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ABSTRACT

In order to investigate the influence of individual
acoustic features in the human process of speaker
identification, the authors propose a new model to predict
the perceptual contribution rate of each acoustic feature.
The perceptual contribution rate is measured by a hearing
test using speech resynthesized by swapping the acoustic
features of natural speech, while its predicted value is
calculated using a model based on differences in the
acoustic features, that is, a cepstral distance representing
spectral information and a difference of the mean
logarithmic voice fundamental frequency representing
information of the voice fundamental frequency. It is
demonstrated that contribution rates can be predicted with
an error of 7.71% in RMS after optimization of the
acoustic features' weighting factors.

1. INTRODUCTION

Achieving variety in synthetic speech quality is one of
the most important reseatch issues in speech synthesis as
well as the improvement of naturalness. Several

previous studies investigated variations due to speaking
style and speaker individuality [1] - [4]. Some of them
have shown that various acoustic features including
spectral characteristics, voice fundamental frequency

contours and segmental durations affect speakef

identification.

For speaker identification of Japanese utterances, a
previous study showed that spectral information is
dominant over prosodic information [4]. However, in
this study all subjects were acquainted with the speakers.
It should be noted that this is not a common condition
for speaker identification. In addition, no quantitative
consideration was given to the amount of difference
among the acoustic features.

In order to quantitatively investigate the influence of
individual acoustic features, we propose a new model that
predicts the contribution rate of each acoustic feature in
the human process of speaker identification. Such a
quantitative model is useful from various viewpoints.

From the viewpoint of speech science, this model can
clarify quantitatively not only how many effects each
acoustic feature has but also its change due to language
and communication factors, for example, whether the
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listener is acquainted with the speaker, whether the
speaker is limited to some candidates, how loud the
speaker speaks and how large the background noise is.
Analyzing these factors will help us understand the
human mechanisms for speaker identification processing.

This model can also be useful in evaluating the selection
of a distance measure for each acoustic feature. If a

distance measure could represent an acoustic feature

adequately, the prediction error based on this model would
be smaller than other cases. Therefore, it might be

possible to find the most substantial distance measure for
each acoustic feature.

All of this knowledge will help establish a speech
synthesis method able to mimic a target speaker. Such a
method might be applicable to speech translation

systems used in conferences with multiple attendants or
speech synthesizers specially tuned to satisfy the

preferences of their listeners.  Acoustic features

contributing largely to speaker identification should be
controlled more precisety than others. )

In this paper, it is shown that the model to predict the
contribution rate of each acoustic feature in the human
process of speaker identification based on the result of a
hearing test using speech resynthesized by swapping
acoustic features, can predict the contribution rates of
spectral, mean logarithmic voice fundamental frequency
and other features with an error of 7.71%.

2. A MODEL TO PREDICT CONTRIBUTION
RATES OF ACOUSTIC FEATURES
IN SPEAKER IDENTIFICATION

2.1. Assumption for the model

In constructing a model able to predict the contribution
rate of each accustic feature in the human process of
speaker identification, the following three assumptions
were used here.

(1) By swapping an acoustic feature of Speaker B with
one of Speaker A, the rate of judgment that
resynthesized speech is closer to Speaker A than to
Speaker B increases and the amount of this increase
does not depend on the condition of other acoustic
features. '

(2) The total acoustic difference between samples spoken
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by two different speakers is equal to the summation
of the acoustic differences in all of the acoustic
features. :

(3) The ratio of acoustic difference of each acoustic
feature is proportional to that of the contribution rate
in a perception test of speaker identification.

Assumption 1 means an independency among the effects
of acoustic features in a hearing test of speaker

identification. Though there may be some interactions
between them, the interactions will be neglected in this
model because they seem to be smaller than the effects of
each single acoustic feature. This assumption is

important to measure the contribution rate by a hearing
test.

Assumption 2 is important in that it allows us to define
a total acoustic difference between two speech samples
based on an objective measurement of each acoustic
feature.

Assumption 3 defines the relationship between perceptual
contribution rates obtained by a hearing test and acoustic
distances obtained through objective measurements. This
assumption needs more careful discussion, because there
is no evidence that the ratio of acoustic difference of each
acoustic feature is proportional to that of the contribution
rate in a perception test of speaker identification, though
there seems to be a strong correlation between them.

Natural speech
spoken by two
different speakers

Therefore, it is possible to use a different assumption
instead of this one, and to make a different model based
on it.

2.2, Procedures for modeling

Figure 1 illustrates the procedures for our modeling. The
most left-hand path indicates the procedure for measuring
contribution rates by a hearing test of speaker
identification using speech resynthesized by swapping
acoustic features of natural speech spoken by two
different speakers; details are given in 2.3. On the other
hand, the most right-side path shows the procedure for
predicting contribution rates based on differences in
acoustic features; details are given in 2.4,

The other procedures shown are for the optimization of
the model, which includes the optimization of the

weighting factor of each acoustic feature, for the

comparison of the distance measure for each acoustic
feature and for the interpretation of the results obtained
by the experiments. The three procedures surrounded
doubly by a dotted line and a solid line are final goals of
this research.

2.3. Measurement of perceptual contribution
rate

In order to measure the perceptual contribution rate of
each acoustic feature, acoustic features were divided into
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Fig. 1 Procedures for modeling the contribution rate of each acoustic feature in speaker identification.
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three categories: spectral information, fundamental
frequency and segmental duration. Eight kinds of speech
which are shown in Fig. 2 were resynthesized by
swapping among these three categories and used in an
A-B-X test, in which subjects judged whether the
synthetic speech was closer to Speaker A or Speaker B.
The number of subjects was nine, and each synthetic
sample was judged four times by each subject. The order
of the reference samples spoken by Speakers A and B was
changed at random.

