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Speaker Recognition by Statistical Features

and Dynamic Features

Sadaoki FURUI

Performance of four text-dependent speaker recognition methods using statistical or dynamic
features of speech spectrum extracted from spoken words or a short sentence were compared with
each other. It has been clarified thar almost the same recognition accuracies can he obtained by
cither statistical or dynamic features, and that the statistical features have advaniuges of a small
amount of caleulution and memory size for feature extraction and recognition. The combination
effect of these two kinds of features and effectiveness of u spectral equalization technique have been
ascertained. Verv high speaker recognition performance can be obtained by a new method using

statistical features.

1 Introduction

Automatic speaker tccognition has recently
received a great deal of attention among spcech
researchers. Onc of the most difficult problems in
speaker recognition is that inter-session variability
(variability over time) for a given speaker has a
significant effect on recognition accuracy =%, In
the speaker rccognition experiment reported by
Luck @, it was found necessary to include speech
samples taken over a S5-week period in the refer-
ence data for an adequate representation of the
speakers’ voice. Furui ct al.“~® have investigated
the long-term variability of both statistical and
dynamic speaker dependent fcatures. Statistical
features are extracted from longtime averaged spec-
trum for a sentence-long utterance® and time-
averaged characteristics of log area ratios and
fundamental frequency derived from the voiced
portion of spoken words ™®. Dynamic character-
istics have been analyzed by the use of time
functions of log area ratios and fundamental
frequency and by warping functions calculated
in the course of time registration®.

In this paper. the effects of long-term variability
of statistical and dynamic featurcs on speaker
recognition are compared, und the ctfectiveness
of four kinds ol text-dependent spcaker recogni-
tion methods, which use statistical or dynamic

fcatures, are evaluated from this point of view.
These experiments use several kinds ol data bases,
which consist of word utterances or sentence utler-
ances recorded over long periods. The effective-
ness of spectral equalization as a method to reduce
this effect is examined using a data base which
consists of word utterances recorded over seven
years. A combination of statistical and dynamic
features was investigated to get high speaker
recognition accuracy.

An abstract of the four speaker recognition
methods is shown in Table 1. Methods 1 and 2
use statistical fcatures. whercas Methods 3 and 4
use dynamic [fcatures. In Methods 1 and 3. a
spectral envelope is represented by log area ratios,
whereas in Methods 2 and 4, it is represented by
LPC-cepstrum coefficients. In Methods 1. 2 and
3, fundamental frequency is also used as a feature
parameter.  Methods 2 and 4, which have been
recently investigated by the author, are improve-
ments upon Methods | and 2, respectively.

Sambur"? and Markel et al.“" tried speaker
recognition systems using statistical features, and
Wohlford et al."'? compared various statistical
feature speaker recognition systems, but they have
used speech ulterances recorded over short periods.
Doddington™® and Rosenberg''® tried speaker
recognition systems using dynamic features based
on long-term data bases. However, c¢ven in these
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Table 1  ABSTRACT OF THE FOUR SPEAKER RECOGNITION METHODS REPORTED
IN THIS PAPER.
Statlstlc.al or Utterances Recognition Method and Measurc
Dynamic Features
Method 1 | Statistical Words Weighted distance for statistical leatures derived
from LAR’s and fundamental frequency
Weighted distance for statistical features including
Method 2 | Statistical Words fourier coefficients derived from LPC-cepstrum
and fundamental frequency
Method 3 | Dynamic Words DP-matching for time functions of LAR’s and
fundamental frequency
Method 4 | Dynamic Short DP-matching for time functions of LPC-cepstrum
sentence and polynomial coefficients

LAR: Log Area Ratio

experiments, time intervals between training and
test utterances were less than two months.

2 Comparison between Methods | and 3
2.1 Speech Analysis

A blockdiagram of the experimental system for
comparison between Mcthods 1 and 3, which
includes feature extraction and recognition, is
presented in Fig. 1. Two Japanese words, /namae/
and /baNgo:/, which mean “name” and “number”

respectively, were uttered in isolation repcatedly
over a period of seven years by nine male speakers.
They were uttered naturally and there was no
attempt to mimic any other speakers. These utter-
ances have been used
¢xperiments.

As shown in Fig. 1, the speech wave is convert-
ed into a discrete sequence and scanned forward
from the beginning of the recording interval and
backward from the end to determine the beginning
and end of the actual samplc utterance. A 32 ms
Hamming window is applied to the delimited

for spceaker recognition
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Fig. 1 —Feature extraction and recognition blockdiagram for Method 1 and Method 3.
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speech every 10 ms. First- to twelfth-order
PARCOR coefficients"® and the fundamental
period are extracted from each frame. The funda-
mental period is extracted from the peak position
of the correlation function of the prediction
residual, and the voiced-unvoiced decision is made
based on the peak value. Since the voiced speech
spectrum is much more stable than the unvoiced
one, only the voiced portion of each word'is used
for speaker recognition. The PARCOR coefficients
and fundamental period are transformed into log
area ratios and fundamental [requency, respective-
ly. to make the frequency distribution for each
parameler approach a normal distribution. Log
area ratios are defined as arctanh transformation
of PARCOR coelficicnts.

