Yi = wi- i,

where z; is the i-th feature vector element and w; is
its normalization weight. The normalization weight
w; is defined as

where N is the number of speakers, o,; is the stan-
dard deviation of the i-th feature vector element for
speaker n, and L.,,; is a measure for the size of the
intersection between the distributions of the i-th fea-
ture vector elements for speakers m and n, when the
distributions are approximated to normal distribu-
tions. Lmn; is given by

3(0mi + 0ni) — |pm; = pnil i (1)
6 - min(om;, on;) if (2)
& if (3),

Ln; =

(1) 3lomi + nil = €i > lpm; — pn;l > 3lomi — 0nil
(2) 3lami - o'm'l > I}‘mi - Fm'l
(3) lpmi - pn;‘l > 3|Umx' +onil — €&,

where p,; is the mean of the i-th feature vector ele-
ment for speaker n, and ¢; is a positive constant.
Figure 2 shows that (1) corresponds to cases in
which the distributions of the i-th feature vector el-
ement for speakers m and n overlap, (2) fits cases
in which the distribution for speaker n is included
in the distribution for speaker m, and (3) applies to

cases with separate distributions for speakers m and
n. The value ¢; is chosen in accordance with the
distribution of the i-th feature vector element. The
smaller the probability of having the values within
the intersection range of Lyyg; is, the more effective
the feature parameter is. When the distribution is
simply approximated by a triangle, the probability of
occurring the i-th feature vector element for speaker
n within the intersection with speaker m is approxi-
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Figure 2. Illustration of Lp,,; for the three condi-
tions, (1), (2), and (3).

The weight w; is created as the product of the re-
ciprocal of this factor and the factor of %— which is
usually used in Mahalanobis method,

AL 1 1
wedy > gL

n=lm=1m#n —;ni:':i Oni
In this way, the weight w; normalizes the intraspeaker
variability and enhances the interspeaker variability.
This method is expected to be more effective than the
conventional Mahalanobis normalization method.

4 Distance measures

In the conventional methods, the distance between
a set of test vectors and a set of VQ codebook vec-
tors is defined as the average quantization distortion
over all test vectors. Some test vectors that are far
from VQ codebook vectors, however, may be outliers
corresponding to phonemes that are not included in
the training data, or corresponding to feature param-
eters that vary from session to session. It is therefore
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possible that these vectors impair text-independent
speaker recognition that uses feature parameters with
intrinsically wide variability.

We propose a new distance measure called the
Distortion-Intersection Measure (DIM). This dis-
tance between a set of test vectors and a set of VQ
codebook vectors is defined in terms of the size of the
intersection space between the two sets and the aver-
age quantization distortion for the intersection space.

DIM defines the distance P({¥;}, {cns}) between
a set of test vectors {¥;} and a set of VQ codebook
vectors for speaker n {cn.} as

; ] n — un
D{F;}, {cn:}) = 2j=19n; +; w )

min || §; — cne |I°

dn; = if mz'n | #; — cne P< rox (4)

0 otherwise (5)

Rn = mim ™k U =mazuy,
n

where || - || is the Euclidean distance and J is the
total number of test vectors. The radius rn, of a
hypersphere approximating a cluster whose centroid
vector is the VQ codebook vector cn; indicates the
scope of that vector. This radius is set to the max-
imum Euclidean distance between the VQ codebook
vector ¢n; and a training vector in the cluster. The
term up is the number of test vectors corresponding
to case (4).

The left-hand term 2;-':1 dn; in the numerator of
the DIM equation represents the quantization distor-
tion for the intersection space between a set of test
vectors and a set of VQ codebook vectors for speaker
n. This intersection space is defined by the scope of a
VQ codebook vector. For this, we assume that a test
vector ¥; is the nearest test vector to VQ codebook
vector cn. If, as in Figure 3a, a test vector ¥; is in-
cluded in the scope of a VQ codebook vector cny, the
quantization distortion dn; is calculated according to
(4). Otherwise (as in Figure 3b) the quantization dis-
tortion dp; is set to 0 according to (5).