Under Assumption 1, the contribution rate of each
acoustic feature can be derived from the following three
equations based on the result of a hearing test.

Contribution rate of spectral information

=X {Pa(A,Y,Z)-PAo(B,Y,Z) }/ 4,
Contribution rate of fundamental frequency

=X {Pa(X,A,Z)-Pa(X,B,Z) }/ 4, and
Contribution rate of segmental durations

=2 {Pa(X,Y,A)-Pa(X,Y,B)}/ 4,

where Pa (X, Y, Z) is the probability that the synthetic
speech whose spectrum, mean logarithmic fundamental
frequency and segmental durations are equal to those of
Speaker X, Speaker Y and Speaker Z, respectively, was
judged to be closer to Speaker A than to Speaker B. X,
Y and Z may each be A or B.

2.4. Predictive model for perceptual
contribution

As it is difficult to illustrate the effects of all three
categories, which were swapped in this experiment, the
relationship between acoustic difference and the
perceptual contribution rate of each acoustic feature for
the case in which there are only two acoustic features
affecting speaker identification is shown in Fig. 3. The
total acoustic difference is the summation of the
differences in all of the acoustic features (Assumption 2).
On the other hand, the ratio of perceptual contribution
rates is proportional to that of the amount of difference in
each acoustic feature (Assumption 3).

Pr(B A A) P« (B, B, A)

Pa(A A,

e

i

3

5

o

s

oy

@ -

£ | gt O e

(9]

D

@ P» (B, B, B)

Mean logarithmjc

fung Pa (A, B, B)

amentaj frequenCy

Fig. 2 Speech synthesized by swapping acoustic
features and used in a hearing test of
speaker identification.
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As shown in Fig. 3 (b), the functions to predict the
perceptual contribution rates are too complicated to
enable weighting factors to be optimized by solving
equations; therefore, weighting factor optimization was
performed by an Analysis-by-Synthesis Method.

The selection of a distance measure for each acoustic
feature is an important topic in this research. The
following distance measures were used here.

For spectral information :
Cepstral distance which is a summation of the
square of the first to thirtieth cepstral coefficients.

For voice fundamental frequency contour :
Difference between the mean logarithmic
fundamental frequencies.

For segmental duration :
Ratio of mean mora duration of an utterance to
that of the other. (Mora is a unit of timing in
Japanese.)

Though there are many other distance measure candidates
for each acoustic feature and we knew that the second and
third were insufficient to represent fine differences in the
voice fundamental frequency contour and segmental
durations, we adopted the above measures as the first step
for our quantitative analysis.

(a) Differences in acoustic features

of all acoustic
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features
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Ratio of the effects among acoustic
features will not change.
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Fig. 3 Predictive mode! for contribution rate of
each acoustic feature. (In the case of two
acoustic features.)
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3. EVALUATION OF THE MODEL TO

PREDICT CONTRIBUTION RATES OF

ACOUSTIC FEATURES IN SPEAKER
IDENTIFICATION

3.1. Speech samples for the experiment

The three short sentences spoken by six male speakers in
the ATR Database of Continuous Speech [5] were used
here. One speaker was assigned as the standard speaker,
and three pairs of sentence speech samples spoken by the
standard speaker and five other speakers were used for a
hearing test by swapping each acoustic feature. The total
number of sample pairs was fifieen. All of these speech
samples were labeled by hand, and the information of
segmental durations was used for the modification of
segmental durations.

3.2. Evaluation of prediction error

The result of a preliminary test indicated that the
difference of mean mora duration is not sufficient for
describing all other information than spectral information
and information of the voice fundamental frequency
contour. Therefore, a constant value of 1 was used to
represent the differences in other acoustic features
including the difference in segmental duration of each

Perceptual contribution rates obtained in
a hearing test
i7" Contribution rates predicted by the model

3] Contribution rate of spectral information

Contribution rate of information of voice
fundamental frequency

e e -

CEPSTRAL DISTANCE

0 2 4 (Semitone)

0 0.1 0.2 (Unnamed)
DIFFERENCE OF MEAN LOGARITHMIC
VOICE FUNDAMENTAL FREQUENCY
Fig. 4 Relationship between perceptual
contribution rates obtained in a hearing

test and their predicted values based on
the model.
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phoneme and power.

Figure 4 shows the comparison of contribution rates
obtained by a hearing test, which are indicated by a solid
square, and those predicted by the model based on the
cepstral distance and the difference of the mean

logarithmic fundamental frequency, which are indicated
by a dotted square.

It is obvious that the contribution rates obtained in a
hearing test depend on the ratio between two kinds of
acoustic distances. Therefore, a quantitative analysis is
necessary on the affecting factors along with
consideration of their ratio.

The best values of the weighting factors for cepstral
distance, the difference of the mean logarithmic

fundamental frequency and other features were 0.067,
1.000 and 0.026, respectively. The predictive error in
this case was 7.71 % in RMS, which is precise enough
to analyze the effect of language and other conditions in
speaker identification.

4. CONCLUSIONS

In order to investigate influences due to acoustic features
in the human process of speaker identification, the’
authors have proposed a new model for the prediction of
the perceptual contribution rate of each acoustic feature.

With this model, the predictive error is 7.71% in RMS
after optimization of the weighting factor of each

acoustic feature.

As the weighting factors are good indices of the

mechanism of human speaker identification, this

predictive model is effective in analyzing the mechanism
of speaker identification in different cases. It is also
useful in evaluating distance measure of each acoustic
feature itself based on the degree of fitting. A

comparative study on distance measures has already been
scheduled.
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