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Study on Talker Dependent Features of Speech
and Its Application to Speech Recognition

1 Introduction

Information conveyed by speech waveform can be divided into linguistic and personal
information. The two kinds of information are closely related to each other, and the problem
of how to separate these two kinds of information, how to extract the personal information,
and how to normalize the talker differences in speech spectrum are both important and difficult
ones. Investigations on these problems have a connection with machine recognition ot words
or sentences uttered by unspecified talkers, text-independent talker recognition and high quality
speech synthesis.

During this study, personal information in the speech waveform is extracted by two kinds
of feature parameters; long-time averaged speech spectrum of a short sentencc uas a text-
independent parameter, and a set of statistical parameters derived from time sequences of
fundamcntal frequency and partial auto-correlation coefficients (PARCOR coefficients)® of
several spoken words as a text-dependent parameter. Properties and measurements of inter-
talker and intratalker variability among these parameters are examined by talker recognition
experiments and statistical analysis based on speech samples of a long period.

For intertalker normalization in speech recognition, individualities of the vocal-cord
wave spectrum and the vocal-tract length are extracted and effects of these characteristics on
speech spectrum are approximately normalized. Spoken digits recognition experiments were
made to ascertain the effectiveness of this method.

2 Personal Information in Long-time Averaged Speech Spectrum
2.1 Measurement Method

As is shown in Fig. 1, a spcech signal is converted into a discrete sequence and is divided
into 32 ms long sections. In every section, short-time power spectrum is computed, and the
spectra of all the sections arc averaged to derive the long-time averaged spectrum. The long-
time averaged spectrum is normalized in terms of total energy and then goes through logarithmic
and Fourier transformations to obtain thc cepstrum. As is easily seen from this definition,
lower elements of the cepstrum give a general indication of the logarithmic spectrum pattern
and higher elements give the microscopic structure. In other words, the trunsformation to the
cepstrum makes it possible to separate these two aspects, @

The pronounced sentence used in the tests is a paragraph of a fairy tale (about 10 seconds
long). and no specification is given to the talker concerning the utterance speed, pitch, or
intensity of his specch. Speech samples were collected from nine males over a long period. at
intervals of several days to three months, and for many other males at one session.

2.2 Recognition Model
A recognition model was constructed for the cepstrum of the long-time averaged spectrum,

taking its long-term variation into considcration, and experiments were performed on the
identification and verification of the talker. Here, identification of the talker means a process
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Fig.1—Measuring method blockdiagram ol cepstrum for long-time
averaged specirum.

whercby it is determined from which of the registered talkers the given speech came, and veri-
fication ol the talker means a process whereby it is determined whether or not the given speech
is from the registered talker.

Recognition or decision is made based on the weighted distance between an unknown
sample and the average value of refercnce samples:

S(CADN) = |V |"™(C—D)V -1 (C— D) (h

where C is the cepstrum of an unknown sample (V-dimensional vector), I),; is the cepstrum of
the j-th sample of registered talker r, D, = (2 D,-,)/n is the average value of reference sam-
J=1

ples, V is the covariance matrix of the cepstrum averaged over all registered talkers (an N XN
matrix) and 7 is the number of refercnce samples for cach registered talker.

In the case of talker identification, the talker whose unknown sample is closest to a par-
ticular standard pattern, the average value of refercnce samples, in regard to this distance is
determined to bc the talker corresponding to that standard pattern. In the case of talker
verification, the sample, whose distance to the standard pattern is less than a certain threshold
value, is determined to be the speech from that talker, and other samples are rejected as coming
[rom other talkers. The threshold is conveniently set a posteriori so that the two kinds of error
rate (the rate of rejecting samples which should be accepted and the rate of accepting samples
which should be rejected) are equal.

For quantitative cepstrum temporal variation effect evaluation, three kinds of recognition
experiments were performed. The time allocation of reference and unknown samples in each
experiment is shown in Fig. 2. In each recording session, each talker utters speech samples
three times at an interval of about one minute.

The registered talkers are nine male adults. In talker identification, onc out of the ninc
registered talkers is determined. In talker verification, for each of nine registered talkers,
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Fig.2—Relations between reference samples and unknown samples in three
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samples of three kinds of impostors; A (8 persons), B (26 persons) and C (111 persons), are
used as samples to be rejected. Group A consists of 8 registered talkers other than the actual
talker, group B consists of group A mcmbers and 18 other talkers. and group C consists of
group B members and 85 other talkers.