Thus, the speech wave at time t can be re-
prescnted by a 13-dimensional vector X.. consist-
ing of fundamental frequency fi. and 12 log area

ratios {g. )2

Xo= (X1e, X2ty 0 Xane)
=& Loe. 7. 12ee ﬁ)t) 1

2.2 Spectral Equalization Process

The author et al.® have investigated the long-
term intra-speaker variation in speech spectra, its
effect on speaker recognition, and techniques to re-
move this effect in a speaker recognition system
which uses statistical featurcs extracted from spoken
words. The results of experiments have made
clear that a first- or second-order critical damping
inverse filter, which represents the overall pattern
of the long-time averaged spectrum, is quite
useful for reducing the long-term spectral vari-
ability effect on speaker recognition. In a previous
experiment by the author ct al.®®_ it was found that,
although the intra-speaker variation in the general
indication or overall pattern for the long-time
averaged spectrum, which can be represneted by
several lower cepstrum coefficients for the long-
time averaged spectrum, is very small over a
period of a couple of weeks, it becomes more
significant than the variation in its fine structure
for a longer period.

When inverse filtering (or spectral equalization)
is applied to input utterances, high recognition
accuracy can be obtained, even if training utter-
ances for each speaker are recorded over a short
period and the time difference between training
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and input utterances is as long as one year. From
the speech production mechanism viewpoint,
the spectral equalization effectiveness means that
vocal tract characteristics are much more stable
than overall patterns for the vocal cord spectrum.

The above mentioned experiment was perform-
ed by letting the time difference between training
and input utterances range up to two years. This
paper presents, ‘speaker recognition experiments
tried on spectral- cqualization effectiveness, in
which the time difference ranges up to five years.
A second-order critical damping inverse filter is
used ‘in these experiments. The inverse filter
transmission characteristic is

G(Z):|+‘}’Z_"|-(‘}’?‘/4)Z : (2)
wherce
Z=c’®, @=rad/unit time.

Bascd on the least squares method, parameter y is
given as the real root which satisfies | y| <2 for
the cubic algebraical equation

Cy =60y H (4 +8c) y—8c =0, (3)

where ¢; is the ith order correlation function
averaged over all the voiced frames for each input
uttcrance. The actual inverse [iltering processing
can casily be donc by convolution of the correla-
tion function for the input utterance.

2.3 Feature Extraction and Recognition
Procedure for Method 1

To determine the time function of vector X: in
the voiced portion of each word, mean value g,

standard deviation ©, covariance matrix £ and
correlation matrix A are measured .

o= (2' X.)/M (4)

M 3
= (0= {Z (X p) (Xe=w)}/(M=1) ()

o=(Jon, Von, . Jouu) (6)
A=A, A,=oi/Voias (7)

where M is the number of voiced frames in the
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word utterance. The arctanh transformation is
also applied to each A; to make its frequency
distribution approach the normal distribution.

Since X: is a 13-dimensional vector, vectors g
and ¢ have 13 clements each, and symmetrical
matrix A has 169 elements, of which 78 elements
are independent. From this set of 13 elements
for vector ¢ and the 78 elements for matrix 4, a
fixed reduced set is selected, which is most effec-
tive in separating the populations of customer
(registered speaker) and impostor sample utter-
ances. Typically, 20 elements are selected, based
on earlier experimental results™. The criterion
for selection is based on the inter-to-intraspeaker
variability ratio for each element, calculated over
a population of training utterances. All elements
for vector m and the selected set of ¢ and A ele-
ments are used as the elements of a feature vector
T for speaker recognition.

The recognition decision is based on a weighted
distance between the feature vector of a test
utterance and a reference template:

D(T, R)=|V|"(T—R)V Y(T—R,Y (%)

where T is the feature vector of the test uttcrance
and R, is the feature vector of the rth speaker’s
reference template. R, is constructed by averag-
ing all the training uttcrances. ¥ is the covariance
matrix of the feature vector, which is calculated
from training utterances by cach customer and
averaged over all customers. Since a preliminary
experiment showed that the cross correlation
between a set of the elements for feature vector
7. which is selected from vector ¢ and matrix 4.
is usually very small, a part of the matrix ¥, which
is related to thesec combinations (these cross-
correlation coefficients), is set at zero in order Lo
reduce the number of calculations in Eq. (8).

2.4 Recognition Procedure for Method 3

The time function for vector X, in the voiced
portion is used directly for speaker recognition.
An input utterance is brought into time registra-
tion with a rcference template to calculate the
distance between them.  This is accomplished
by a non-linear time warping method using a
dynamic programming technique .

