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ABSTRACT

We describe the investigation to find more
reliable way to recognize speakers in the field. As
primary features we use instant formants
frequencies (for frames, where formants exist) and
average for utterance pitch. In comparing two
utterances modified nearest neighbour distance is
used. It is discovered that 1ms inter-frame shift
gives some noticeable advantage in recognition
score, For verification task (30 speakers*6times
during 4months) this algorithm showed 2-6% of
errors in noisy environment.

INTRODUCTION

The potential for application of speaker
recognition systems exists any time speakers are
unknown and their identities are important. For
example - voice key, law enforcement, limited
access to phone information etc. Our point of view
about the problems in the field of automatic
speaker recognition is the same with that of
L.Rabiner [7]: "Various technical solutions have
been proposed for these problems; however, there
is no perfect solution which provides a robust
system with high performance in the field". This
situation necessitates the reason to look for
new approaches. '

There are many techniques in this area of
speech technology: several systems have thus
been proposed based on HMM [9-11], nearest
neighbor and VQ modeling - [3-6], Gaussian and
similar statistic speaker modeling [1,2], utterance
modeling [8] and s.o.

Our approach is in the direction of the

- usage of nearest neighbor (NN) distance for

samples of feature points - characteristic points
sets of speaker’s utterances. For majority of
systems input signal is primary conveyed by the
short-time spectrum. There are a vardety of
methods for parameterizing of  short-term
spectrum. Now the most popular characterization
of choice are mel-warped cepstra. We think it
is not the best type of description for speaker
recognition; because the weight of HF-range from
point of view of speech generation individuality is

EUROSPEECH ’95, Madrid, Spain, September 1995

nearly the same (if not higher!) as the weight of
LF range. Mel-scale” supposes yet the more
importance of LF spectral range for following
processing, but formants have nearly linear
distribution along the frequency scale. And
secondly cepstra are not the best choice for noisy
and corrupted speech [12].

As .primary features we use the formants
frequencies and average pitch for all given

utterance. For formants and pitch extraction we’

use original, noise-stable algorithms. Cooperative
metric (pitch and 3, 4 and 5 formants vector-
points) has some coefficients experimentally
found.- )

In nearest NN measure we use not average
but individual normalization by the measure of
the spread of utterances in the features space.

We do not use VQ technique.

METHOD

We calculate the formants frequencies for
sufficient loud frames. If the formants structure is
clear and sufficient standard we put this formant
vector to the sample of characteristic vector-
points for .this utterance. The vector-point for
given frame can have 3, 4 or 5 formants.

Sequence of operations had following steps
(see Fig.1): :

1. Sampling of input speech signal at
10000Hz and removal of frames with the
-amplitude less then given adaptive threshold.

2. Weighting by Hamming window and
256-points FFT power spectrum calculation.

3. Multiplying of power spectrum by
adapted linear function to equalize the average
spectral envelope. :

4. Spectrum filtering by two  Hann-
window-based FIR filters for 20 and 64 points.
Second filtering is performed  after the first

filtering and 4-times decreasing of the number of.

spectral points. »
5. Subtraction of the second filtered
spectrum (trend) from the  first filtered spectrum.
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Change of subtraction to the dividing did not give
us noticeable advantages.

6 . Search of rested spectrum maxima. If
they have sufficient high relatively neighbour
minima and are close to logically possible formant
posilions - they are believed to be formants.
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Fig.1. Calculated spectra: 1 - instantaneous
power spectrum with the rise of HF (p.3
above); 2 - smoothed spectrum by 20-points
FIR filter; 3 - smoothed spectrum by 64-points
FIR filter (p.4); 4 - result of subtraction of 3
from 2 (p.5).

For every ulterance we find out the
average pitch. It is used pilch detection
algorithm autocorrelative at first and peak-
picking then.

The totality of all formant vector-points
form  for the given speaker his (or her)
characteristic points set - (CPS) for 3, 4 and §
formants in the vector-points.

Let #4, is the formants-vector of test
utterance and U -is the correspondent CPS of {

i), i=1,..M for given number of formants. Let.

r is the formmants-vector of reference ullerance

{ rj)t

3

and R -is the comrespondent CPS . of

j=1,..K. The distance between scparate frames
is equal Euclidean one. Only vectors with equal
numbers of formant were compared. The NN
method is to measure the distance between
feature vector-point U, and the vector point in the

sample R closest to 1, 1,"s nearcst neighbor:
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dyy (u, R) = minfu, - r |

reR
ryy () = argmin|u, - r |
reR
 auR- symmetric  distance  between

utterances is in modified form:
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The last two terms afler sum are micasures
of spread of utterances for point ¥, and 7

respectively and are present so that utterances

" with large variances are not unduly penalized.