As is seen from the description of the method in Section 2.1 and from the cven property
of the power spectrum, the cepstrum obtained effectively has 129 dimensions. Its higher
components, however, have only to do with the microscopic structure of the spcctrum pat-
tern, and have less significance in the recognition process. Accordingly, referring to the results
of preliminary cxpceriments, the number of dimensions (V) of the cepstrum to be used in the
reconginition is set at 31, neglecting the higher components.

2.3 Recognition Results

Figure 3 shows the results of recognition experiment 1. Average rates for the nine talkers
are shown as functions of the time interval between reference and unknown samples. These
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Fig.3—[dentilication and verification rate for recognition experiment 1.

resulls show that, when the time interval between reference and unknown samples is short,
for example from several days to three weceks, the recognition rate is high, but it becomes low
with increase of the interval and extremely so when the interval is of the order of three months.

Table | shows the results of rccognition experiment 2. The unknown samples are the
same as those in recognition experiment 1. It is seen that, by using the long-term data as re-
ference samples and by setting the weighted distance with consideration of its variatién, a better
recognition ratc can be achieved for unknown samples uttered three months later than the
last reference samples.

Table 1 Identification and veritication rate for
recognition experiment 2.

Recognition Rate

Identilication 1 90.8%
Verification (impostor A) % 93.5
Verification (impostor B) 935

By rccognition experiment 3, it has been made clear that, if reference samples are taken
only al one session, the recognition rate is very low, but it becomes higher with increase of
the number of sessions and saturates at about four sessions.

2.4 Long-time Averaged Spectrum Variation
In order to examinc the time-varying characteristics of cepstrum elements derived [rom

long-time averaged spectrum, their variances over a short period (about 10 days) and a long
period (about a year and a half) were estimated. And it was indicuted that. common to all
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talkers, the variances of lower elements are very large for a long period. This means that, as
the period becomes longer. the variation in the general indication of the long-time averaged
spectrum pattern becomes more significant than the variation in its fine structure.

3 Personal Information in Statistical Parameters of Fundamental
Frequency and PARCOR Coefficients

3.1 Measurement Method

Several kinds of spoken words were used in the measurement. As is shown in Fig. 4, the
speech wavelorm is converted into a discrete sequence, in the same manner as the measure-
ment of the long-time averaged spectrum, and 12 PARCOR coefTicients and fundamental period
are analyzed every 10 ms. The fundamental period is extracted from the position of the peak
of the correlation function of the prediction error, and the voiced-unvoiced decision is made
based on the peak value. PARCOR coefficients and fundamental period are transformed to
the log area ratios and fundamental frequency, respectively, to make the frequency distribution
of each parameter approach normal distribution. Then, the acoustic feature at time 7 is re-
presented by a 13-dimensional vector X, consisting of the fundamental frequency f. and
the 12 log area ratios {g..}~.'%

4‘y! — (A\'It- Nan 0, Xl:u)-
= (L1t Lot o, Lree _ﬁn). (2)
8 kHz PR
Low-pass i Division into H .
Speech wave — | filter sampling 32 ms blocks at amming
11 bit . . window
L 10 ms intervals
3.4 kHz quantizing
Average value g Xo={qu. go, -, ghee fu) PARCOR analysis
1 Standard dev. @ fie=iza V-UV decision
Corr. matrix A B 1+ ko Fundamental period oy
tor voiced suctions o=yl 7, PARCOR coef. (k).

{7 Sampling freq.)

Fig.4—PARCOR coefficients and fundamental frequency statistical parameters
measuring method blockdiagram.

From the voiced sections in a1 word, average g. standard deviation @, covariance matrix
2 and correlation matrix A for X, are measured: @
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where M is the number of voiced sections in a word. The same transformation as that applied
to PARCOR coefficients is also applied to A,

Four kinds of words, such as /bango:/, /namae/. /bakuon/. and /ko:gen/ are used in the
experiments. These words are selected arbitrarily.