The input utterance is indicated as X S 1= M,
and the reference template for speaker r is indicat-
ed as Yer, ISt'S N, The purpose of the time
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warping algorithm is to provide a mapping between
the two indices ¢ and t’, such that a time registra-
tion betwcen the two utterances is obtained. As
shown in Fig. 2, the warping function is restricted
to a fixed region, the adjustment window, which
has width 2 XNy along the diagonal line connect-
ing points (1,1) and (M, N) on the ¢-t" plane.
The warping function direction is restricted to
vertical, horizontal or diagonal.

A complete specification for the warping func-
tion results from a point-by-point measure of
similarity between input utterance X, and refer-
ence template Yer:

D(X, Yo ) =| W H™MX— Ye ) W(Xi— Yer)

2

where
W= di'dg(Wh Wa, 700y Wl:s)
wy= 1/w:.

The weighted distance accounts for the long-term
variation in feature vector X. and is similar to the
weighted distance used for the statistical features.
Given distance function D, the optimum dynamic
path is chosen to minimize accumulated distancc
Dy along the path. Recognition decision is based
on the overall distance accumulated over the
optimum warping function.
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Fig. 2—Slope constraint and adjustment window
for the dynamic programming warping function.
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2.5 Experimental Setup for Speaker
Identification and Verification

Speaker recognition can be divided into speaker
verification and speaker identification. Speaker
verilication is the process of accepting or rejecting
the identity claim of a speaker by comparing a set
of measurements on the speaker’s utterances with
a reference set of measurements made on the
utterance of the person whose identity is claimed.
Speaker identification is the process of determining
from which of the registered speakers the given
utterance came. In the case of speaker verification,
input uttcrances, whose distances to the reference
template are smaller than the threshold, are accept-
cd as utterances by the registercd speaker, while
imput utterances whose distances are larger than
the threshold are rejected. 1In the experiment
for comparing Methods | and 3, the threshold is
set a posteriori for each individual speaker in order
to make the two kinds of crror rates, false rejection
and false acceptance, equal. In the case of speaker
identification, the registered  speaker, whose
reference template is nearest to the input utterance
among all the registered speakers, is selected as
the speaker of the input utterance.

In this experiments. both speaker verification
and speaker identification are performed using
nine male registered speakers (customers). There
were eight impostors, whose utterances should
be rejected, in the verification experiment. The
verification and identification decisions are
performed using either or both of the two words.
In the latter case, the average distance for the two
words is used for the dccision.

In order to investigate the feature parameters
long-term variability effect on the two kinds of
speaker recognition systems, two sets of training
utterances were prepared for cach customer.
The short-term training sct comprises utterances
recorded over a period of ten days in three or four
scssions at intervals of two or three days. The
long-term training set comprises utterances record-
ed over a ten month period in four sessions at
intervals of thre¢ months. The time interval
between the last training utterance and input
utterance ranged from two or three days to five
years. As each speaker utters each word three
times at intervals of 1 minute at each session,
there are usually 12 training utterances. When
training utterances from only thrce scssions arc
used, there are nine training utterances. The
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latter is the case only when the training is done
over a short period and the time interval between
traivning and input utterances is two or three days.

2.6 Experimental Results

2.6.1 Condition I: Long-Term Training
and Three Months Interval

Figure 3 shows speaker identification and
verification accuracy when the time interval
between training and input utterances is three
months and the long-term training sct is used"”.
Spectral equalization was not applied to the speech
wave in this experiment. This figure provides a
comparison between results obtained by Method
1 and 3. The width of the adjustment window to
restrict the warping function was set to 200 ms
in Method 3. This figure also provides experi-
menlal results when two kinds of features, statisti-
cal features and dvnamic features, were combined
for decision making to study the possibility of
improving recognition performance over the
performance obtained using either one by itself.
The weighted distance associated with the mean
vector for the statistical features and the overall
distance for the dynamic features were summed to
provide a total distance to be used as a decision
function. The summation was performed after
appropriate weighting of the distances to balance
the magnitude of these two values.

The results in Fig. 3 show that statistical fea-
tures are more effective than dynamic fcatures
for speaker identification, whereas there is almost
no difference between the results using these two
kinds of features for speaker verification. Since
the amount of calculation necessary lor recogni-
tion using statistical features (Method 1) after
obtaining the time functions of fundamental
frequency and log area ratios and memory size
are only about one-tenth those for recognition
using dynamic features (Method 3), statistical
features are considered to be better than dynamic
features.

When the two words are used in combination
for decision making, the error rate becomes almost
half the average error rate obtaincd for the single
word decision, irrespective of the feature para-
meter set.

