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Abstract

In some previous works on the speaker identification [3], we
have underlined and quantified the influence of the context
(enunciation situation, coarticulation) one someone's phonetic
realisations. These results — recognition of 1 out of 20
speakers, with a safety margin over 99%, using from 5 to 7
phonemes — led us to check the reliability of such a process
within the context of automatic speaker recogntion.

Therefore, we have created a sound data base (each of the sixty
speakers pronounced several hundreds sentences) during many
mounth-lasting recordings. Selected speakers were not trained
to do this kind of exercise and had very similar socio-cultural
and age characteristics. There were usual recording condition
(offices, far end corridor, etc.).

After an speaker independant automatic localisation of
phonemes, we drew up statistics on intra and inter-speaker
variability using several spectral shape algorithms. Afterward
we have measured the discrepencies due to the inaccuracies of
the phoneme automatic localisation.

The outcome shows a drop in the distances selective ability in
comparison with the previous tests. A sharp fall mainly due
to the phonemes automatic localisation's randomnessand DB
recording type's uncertainty. Such a fact does not prevent the
use of these techniques on a speaker recognition system given
the passable performances.

1 Introduction

Different kinds of information enable the speaker's
identification. Basically 3 kinds of information are used by
automatic speaker recognition systems : phonetic information
(specific realizations of sounds), prosodic information
(intonation, stress, distribution of silences, etc.),
phonological information (phonemical oppositions, liaisons,
elisions, acoustical uttering of the schwa, etc.).

In an automatic speaker recognition system, someone's
phonological knowledge is hard to achieve. Information is
very variable, resists to practical use and needs many
utterances as well to give evidence to someone's main
characteristics as to identify him.
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As regards speaker's prosodic information, the research works
emphasized on the study of basic frequences variations.
Systems using discriminant parameters independant from the
utterances (average value, maximum velocity variations and
FQ's variation speeds, etc.). However, these parameters need
an important corpus made of specfic utterances as well for the
learning phase as for the recognition phase. Despite the bulk
of information specific to the speaker included in parameters
based on a dynamic fundamental frequence analysis
(comparisons of melodic outlines) [1,9], Systems using this
kind of knowledge are more difficult to achieve. The same
flaws occur as well using this technics as using the previous
ones. These techniques closely related to the syntaxic
structure, the utterance content and the dialogue conditions.
Rosenberg and Lummis [15] underlined the prosodic systems
shakiness face to professionals impersonators, as well as
sensibility to physiological variations of the speeakers.

Moreover, some research works on the importance of the
regional accent in the identification process [11, 13} show that
common characteristics of the speaker othermatch someone's
prosodic characteristics. Research works on speaker's spectral
characteristics as begin by usins long term average spectrums

- (PRUZANSKY 1963). This techniques used one reference per

speaker, made of an averaged spectrum based on an important
learning corpus. This method is free from the utterance —
provied it as enought phonemes for a 10 seconds lasting
message — but yet unrelevant results, what amounts is used
to a fiter peaking out speaker subset.

Vector quantification as openned a new way to independant
utterance systems, by making use of speaker's specific
information transmitted in short terms spectrums. During the
learning stage, a codebook containing prototypes of various
sounds for each speaker (uselly onely vowels are taken into
account) has been shapped. During the recognition stage, we
match up message spectrum to prototypes of each codebook,
minimum distances for each speaker and each spectrum are
added up to enable the recognition. Intra-speaker spectral
variability is taken into account by increasing the codebook
size, whitch enables to get several prototypes for one sound.
Nevertheless the absence of labelling on signals prevents from
taking the most of the articulatory context of a reference
enables the achievement of successful systems with reduced
speakers sets [17] but, despite various inprouvements [8],
requires a demanding learning stage and a several ten seconds
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message. Analytic approach enables an accurate spectral work
of various sounds that fits eventuelly the context.

2 - Results obtained through manual
labelling and the corpus "la bise"

In order to study intra and inter-speaker variability of
spectrums in relations with phonemes, we used a corpus ("la
bise") taken from BDSON made of 50 seconds utterance
labelled manually, pronounced by 22 speakers. Spectrums
have been calculated by a 21 coefficients linear prediction.
Many references for each phoneme are stored and identified by
the phonetic context (left and right) in which they have been
selected.

In order to quantify the intra-speaker variability of phonemes's
spectrums, for each spectrum in a specific context we
calculate the distance from the corresponding reference —
selected in this very context — of the speaker (intra-speaker
discrepancies). On the same way, in order to assess inter-
individual variability we calculate the distance related with
other speakers of the DB. We repeat such a work for each
spectrum characteristic of the phonetic segment of the
utterance.