3.2 Recognition Model

Talker identification and verification experiments are performed based on the statistical
parameters. When a single word is used, recognition is made on the basis of the following meth-
od. First, analysis of variance concerning talker-effect is made for each ¢ and A element. making
use of reference samples obtained from nine talkers. The first #7 elements, whose talker ef-
fects are larger than those of other clements, arc selected and combined to form an m-
dimensional vector y:

y={(y. Yz . ¥a) (D

A (13 + m)-dimensional vector z is constructed by vector y and g:

z2=1(21, Zs ) Z13~m)
[ csi1y
Ty 4= 134 m). (8)

The weighted distance indicated in Section 2.2 between an unknown sample and the
average value of reference samples obtained from an individual talker is used in the decision
making. When more than onc word are used, the distances for all words are averaged algebraical-
ly. In the same way as in the experiment concerning the long-time averaged spectrum, three
kinds of recognition experiments are performed.

3.3 Recognition Results

Figurc 5 shows the results of recognition experiment 1, obtained for the cases of one
word and four words. In the one word case, results are averaged over lour kinds of words.
The number m of ¢ and A elements used in the recognition is fixed at 20. These resulls are
quite similar to the results obtained for the long-time averaged spectrum (Fig. 3).

The results of recognition experiment 2 are shown in Fig. 6. The number 1 is varied from
0 to 20 in order to cxamine the cffectiveness of these parameters. The results reveal that,
using 20 elements (in = 20) selected from € and A, the error rate is reduced to half of that
abtained with m =0 (i.e., only the average valuc g is used). When four words are combined.
the error rate is Irom hall to onc fourth of that obtaincd bused on only one word, inde-
pendently of number m.

When only one word is used, the average accuracy with m = 20 is 96.8% in identification
and 97.3% in verification with impostor €. When four words are used, thc average accuracy
with m= 20 is 99.1% in identification and 99.3% in verification. These values are extremely
higher than those of long-time averaged spectrum. This shows the effectiveness of the text-
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Fig.6—Identification and verification rate for recognition experiment 2.

dependent information.

Figure 7 shows the relation between the total number (T) of dimensions of feature vector
and the error rate (e) of talker verification using impostor C, when the number of combined
words (k) and the number of ¢ and A elements (m) are varied. The relation between &, m,

and T is as follows:

T=13+m)- k. (9)
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Both axes are indicated by logarithmic scale. It can be seen that the product of the error rate
in percentage and the number of dimensions is approximately constant:
e- T = R0. (10)
Figure 8 shows the results of rccognition experiment 3. Recognition ¢xperiment 2 cor-
responds to ‘4 sessions’ in this experiment. When the reference samples are taken at only one
session (thrce samples). the recognition rate is very low. Therefore, there is a large difference
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from the results obtained with reference samples of two sessions or more. It is also seen that
it is almost sufficient to collect reference samples at four sessions.

The results of experiments on the long-time averaged spectrum and the statistical
parameters of PARCOR coefficients and fundamental frequency, reported from Sections 2.1
to 3.3. indicate that it is necessary to take reference samples for a certain long period to obtain
a high accuracy after a long interval.

3.4 Parameter Temporal Variation

In order to examine the short-term and long-term variation of the parameter g directly,
principal component analyses are made for short-term samples and long-term samples of cach
word uttered by each talker. Fvery sample is projected onto the space spanned by the first.
second, and third principal components. A set of samples, a={A B C. . L) was collected
over a period of about three years at intervals of about three months, as shown in Fig. 9(a).
These data arc used as long-term samples. Another set of samples, 8={a, b, ¢, ... .g). collected
over a period of about five months at intervals of two or three days to three months, as shown
in Fig. 9(b). is used as short-term samples. Analyses are made after the covariance matrices are
transformed into correlation matrices.

A B C D K L
o [ o o ———— e QO — [
3 3 3 3
months maoanths  months months
(a) Sample set «

a b ¢ d e f o]
J— e - T (o (e e ) et

3 months R — 3
10 days weeks weeks

{b) Sample set 2

— ; Time passage

Fig.9—Long-term and short-lerm speech sample time allocation.

Figure 10 shows a part of the results, which is obtained for speech samples of the word
/bango:/ uttered by a male talker, Cumulative contribution ratio (the ratio of principal com-
ponents variance to total variance) of the first, second, and third principal components is
71.2%, both for short-term and long-term samples. In the results obtained for the short-term
samples, points b, ¢, d and e, which are collected over a period of about 10 days, are very
close, in comparison with other points. This reveals that the parameters are stable for a short
period, but variations become larger for a long period. Long-term samples vary somewhat
randomly at intervals of three months.