This figure also shows that, both in identification
and verification, the recognition error rate can be
reduced by half by a combination of the two
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Fig. 3—Comparison between speaker recognition accuracies, using statistical
features (Method 1) and dynamic features (Method 3).
Effects are shown of combining these features on speaker recognition
when long-term training sel is used and the time interval is sct at
three months.

sets of features, irrespective of the number of
words for decision making. Although statistical 100 -
and dynamic features are originally extracted
through the same spectral analysis procedure, they
can be considered to have some speaker character-
izing information independent of each other. -
The average recognition accuracies for onc word
are 98.7 percent and 97.6 percent for identifica-
tion and verification, respectively, and for two
words, 99.1 percent and 98.9 percent, respectively.

—— Dynamic features

Percentage Correct
©
=
[

o ——— Statistical features

2.6.2 Condition II: Long-Term or L ®  Short-term training
Short-Term Training, Time Interval o0  Long-term training
of up to Ten Months
80 L 1 1 1 1 1
0 2 4 6 8 10

Figurc 4 shows the rclation between spcaker
verification accuracy and the length of time be-
tween training and input utterances for four kinds
of experimental conditions: the combinations Fig, 4—Speaker verification accuracy as a function
of the two training periods and the two feature of time interval between training
parameter sets"®. The time interval between and input utterances.
training and input utterances ranges from two or
three days to ten months. Recognition accuracy

Time Interval (Months)
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for a single word obtained by averaging the results
for each of the two words is shown in this figure.
Spectral equalization was not applied to the speech
wave In this experiment, either. The width of
the adjustment window is also 200 ms in this
experiment.

These results show that the verification accuracy
decreases as the time interval between training
and input utterances becomes long, irrespective
of the featurc parameter set. Although the accura-
cy decreases, even if the long-term training set is
used, the amount of decrease for long-term training
is smaller than that for short term training. When
the time interval is three months or so, verification
accuracy using statistical features is more affected
by the length of the training period than is the
accuracy using dynamic features. Long-term train-
ing is necessary to get high accuracy for statistical
features, when the time interval is three months
or s0.

However, when the time interval becomcs as
long as ten months, the accuracy associated with
dynamic features is also affected by the length of
the training period, and the results are almost
the same as those obtained for statistical features.
In other words, although the accuracy associated
with dynamic features is affected by long-term
spectral variability more slowly than the accuracy
associated with statistical features, the amount of
the influence on the accuracy is almost the same
for the two kinds of feature parameter sets over
the long term.

2.6.3 Condition III: Long-Term or
Short-Term Training, Time Interval
of up to Five Years

The effectiveness of the spectral equalization
process was cxamined by mecans of spcaker re-
cognition experiments using statistical features.
The results with and without spectral equalization
were compared with each other for both short-
term training and long-term training.

Figure 5 shows the relation between the time
interval as it increases to five years and the recogni-
tion accuracy for spcaker identification and
verification using statistical features based on two-
word decisions. These results show that spectral
equalization is effective in reducing the errors in
recognition as a function of the time interval, both
for long-termi training and for short-term training.
Effectiveness is especially large in the case of
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Fig. 5—Recognition accuracy using statistical features
as a function of time interval between training
and input utterances.

short-term training. For example, when the time
interval is less than a year and a half, spectral
equalization raises the recognition accuracy for
short-term training to almost the same value as
that obtained for long-term training, although it
produces no improvement in the accuracy for long-
term training.

When the time interval is longer than a year
and a half, it is desirable to use long-term training
and apply spectral equalization. [t is impossible
to get the same accuracy for short-term training,
even if spectral equalization is used. Recognition
accuracy for two words with long-term training
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and spectral equalization is 99.5 percent and 95.6
percent for verification and identification, re-
spectively, when the time interval is ten months,
and 96.3 percent and 92.6 percent, respectively,
when the time interval is almost five years.
Although the spectral equalization eflcctiveness
on speaker recognition, using dynamic features, has
not been examined in this study, the effectiveness
of a similar technique on a speaker verification
system wus cxamined in the study on Method 4.

2.7 Experimental Results for One- to
Four-Word Decisions in Method 1

The relation between the number of words for
the decision on speaker verification or identifica-
tion and the recognition accuracy in Method 1
was investigated, using the utterances of four kinds
of words. These words consist of the two words,
which have been used in the previous experiments,
and two Japanese words, /ko:geN/ and /bakuoN/,
which mean “plateau™ and “buzzing”, respectively.
The number of elements selected from vector
¢ and matrix A to be used as elements in feature
vector T for recognition was also varied between
0 and 20. The training period was long and the
time interval was three months. There were
nine customers and 111 impostors. All of them
were male speakers. The number of test utterances

SPEAKER RECOGNITION

for all customers was 216.

Figure 6 shows the relation between the total
number of elements of the feaiure vectors and
the recognition ecrror rate on logarithm scales.
The product of the error rate in percentage and
the number of features is approximately constant.
When 20 elements are selected (m = 20) from
vector ¢ and matrix 4 for cach word and four
words are used for the decision, 99.3 percent and
99.1 percent accuracies are obtained for speaker
verification and identification, respectively.