If difference in brackets is negative then it is
changed to the zero (it corresponds to the
sitvation when in the new CPS exists an
element which is closer to current veclor-point
then the closest element in its starting SPC).
au R distance is calculated for 3, 4 and §
formants in vector-point separately. Cooperative
distance is weighted sum of these local distances
with normalization to the numbers of 3, 4 and §
formants respectively for U and R CPS,

Let f3, fi, f5 (in Herz) are corresponding
ouR- distances for CPS with 3, 4 and 5
fonmants respectively and  f3y, {43, fs; - are
corresponding xRy -distances. Let ds, di, ds, day,
d4y, ds; are numbers of frames with 3,4 and §

formants in U and R CPS. Then M total
measure of closeness for U and R CPS is.
equal:

*dg*fa+cy*dq*fqtes*ds iy
dg+dytds
JLatdgtigiteqtdgt iyt estdst iy

dgi+dg+ds

Me23 +

where c3, ¢4, C5 - are empirical constants,
which are showing the contribution of SPC
with diffcrent number of formants.

If Mis less then given threshold then the
decision about the speakers identity is accepted.

For the inter-frame shift of 7.4 msec
optimal values of coefficients are following:
¢3=0.12, cq=1, ¢5=0.42; optimal threshold is equal
59.  The values of coelficients shows that for
identity decision the SPC with 4 and 5 formants
in vector-points are more important.-

342



All coefficients and general threshold -are
calculated a posteriori for our speech/speaker
database. The trial to compare the points with
different number of formants did not us give
significant improvements in performance.

DATABASE AND RESULTS

This approach is the same for speaker -
dependent and speaker independent modes of
identity detection. It has in background the idea
that  characteristic features points are rather
strong individual and stable. We checked - this
for the more difficult for such a method task of
verification with the same short sentence for all
speakers.

We used our own speech database. 30
speakers (20 men and 10 women) said the same

- phrase 6 times during different days by 4 months
between first and last attempts. The sentence was
phonetically-balanced and had average duration 4-
5 sec.

High-quality microphone in the hand of
speaker was used in rather noisy usual office big
room. Sampling rate was 10KHz with antialiasing
filter 4.6KHz, 75 dB/oct and 12-bit linear ADC.

256-points frames for which of them formants
frequencies are detected. Base algorithm has by
inter-frame shift of 7.4 msec for our database 5%
of spoaker verification crrors of both types by a
posterioni threshold detection. Main number of
wrong acceptance mistakes took only 5 pairs of
speakers from all possible 30*29=870 pairs. The
same speakers pairs were more often mixed by
numerous on-line attempts to recognize them than
other speakers pairs by the same fixed phrase
saying. Using the another fixed sentence: phrase
saturated by fricatives instead of phonetically
balanced phrase eliminated verification errors for
these speakers pairs.

Using small inter-frame shift (1 msec)
gives us not more than 3% of verification
mistakes of both types for the same our speakers
database. We think that the reason of this fact is
connected to instability of formants appearance in
short analysis frames. There are many factors to
partially prevent from the display of spectral peaks
on the frequencics of the very and only places of
the acoustical resonances of the speaker's vocal
tract. Between them should be mentioned in the
first instance partial opening of duct into nasal
cavity (relaxation of the soft palate) and influence
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“_Eput signal is divided into ovcrlappingv

of subglottic cavities dunng open vocal folds

phase. Giving small time-shift for analysis frames
we have a chance to find out the frames with
minimal influence of rather fast time-variable
factors of spectral distortions. Distribution of
erroneous “formants” has probably more or less
arbitrary character. We suppose that the same
situation is for any type of spectral features
description, e.g. for cepstral one.

Using of average for utterance pitch value
with empirically determined its weight in total
with spectral information  Euclidean distance
between utterances decreased the verification
errors  from 5% to 3% for 7.4 msec inter-frame
shift and from 3% to 2% for 1 ~ msec one.
Nevertheless these variants of the.method. are
rather complex for on-line realization.

Noticeable tise of verification reliability
besides additional features (pitch, spectral
correlation eic.) gives using of many reference
speaker's utterances for different days or for
different emotional states. We used a following
original approach: we propose for every speaker
during first reference record in first to say the
sentence in normal voice, then in "frightened”
voice, then in "threatening” voice and again in
normal voice. We process and remember only
sentences at "mormal" pronunciation. This method
of receiving of 3 templates rises the reliability of
base algorithm from 95% to 97%.

CONCLUSION

This work showed that quite roughly
detected formant frequencies are really rather
individual and noise-proof features and may be
effectively used for speakers recognition. Most
perspective ways for future development of the
existing method to our opinion are input of
specific weights for different
Euclidean distance, using of pitch and some
additional spectral-correlative features in the base
algorithm, pass to formants tracks from formant
instant values.

formants in
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