The variation amounts of vector g between various time intervals are measured by the
Euclidian (squared) distance:

d(z) = E(|| ppe— pes-[7). ()
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(word /bango:/ uttered by a male talker).

The solid line curve in Fig. 11 shows the averaged results for four words and nine talkers. This
result indicates that, when the time interval is less than six months, the amount of variation
increases linearly as the interval is made longer. Howcever, when the interval is more than six

months, the amouit of variation is almost uniform, rcgardless ol interval length. The results
shown in Figs. 10 and 11 are in good agreement.
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Fig.11—Variation amount for vector g vs. time passage.



Euclidian (squared) distance can be related approximately to the auto-correlation coef-
ficient of the parameter variation. The broken line curve in Fig. 11 corresponds to the distance
variation curve derived from the auto-correlation coefficient of a random process, which is
a summation of the output from an RC filter, with a time constant of about two months, and
white noise. The former component corresponds to the time-varying characteristics of the
parameters. The latter corresponds to variation, independent of time passage.

4 Talker Dependent Parameter Temporal Variation Factors
4.1 Analyzing Method

Talker dependent parameter temporal variation factors and the method to rcmove these
effects on the talker recognition are examined on the basis of the vocal system mechanism.
Speech waveform could be regarded approximately as the output of the cascade connection
of electrical circuits characterized by the vocal-cord, the vocal-tract and the radiation charac-
leristic, driven by the source signal composed of the outputs of an impulse generator and a
white noise generator. In actual practice, it is extremely difficult to accurately separate the
vocal-cord. vocal-tract and radiation characteristics from the speech waveform, but an up-
proximate separation can be achieved on some assumptions. The long-lime averaged speech
spectrum can be considered to approximately represent the vocal-cord characteristics, includ-
ing the radiation characteristic, since the vocal-tract characteristics for the various phonemes
are averaged.® As it is known that the radiation characteristic can be represented by an approxi-
mately 6 dB/octave in the spectral domain. independent of the talker and the speech material,
the long-time averaged spectrum can be regarded to rcpresent the vocal-cord characteristic
of the talker.

Figure 12 shows the vocal-cord and vocal-tract characteristics separation method. In this
method, the vocal-cord characteristic is approximated, for simplicity, as a lst-order system
or a 2nd-order critical damping (CD) system. By means of the inverse filter of this charac-
teristic, the vocal-tract characteristic is cxtracted from the speech waveform. The same
spoken sentences as used in Section 2 are used as long-time speech samples. The inverse filter
transfer function can be expressed as follows:

[ Ist-order system: I+ 57
' 2nd-order CI) system: 1 - yZ+ l:l: A (12)

where Z — e 7% and A — radianfunit time. From the speech wave after thc inverse filtering,
PARCOR coefficients and fundamental frequency are extracted.
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r averaged | ] 7Tst-orderor | o Inverse | _ -+ 2 ;: Vocal-cord
sentence ) 2nd-order charac. '
spectrum
CD systemn
Word Inverse | parcor {0}
PE— " - — - e
speech filter analysis K= kiz: Vocal-tract

Fig.12—Vocal-cord and vocal-tract characteristics separating method.
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4.2 Recognition Experiment

From the preliminary investigation, it has been made clear that the amount of temporal
variation is greater for vocal-cord parameters 8 and y than for vocal-tract parameters {k.}.
Also, when the vocal-cord characteristic is approximately removed from speech waveform
by the inverse filtering, the temporal variation in the PARCOR coefficients is reduced, but
the personal information in the parameters is scarcely reduced.

The effect of eliminating the vocal-cord characteristic on rccognition accuracy is investi-
gated by means of the talker recognition system examined in Section 3. Two words, /bango:/
and /namae/, arc used and m, the number of elements cxtracted from & and A, is fixed at 20.
Two kinds of recognition experiments were performed. The results of the talker verification
(impostor A) in recognition experiment 1, with or without inverse filtering, are shown in
Fig. 13. It is seen that, by eliminating the vocal-cord characteristic, which has a strong and
gradual temporal variation trend, the recognition errors can be reduced by about half.
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Fig.13—Effects of vocal-cord characteristic elimination on talker verification using
short-term reference samples.