3 Speaker Verification by Method 4

3.1 Feature Extraction and Recognition
Procedure

As an improvement upon Method 3, which uses
dynamic features of speech spectrum, Mcethod 4
has been investigated "~®".  1In this method, not
only arc the time functions of spectral parameters,
which represent the short-time spectral envelope,
brought into timc registration with stored refer-
ence functions, but also a set of new dynamic
fcatures are extracted and used for the decision.
This method was designed especially for tclephone
speech and cvaluated by speaker verification
experiments.
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w
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Fig. 6—Relation between total number of features used for speaker recognition

and recognition error rate.
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3.1.1 Speech Analysis and Feature
Extraction

A blockdiagram indicating the principal opera-
tions of the verification system is shown in Fig. 7.
Therc are two inputs to the system, the identity
claim and the sample utterance. The identity
claim, which may be provided by a keyed-in
identification number, causes reference data
corresponding to the claim to be retricved from
a memory. The sccond input is activated by a
request to speak the sample utterance.

The speech wave is bandlimited from 100 Hz to
3.0kHz and sampled at a 6.67 kHz rate. The
digitized speech is then scanned forward from
the beginning of the recording interval and back-
ward from the end to determine the beginning and
¢nd of the actual sample utterance. The end-
point detection is accomplished by means of an

Identity
claim

Sample
utterance
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energy calculation. A high emphasis filter (1
—0.95Z7") is applied to the delimited speech,
and a 30 ms Hamming window is applied to the
emphasized speech every 10 ms. First to tenth-
order linear predictor coefficients are extracted
from cach frame by the auto-correlation method
and the linear predictor coefficients arc transform-
ed into cepstrum coefficients.

The cepstrum coefficients are averaged over
the duration of the entire utterance and the aver-
aged values are subtracted from the cepstrum
coefficients of every frame to compensatc for
frequency-response distortions introduced by the
transmission system ®? and to reduce long-term
intraspeaker spectral variability. This procedure is
similar to the spectral equalization investigated
and reported in the previous section.

Time functions for the normalized cepstrum
coefficicnts are expanded by an orthogonal poly-

Store End-pqmt
detection
Reference data Cepstrum coefficients
retrieval through LPC analysis
Expansion by Long-time
polynomial function average
Normalization by average cepstrum
Feature selection
Reference l
template j
Dynamic time warping Weight
Overall distance computation
Threshold .
Comparison with threshoid
Accept or
reject
Fig. 7—Blockdiagram indicating the principal operation of Method 4.
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nomial representation® over 90 ms intervals
every 10ms. The 90 ms interval length seemed
adequate for preserving transitional information
between phonemes. The first three orthogonal
polynomials are used. The first three coefficients
of the orthogonal polynomial representation
correspond mean value, slope and curvature of
the time function for cach cepstrum coefficient
in each segment, respectively.

As the original time functions of cepstrum
coefficients arc considered to be more efficient
than the Oth-order polynomial coefficients for
speaker verification, the original time functions
of cepstrum coefficients are used to replace the
Oth-order polynomial cocfficients in this imple-
mentation.

Accordingly, the utterance is represented by
time functions of the cepstrum coefficients and
the first- and second-order polynomial coefficients.
Since there are ten cepstrum coefficients, the result
is a representation by a time function of a 30-
dimensional vector. From these 30 eclements,
a set of elements (typically 18), which are most
effective in separating the overall distance distribu-
tion of customer and impostor sample utterances,
arc selected for speaker verification. The selection
is made based on the inter-to-intraspeaker variabili-
ty ratio for each element.

3.1.2 Time Registration

A sample utterance is brought into time registra-
tion with the reference template to calculate the
distance between them. This is accomplished by
a new time warping method using a dynamic
programming technique. As there is often some
uncertainty in the location of both the initial
and final frames due to Dbreath noise etc., the
unconstrained endpoint technique ®? is applied,
and the shorter of either the reference template
or test utterance is used as the quide contour.
This means that the longer one is mapped to the
slave contour axis, which is the ordinate of the
warping plane, and the shorter onc is mapped to
the guide contour axis, which is the abscissa of
the warping plane. Figure 8 shows the warping
plane and the allowable region of the dynamic
warping function, where n,,=120 and &=15
(frames). The warping function is required to
monotonically increase with a maximum slope
of two and a minimum slope of 1/2 @,

The distance for each element is weighted by

SPEAKLR RECOGNITION
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Fig. 8—Allowable region of the dynamic programming
warping function path.

intraspeaker variability and summed to produce
the overall distance. Finally, the overall distance
is compared with a threshold distance value to
determine whether the identity claim should be
accepted or rejected.