Figure 3a. Condition (4)

Figure 3b. Condition (5)

The right-hand term Rp (U — un) corresponds to
the penalty for the size of the space in a set of test
vectors outside the intersection space, This term is
proportional to the difference between the size of the
intersection space for speaker n and the maximum
size of any speaker. The larger the intersection space
is, the smaller the distance D({¥;}, {cns}) is. The
coefficient Rpn determines which is more important,
the quantization distortion or the size of the intersec-
tion space.

5 Experiments

The speech database used for the experiment con-
tains data from nine male talkers recorded on four
occasions over three years. It contains five vowels,
five words, and three sentences. The durations of the
three sentences are about 5, 12, and 30 s. The vow-
els, words, and two of the sentences (5 and 12 s) were
used for training. The longest sentence (30 s) was
used for testing. Since the texts of the test and train-
ing data in this experiment are not the same, this
speaker-recognition experiment is text-independent.
VQ codebooks were made using the LBG algorithm.
A codebook was made on every occasion for each
speaker. The test data from one occasion was tested
using each codebook for the other three occasions as
the reference. The proposed method was evaluated
by averaging error rates for speaker identification (I)
and verification (V).

5.1 Feature parameter combination
effects

Table 1 lists the results for speaker identification
using several combinations of feature parameters. We
used Mahalanobis method for normalization. The
average quantization distortion over all test vectors
was used as a distance measure. The error rates are
smaller when more parameters are used, and vocal
source features combine effectively with vocal tract
features.

5.3.3
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Table 1. Evaluation of feature parameter combina-
tions

Feature parameters Error rate (%)
Cepstrum 9.43
ACepstrum 11.81
Pitch 74.42
APitch 85.88
Cepstrum, ACepstrum 7.93
Cepstrum, ACepstrum

Pitch, APitch 2.89

5.2 Effects of TVN

Table 2 gives error rates for speaker recognition
by Mahalanobis method and by TVN. The average
quantization distortion over all test vectors was used
as a distance measure. For both speaker identification
and verification, TVN is clearly more effective than
Mahalanobis method.

Table 2. TVN vs. Mahalanobis error rate (%)
I identification, V: verification

Feature parameters TVN | Mahalanobis
Cepstrum I ]| 550 9.43

V| 512 5.69
Cepstrum, ACepstrum | I | 6.02 7.93

V| 483 6.77
Cepstrum, ACepstrum | I 1.91 2.89
Pitch, APitch V| 558 9.93

5.3 Effects of DIM

Table 3 allows comparison of speaker recognition by
DIM with recognition using the average quantization
distortion over all test vectors (ALL) when TVN was
used for normalization. DIM is more effective than
the conventional distortion measure of VQ.

Table 3. DIM vs. ALL error rate (%)

Feature parameters DIM | ALL
Cepstrum I} 515 ] 550

V12207 512
Cepstrum, ACepstrum | I | 4.05 | 6.02

V| 246 | 4.83
Cepstrum, ACepstrum | I | 1.00 [ 1.01
Pitch, APitch V| 127] 558

6 Summary and Conclusions

This paper demonstrates that the combination
of vocal tract and pitch information is effective in
speaker recognition. The vocal tract information
(cepstral and delta-cepstral coefficients) and the vocal
source information (pitch and delta-pitch frequency)
were combined into a vector, and voiced and unvoiced
codebooks were used. The error rate decreases as
the number of feature parameters increases., Identi-
fication error rates using cepstral and delta-cepstral
coefficients and pitch and delta-pitch frequency are
roughly 1/3 of those using only the cepstral coeffi-
cients. This paper also introduces TVN as a feature-
parameter normalization method. Experimental re-
sults show that TVN is more effective for speaker
recognition than is Mahalanobis method. The error
rates using TVN are roughly 2/3 of those using Maha-
lanobis method. This paper proposes DIM for mea-
suring the distance between the VQ codebook and
test vectors. For text-independent speech data with
wide variability, we found that DIM is more efficient
than the conventional distortion measure of VQ. The
error rates using DIM are roughly 1/2 of those us-
ing the conventional distortion measure of VQ. The
speaker identification rate was as high as 99.0%, and
the speaker verification rate was 98.7%.

We are presently analyzing DIM and applying it
in an HMM-based speaker recognition system. To
evaluate the proposed method more precisely, we are
also increasing the number of talkers in our database.
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