Next, using common unknown samples, a comparison is made between the case with the
reference samples, covering a short period of about 10 days (short-term case), and the case
where the reference samples cover a long period of about 10 months (long-term case). Time
intervals between reference and unknown samples are varied from 3 months to 21 months.
Based on the fact that the recognition error does not increase as the time interval between
reference and unknown samples is varied from 3 months to 21 months, the results are averaged
over all the unknown samples and presented in Table 2. The results show that, even in the short-
term case, a recognition rate of about 99% can be achieved, using 2 words with the vocal-cord
characteristic elimination technique; see the underlined part of Table 2. These rates are almost
cqual to the performance with long-term refercnce samples. It has been ascertained that the
method whose investigation is reported in this section is highly effective to reduce speech
feature parameters temporal variation and to extract stable personal information.



Table 2 Comparison of results with short-term and long-term reference samples.

Talker Identification Talker Verification
Reference 9 indiv.) (i :
Sarmoles Inverse Filter (9 indiv.) (impostor A)
1 word 2 words 1 word 2 words
Ist-order sys. 90.8% 99 4% 97 4% 99.0%
(S:‘g‘(}d‘yg‘;i Ind-order CD sys. 923 99 4 972 . 989
None 88.3 94.5 927 , 928
Ist-order sys. 97.2 99.4 976 995
Long-t —
(l‘glj’ns:t';“) 2nd-order CD sys. 96.0 98.8 97.1 98.8
None 98.2 99 .4 979 99.5

Intertalker Normalization in Spoken Word Recognition

wn

5.1 Normalization Method

[t is important to solve the problem of how to learn and normalize talker differences ef-
ficiently in order to achieve high accuracy in the rccognition of spoken words, when the
vocabulary is very large and the words are uttered by unspecified talkers. Among many speech
wavelorm individuality factors, the vocal-cord wave spectrum and the vocal-tract length can
be regarded as very important ones. Strictly speaking, these factors may vary from phoneme
to phoneme, but they can be considered to be approximately invariant, at least. for vowels.

Figure 14 shows the spoken word recognition system, including intertalker normalization. ®
As a measure of the vocal-cord wave spectrum and the vocal-tract length, global pattern (incli-
nation) of the spcech spectrum, approximated as a Ist-order system, and the cxpansion-con-
traclion rate of the auto-corrclation pattern are estimated, respectively, based on learning
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(s words)
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Fig.14—Spoken word recognition system, including intertalker normalization.




14

samples. The learning samples consist of N, words, which is a part of the whole vocabularies
of N. words to be recognized. Reference patterns are stored by phoneme spectra averaged
over many talkers. In the recognition of unknown samples, the reference patterns of vowels
are modified and adapted to an individual talker, based on the vocal-cord wave spectrum
and vocal-tract length extracted from the learning samples. Refercnce patterns of consonants
are not modified. Word dictionary is stored by phoneme sequences and the word identification
is performed, making use ol the word dictionary and the similarity between input speech and
phonceme reference patterns. Details of the identification process are presented in Reference (6).

5.2 Word Recognition Experiment

Recognition experiments were accomplished for spoken digits uttered by 30 male and
30 female talkers. The results of four experiments, without normalization, with vocal-cord
wave normalization, with both vocal-cord wave and vocal-tract length normalization. and using
individual reference patterns, are indicated in Fig. 15.
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Fig.15—Intertalker normalization effects on spoken word recognition.

Error rate is reduced by one percent for male sumples and by one and a half percent for
fermale samples by normalization of the effects of the two [lactors, However, in comparison
with the case using individual reference patterns, a gap of one percent or one and a half
percent remains.

6 Conclusion

Personal information in speech waveform was extracted by two kinds ol feature parameters;
the long-time averaged spectrum ol a short sentence and the statistical parameters derived



from PARCOR coefficients and fundamcntal frequency. Talker recognition experiments and
several analyses were performed from the viewpoint of the temporal variation of these para-
meters. The effectivencss and properties of these paramcters were made clear. Factors ol the
temporal variation were analyzed based on the vocal mechanism, and it was revealed that the
method of eliminating the vocal-cord characteristic is useful for extracting the stable personal
information. Intertalker normalization method in spoken word recognition by means of
estimated vocal-cord wave spectrum and vocal-tract length was investigated and the effective-
ness of this method was ascertained.
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