With these data, using a parameter which maximizes distances
[2,3,11], we have calculating the percentage of good
identification thanks to onely one phoneme, the average
references and the distances from the intra and inter-speaker
mean, the number of occurrences necessary to speaker
identification with a 99,9% safety margin (chart 1). The
references we got characterize the worst case : the use of many
occurrences of same phoneme (redundancy of information), for
each occurrence we considere that the nearest impersonator of
the speaker remains the same, etc. Reference DB contains
41,800 bytes per speaker, compared with a whole of 275
phonetic triplets encountered in the corpus “la bise".

id% v i va m i ma nb p.

Const | 57% 356 | 144 (837 1459 16,96

Occlu 47% | 180 163 {687 |486 [1165

Lig 38% | 174 154 {670 | 498 14,55

Sem- 57% 159 134 675 433 5,86
voy

Voy 50 156 114 1613 ]420 |7.83

All 49% | 205 139 | 666 | 450 | 10,38

Fig 1 : Corpus "labise", manual localisation ; % of good
identifications with only 1 occurence, standard deviation and
average inter et intra-speaker, nb of occurences needs in order to
obtain a 95,5% safety margin.

Results show that the use of this speaker recognition
technique enables the achievement of high level systems
(short learning stage, less than 10 phonemes for an
identification rate exeeding 99,9%, choice of any short
utterance, little calculation requiered to the identification
process, etc.). However to get an automatic process, an other
automatic localisation phase of phonemes independant from
the utterance is requiered, whith influences on a complexity of
the process and results relability.

3 - Automatic phonemes localisation
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The analytic process we have undertaken needs the signal
division in labelled phonemes. Such a process needs to the
carried out independently from the speaker. Thereby we use an
acoustic-phonetic decoding stage which, by taking the
sampled signal has input, outputs a valued hypothesis latice.
Then, an algorithm crosses over from left to right that latice
obtained and relates the proposed phonemic references with the
phonetic decomposition of the message pronounced. All this
is made by the APD (such a phoneme will allways,
sometimes or never be found in such a contexte, such a
phoneme will be taken for another one according to the
contexte, etc.).

3-1APD

APD is based on an accurate representation of knowledge [11].
Phonemes are localized thanks to parameters based on various
spectral energies and on unstable fonctions, we give marks to
solutions by using a wide range of distances and an average
spectral representation of phonemes. The use of the APD
under multi-speaker mode reduces performances (the
assessment of hypothesis becomes less precise and according
to the context, the localisation of some phonemic units
becomes less accurate). Especially some vowels won't be
selected.

These rules sum up the whole of APD constraints :

- some phonemes are optionals, the schwa for instance,

- each phoneme starting or ending a file is optional,

- inter-consonantic vowels are compulsory if left and right
phonemes are not optionals,

- an open vowel not located at both end of the message is
compulsory,

- if one vowel comes after an other, the most open one will
become compulsory, the other one optional,

- a fricative placed in the middle of the message and not
surrounded by occlusive or liquid phonemes is
compulsory,

- if one consonant comes after an other, the closest one is
compulsory, the other oprional.

3 - 2 The research path

The rules described at 3-1 lead to an important number of
phonemes that may not appear : over a total of 27000
possible theoric triplets, 16000 ones may lack, whithout
breaking APD's rules.

The main problems concist in reducing this research distance
whithout discarding the right solution whith a hight degree of
accuracy. Theses ones must contain all the compulsory
phonemes, the maximum of optional phonemes and have a
right temporal relation with the signal. The phonemic
sequence have to contain all the certified vowel areas of the
latice. A certified vowel area is a part of the latice with a
hight vowel density, enough duration and highly rated by the
APD [11].

The program scans all the possibilities by a backtracking

process, and set apart of an optimal way the phonetic sequence
units corresponding to the uttered message.
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At every level you can make cuts in the research tree :

- we set aside a certified vowel area,

- the score is lower than the best score obtained at this level
(near a n% estimate in the tests "n" equals 5%),

- the number of passages in the backtracking loop is
superior to n — n equals 100 000 — (cut on spent time) :
the program is over,

- when the sentence is finished, check the cover of every
certified vowel area (missing area after the solution
sequence),

- also at the end of the sentence, there is an opportunity of
cutting the number of results (selection of the 200 first
solutions).

The relation between a "p" phoneme and the latice amounts to
the reset of 1 out 4 following rules :

- 1 : we investigate the latice in order to find the first
phonemic unit (related to p) whose basic frame comes after
the last encountered one,

- 2:we seek a second unit ( also related to p) standing after
case n°l, .

- 3 : we pick up a similar phonemic unit (same articulation
mode, same acoustic tracks, etc.),

- 4 : if not the case, we check if we can do whithout the
phoneme (optional phoneme).

Only cases 1 to 3 add a reference to the obtained sequence. In
the case number 3, the program stores the obtained unit by
mentioning that it hides a p unit.