3.1.3 Decision Threshold and Reference
Templates

In this experiment, two methods for setting
an a priori threshold are evaluated. In the first
method, the threshold is set to an experimentally
decided fixed value, and the samc threshold is
used for all customers. In the second method,
the optimum threshold is estimated based on
the distribution of overall distances between cach
customer’s reference template and a set of utter-
ances by other speakers. In the latter case, the
threshold is updated at the same time as the refer-
ence template updating, based on the distribution
of interspeaker distances. The following equation,
based on empirical results, is used to set the thre-
shold for each customer:

8(k) = a(ave(k)— Gos(k))+b (10)

where #(k) is the threshold for the customer k,
zos(k) and Goe(k) are mean value and standard
deviation for the distribution of interspeaker
distance, respectively. a and b are constants fixed
for all customers, which are set to maximize
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the correlation between #(k) and experimentally
determined equal-error threshold over a set of
training data. Figure 9 shows an example of
typical intraspeaker and interspeaker distance
distribution.

A posteriori equal crror decision thresholds
were also used to compare the results with those
obtained using a priori thresholds.

The establishment and updating of reference
information is another important system element.
The initial reference tcmplate is constructed from
five training utteranccs, as follows. The first
training utterance is taken to be thc first trial
reference, to which the second training utterance
is brought into timc registration. These are then
averaged together to produce the second trial
reference. The third training utterance is then
brought into time registration with this reference
and averaged together to produce the third trial

Intra speaker distance

~

Distribution

GUR
{nter speaker distance

1DB

Distance

Fig. 9 —Example of typical intraspeaker and interspeaker
distance distributions.
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reference. This procedure continues through the
fifth trial reference, which is taken as the initial
reference template. The training utterances are
also used for the calculation of the weighting
function used in the distance computation, the
inter-to-intraspeaker variability ratio. which is used
in the feature selection, and the interspeaker
distance distribution, which is used to set the
decision threshold,

The initial reference template and threshold
are updated periodically as the system is accessed
in the test mode. This procedure is important
to deal with variability and trends over time that
can occur in customer utterances. In the evalua-
tion described in this section, reference templates
were updated every seventh access of the system
by each customer using the latest five utterances,
as shown in Fig. 10. Variability is often especially
high in the test utterances immediately following
the establishment of the initial reference template.
For these first few accesses, it is desirable to up-
date the reference template following each access.

3.2 Speaker Verification Experiments

3.2.1 Utterance Sets and Preliminary
Experiments

Three kinds of utterance sets by native Ameri-
cans were used to evaluate this system. The first
and second sets each comprises 50 utterances by
each of 10 speakers designated as customers and
a single utterance by each of 40 speakers designat-
ed as impostors. The recordings were made over
conventional telephone lines, the first by male
speakers, the second by female speakers. The third
set consists of 26 utterances by 21 male speakers
designated as customers and a single utterance

— Time

Test

1

Test Test

f f

[ LR

L J L

l l

Training Training

|

Training

Fig. 10—Reference updating procedure. Reference template is updated every seventh
access by the customer, using the latest five utterances.
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from each of 55 male speakers designated as
impostors, all recorded over a high quality micro-
phone. The male speakers recorded the sentence
“We were away a year ago,” while the female
speakers recorded I know when my lawyer is
due.” All customer recordings were made over
periods of two months, each in separate sessions
with no more than two scssions per day.

Preliminary experiments were carried out to
obtain selections of featurcs effective in separating
customer utterances from impostor utterances
for usc in the speaker verification test phase of
the experiment. Feature selection results for
the first 10 utterances by 5 speakers from the male
speaker telephone transmission utlerance set are
shown in Fig. 11. Shown plotted are the ratios
of the average values of interspeaker distances to
the average values of the intraspeaker distances
for each of the 30 original parameters. (Note
once again that the original cepstrum coefficients
are used in place of the Oth order polynomial
coetticients.) With almost total consistency,
the higher the polynomial cocfficient order is,
the smaller the distance ratios are and, hence,
the less cffective the parameters are. Bascd on
these results, 18 parameters were selected as
features for the speaker verilication tests. These
included all the original cepstrum coefficients and
none of the second order coefficients. Similar
results were obtained for the other two utterance
sets.

SPEAKER RECOGNITION

3.2.2 Speaker Verification Experiments
Results

The speaker verification experiments results for
the three utterance sets are summarized in Table 2.
The a priori crror rates shown are the results of
averaging the false acceptance and false rejection
rates over all the customers in the utterance set.
Results arc shown both for the fixed threshold
estimate, applied uniformly to all customers, and
for the customer specific threshold estimate,
specified in equation (10). TFor comparison, a
posteriori equal crror rates are also shown. These
are obtained by averaging the overlap arcas be-
tween customer and impostor distance distribu-
tions for each customer in the utterance set. It is
scen that average error rates using the a priori
threshold cstimate are all 1% or less and that the
actual overlap between customer and impostor
utterances, as provided by the a postcriori error
rates, are even smaller. Because the error rales arc
so small it is not possible to reliably distinguish
performances among these utterance sets.