3 -3 Emor ahalysis

We used this process in order to localize a phoneme of a DB
having all kind of sentences (interrogatives, imperative mood,
etc.). On an overall of 5520 sentences,the system refused
7,48%. Three reject types have been identified :

- along vowel sequence has been split off by the APD (a
consonant may be introduced between 2 vowels). This
involves a false "certified vowel area” which can not be
covered by a vowel of the sentence (a 25% discard),

- a compulsory phoneme was not detected by the APD, or
has not been pronounced by the speaker (45% of the
events),

- Whether a phoneme has been cut off during the acquisition
stage, whether a noise is taken for a phoneme (20% of
cases).

The last 10% are due to localisation process mistakes (cutting
in the research range what delete the right solution, bad
assessment of the value of a proposition, etc.).

4 - The automatic speaker recognition
system

Once the phonemes are localised, we measure the distance
between the phonemes's spectral representation and speaker's
references previously stored. If the reference related to the left
and to the right context does not exist, we pick up the
reference related to this phoneme in a neutral context (the
nearest of regular prototypes used by the APD). If the system
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did not store any phoneme reference for a speaker, the rate
given to it will be the average of all other speaker's rate.

On the figures we slide along a window of parametrable width
and for each window we assess the marks given to the
speakers by calculating the average distances. This rate is
weighten by the width of the window (made of vowels, stable
contexts, etc.). With such an information, a certain number of
poorly. rated speakers are removed. This removal threshold
may either be determined to a certain number of speakers for
each window, or be given in terms of difference. The total
average of windows gives the rate of speaker among the whole
file.

5 - DB composition

In order to test our speaker recognition system in real
conditions, we had to achieve a large test battery. In this
connexion, we have gathered 61 "unskilled” speakers. We
have used corpora extracted from BDSON — PEQ corpus
made of 50 well phonetically balanced sentences and NAS
corpus made of 44 sentences of any kind. The first corpus was
used to the learning stage of the system, the second one to the
tests achievement. Sentences were automatically proposed to
the speaker, using an acquisition program working on a PC.
Recordings have been achieved in a rather noisy corridor using
a noise reduction microphone and a card OROS AU21.
Patterns have been taken on with a 16,000 Hertz acquisition
frequence and a 16 bits precision. Acquisition has not been
certified, especially some noise remains at the beginning and
at the end of the file. The whole leaming stage contains 3135
files. The test number rises to 2385.

6 - Tests and results

From all the phonemes of the whole test, we have calculated
the percentage of right identification rate using only one
occurence of one phoneme, standard deviation and the intra and
inter-speaker average.

id% vi va m i ma
Const 5% 219 227 617 588
Occlu 6% 157 164 545 500

Lig 4% 170 173 614 588
Sem- 8% 169 172 620 570
voy

Voy 11% 1127 1137 563 |490
All 9% 152 162 567 512

Fig 2: Corpus "nas" with 61 speaker and automatic localisation of
phonemes; % of good identifications with one occurence,
standard deviation and average inter and intra-speaker.

Results, showed in chart number 2, show a deep fall in the
identification rate. The discrepency between intra and inter-
speaker averages remain the same but variations widen and get
mix up. Chart number 3 embodies these manuel and
automatic localisation tests.
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Fig 3: Intra and inter-speaker variations for automatic and manual
localisation.

On chart number 4, we show the identification results
classified according to the windows size and the reject rate.

W size 1 3 5

reject 0 60% 0% 59,5%
reject 5% 69% 80,5% | 68,5%
reject 10% 59% 62% 56,5%
W by file. 8 6 4

Fig 4 : identification results classified according to the windows
size and the reject rate, average number of windows by file.

7 - Conclusion

Virtually, except localisation mistakes, at least you need 10
phoneticals units to file the speakers of a DB, getting a
99,9% success rate, especially when the phonemic context is
taken into account. With a same DB reference, a system
having a phoneme and its context contains many advantages
compare to the QV techniques. Results are not disturbed by
the number of stored references (only one comparison for each
phonetic segment and for each speaker, whatever the reference
number, while there are as many comparison as stored
rferences in the QV system). Spectrals distances may take the
most of the phoneme knowledge and also of its context.

To localize automatically the elements to be analized is quite
bard to achieve. The suggested solution enables a quite good
working order system although it involves disturbances in the
results. We bave to improve this phase, and there are
solutions whitch reduce the discard of right solutions. And it
is posssible to remove many solutions containing one or two
inaccuracies by playing on APD rules and hypothesis
valuation.

We think that such a technique resists to noise disturbances.
At present, we are testing this system on the long term and
during many acquisition sessions to assess the influence of
ageing process and the speaker's physiologicals variations.
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