In order to check the effect of the time interval
between training and test utterances on spcaker
verification accuracy, the intcerval was varied from
six days to six weeks, comparing test utterances
with reference templates constructed at times
corresponding to the specificd intervals. In this
experiment. 14 utterances were used as test inputs
by ten customers each, and five utterances were

5
a4
Cepstrum coeff.
o
= 3
o
19
Q
Q
o
]
2 2+ 1st polynomial coeff.
2nd polynomial coeff.
‘| -
0 1 ] | 1 | 1 1 1 1

1 2 3 a4

6 7 8 9 10

Cepstrum Coeff. Index

Fig. 11 —Interspeaker to intraspeaker distance ratio for the first ten utterances
by five speakers, each extracted from utterance set (1).
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Table 2 AVERAGE VERIFICATION ERROR RATES FOR THREFE
UTTERANCE SETS UNDER THREE DECISION
THRESHOLD CONDITIONS.

Utterance 1 2 3
Set
Customers 10 male 10 female 21 male
and and and and
Impostors 40 male 40 female 55 male
Recording Telephone | Telephone High quality
Condition microphone
A Priori 030% 0.42% 1.03%
Average | Fixed
Error o
A Priori .
0.19% 036% 0.77%
Rates Estimated Y ) Y
A Posteriori 0% 0.06% 0.64%

used to construct each reference template. The
experimental results indicated that verification
accuracy is not affected by time intervals between
training and input utterances of at least six weeks.
It is a futurc problem to test this system on thc

Sample
utterance

I End-point detectionj

ldentity claim

for verification

condition that the time interval is longer than six Corraation cosfficients
weeks. every 16 ms
Some other experiments were also performed { }
. . V-UV decisi
to evaluate this system. Rcsults of an experiment Threshold F::rf:;:;" ecision
indicate that a verification error rate of one retrieval retrieval
percent or less can be oblained, even if the refer-
ence and test uttcrances are subjected to different First order
- o @n . . inverse filter
transmission conditions ®". An on-line cxperiment T
i Y $ : ] b |
using teley hom? speech uttered by ()Q male Fandarmental frequency and
speakers and 60 female spcakers, which was cepstrum coefficients
. . . t h Ll i
performed over a period of six months, also hrough LPC analysis
indicates the effcctiveness of this system. Details !
. . . . . . Statistical features
of this on-line experiment will be presented in
. Mean value
other papers. Standard deviation
Correlation matrix
oyn Fourier coefficients
4 Speaker Recognition by Method 2 T
I Feature selection ]
4.1 Feature Extraction and Recognition o~ 4
Qvariance . N
Procedure matrix ——-l }nghteddlstance l
I

{ Verification | | Identification |

Accept Customer
or reject name

As an improvement upon Method 1, which uses
statistical features of speech spectrum, Method 2
has been investigated. A blockdiagram indicating
the principal operations of the system is shown in
Fig. 12. The difference between Methods 1 and 2 )
lies in the spectral analysis and the statistical Fig. 12—Blockdiagram indicating the principal operation
parameters. of Method 2. '
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In Method 2, the speech wave is sampled at
6.67 kHz rate, and a 30 ms Hamming window is
applied to the digitized speech every 10 ms.
Fundamental frequency and first- to tenth-order
cepstrum coefficients are extracted from each
frame through LPC analysis technique after the
spectral equalization by the Ist order inverse filter.
For the time function of these parameters in the
voiced portion of each word, a set of statistical
features are measured. The statistical features
consist of the features used in Method |, which are
vector g, vector ¢ and matrix A4, and Fourier
cosine expansion coefficients;

S xcos ZU=DI

1
= — 1
Fu N 21 N (I

where x; is the ith spectral paramcter at time
t (1=¢<N), which is a cepstrum coefficient or
fundamental frequency. N is the number of all
the voiced frames. Since Oth order Fourier coeffi-
cients are equal to the elements ol the vector g,
first- to sixth-order Fourier coefficients are calcu-
lated (1=7/=6).

Similar to Method 1, a fixed reduced set, which
is most effective in separating thc population of
customer and impostor sample utterances, is
selected based on the inter-to-intraspeaker vari-
ability ratio for each element calculated over
a population of training utterances. In this method,
60 elements were selected from the elements of
vector ¢, matrix A and Fourier coefficients, and
used as the elements in a feature vector for speaker
recognition, together with all elements for vector g.

Both a priori threshold and a posteriori optimum
threshold were used for the speaker verification
decision. In the former case, the same threshold
is used for all customers.

4.2 Speaker Recognition Experiments
Results

A speaker recognition experiment was perform-
ed under the same conditions as listed in Section
2.7. Training utterances were collected over a ten
months interval, and the time interval between
training and input utterances was three months.
There were 111 impostors and four words were
used for the decision on identification and verifi-
cation. A supplementary experiment was perform-
ed for the case where log area ratios were used
for the spectral analysis instead of LPC cepstrum

SPEAKER RECOGNITION

Table 3 AVERAGE RECOGNITION ERROR RATES
WHEN THE LONG-TERM TRAINING SET
(12 UTTERANCES IN FOUR SESSIONS) 1S
USED AND THE TIME INTERVAL IS SET
AT THREE MONTHS.

Identification ! 0%
LPC- A priori fixed [ 0.10%
e threshold
CEP. Verification
A posteriori 0.02%
threshold
Identification 0.46%
A priori fixed 1.21%
LAR threshold

Verification

A posteriori 0.51%
threshold

coefficients. Average error rate for each condition
is shown in Table 3. These results indicate that
LPC cepstrum coefficients are much more efficient
than log area ratios, and more than 99.9 percent
recognition accuracy can be obtained by Method 2,
which uses statistical features including Fourier
coefticients extracted from the time functions of
LPC cepstrum coeflicients and fundamental
frequency.

4.3 Recognition Experiments
for Telephone Speech

Method 2 was evaluated by telephone speech
recorded through a carbon transmitter and 0.4
mm¢ — 7 dB artificial subscriber line. Customers
and impostors were nine male speakers and 11
male speakers, respectively. A set of training utter-
ances was collected in three sessions at intervals
of six months for each customer. Nine training
utterances were used to construct each reference
template. The time interval between training and
input utterances was six months. Each impostor
uttered cach word three times. Fifty four input
utterances by all the customers were used in the
experiment. A supplementary experiment was
performed using speech samples recorded through
a high quality microphone at the same time as
the telephone speech, in order to compare these
results.

The results of experiments are shown in Table 4.
Error rates in Table 4 are relatively higher than
those in Table 3, since the experimental condition
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Table 4 COMPARISON OF AVERAGE RECOGNITION
ERROR RATES FOR TELEPHONE SPEECH
AND MICROPHONE SPEECH, WHEN
THE LONG-TERM TRAINING SET
(9 UTTERANCES IN THREF SESSIONS)
IS USED AND THE TIME INTERVAL IS
SET AT SIX MONTHS.

Identification 0%
A priori fixed 2.44%
TEL. threshold
Verification -
A posteriori 0.49%
threshold
Identification . 0%
A priori fixed | 7 449
MIC. threshold
Verification ——mMM™————— -~

A posteriori 1.36%
threshold

associated with the former table is severer than for
the latter one. Results in Table 4 indicate that
Method 2 provides almost the same performance
for telephone speech and microphone speech.

Method 2 was also evaluated by an on-line
experiment, which is similar to that performed for
Method 4. The on-line experiment also ascertained
Method 2 effectiveness. Details of this experiment
will be reported in other papcrs.

5 Conclusion

Four kinds of text-dependent speaker recogni-
tion methods, which use statistical or dynamic
features of speech spectra, were evaluated. First,
performance of two basic methods, Method 1
and Method 3, which use statistical features and
dynamic features, respectively, were compared
with each other from the viewpoint of long-term
variability in these features. In this experiment,
spectral equalization was evaluated as a technique
for reducing the long-term variability effects.

Experiment results show that, although Methods
1 and 3 provide almost the same performance,
the former method is better than the latter one,
since the amount of calculation and memory size
necessary for the former method is only about one-
tenth that for the latter one. The experiment by
Method 1, using statistical features, ascertained
the spectral equalization procedure effectivencss
in reducing the amount of decrease in recognition
accuracy with increasing time between training
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and input utterances. Although this procedure is
useful in both short-term training and long-term
training, the effectiveness of this procedure is
especially evident in the case of short-term training.
A high recognition accuracy can be obtained by
Method 1, even for input utterances spoken five
years later, when the spectral equalization is
applied.

It was also clarified that the recognition error
rate can be reduced by half by a4 combination of
the statistical and dynamic features, and that it can
also be reduced by a combination of more than
one word for decision making, both in Mcthods 1
and 3.

Next, Methods 2 and 4, which are improved
upon Methods 1 and 3, respectively, were evaluat-
ed. The results of experiments indicate that these
methods can produce much higher recognition
accuracy than the two basic methods, and both of
them are effective for telephone speech. Although
these two mcthods have not been evaluated by
common speech utterance sets, it sccms that they
provide almost the same performance. Since
Method 2 needs only about one-tenth the amount
of calculation and memory size, Method 2 is better
than Method 4. There remain some additional
comparisons between these two methods which
should be ecxamined by speech samples uttered
by many speakers over a long period and by speech
utterances transmitted over a long distance
telephone network and degraded by noise.
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