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.obtaining speech samples and for the adequate

SUMMARY

This paper is the final report orTt the Speaker Veri-

" fication: Research Project to investigate the feasibility of

performing automatic speaker verification using parameters
genarated or derived from & vocoder system that is based on

the ten-~pole linear prediction model of speech. The project
wa s undertaken through Supply and Services Canada Contract
Neo . 218T.26001-3-3038 for the Space Systems Directorate,

Communications Research Centre (CRC), Department of
Communications. '

The proiect was contracted through Mr. Erian Bryden of
the CRC, who was recently involved in the development of a
real-time digital vocoder that produces speech output of
sufficiently high quality to make it attractive as a general
purpose narrow band cemmunications device. The speaker
verification research was intended to be an initial study to
detarmina the faasibility of incorporating an automatic
verification routine into the vocoder system, making use of
values generated by the encoding parameters ~as they are
transmitted by the system. A speaker recognition procedure
developed in an earlier proiect at the Centrae for Speech
Technoelogy Research was modified to operate in conjunection
with the vocoder

The results of the preliminary study indicate that,
when using & preprocessing phase that isolates components of
the signal according to general phonetic classes, sufficient
information about the speaker can be determined from the
gncoding parameters to make the development of 2
verification system possible. Various 'strategies. for
manipulation

of statistical comparisons are discussed.
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1. INTRORDUCTION

The success of automatic speaker recognition systemns
desighed to ba used with communications channels has been
hampered by two yeneral sources of error. Primarily, signal
interferences in the message path, which cause linear and
non-linear distortion, have been shown to mask the speaker-

discriminating characteristics ot the signal S0 that
successiul procedures developed in the laboratory can not be
replicated in the field. This has been compounded by the
second source of error, intra-speaker differences in the
speech samples used for recognition. These differences tend
to interfere with the task of extracting acoustic parameters
from the signal that describe the distinctive

characteristics of individual speakers.

The Communications Research Centre in Ottawa has
recaently completed the development of & new vocoder system
for digital transmission of speech in real time, using naw
signal processing technology to provide a low cost digital
communications system. For automatic speaker recognition,
the use of voroders alleviates the majority of problems
associated with signal interference generated by the message
path. Because vocoders involve the digital transmissioen of
an encoded signal (followed by decoding upon receipt’ any
distortion that occurs is & result of the enceding function¢
and any transmission errors that de occur can be detectad
and/or corrected by standard digital technigues (parity,
error detecting and correcting codes?.

The obiect of this research is to find solutions to the
problem of intra-speaker differences between speech samples,
in order to develop a recognition system that will operate
in connection with the nawly daeveloped voecoder system.
Lrrors produced by this source of interference stem from the
kinds of information in the signal that are focused upon
during the analysis phase, during whieh parameters - for
speaker recognition are extracted. A high amount of
variability in the speech signal produced by an individual
can be attributed to natural phonetic processas that are
mistakenly analyzed as being speaker-specific, Improvement
of the parametler extraction phase would therefore contribute
to improvement of the overall task, both in the laboratory
and in the field.

To achieve the goal of improved parameter extraction,
the Centre for Speech Technology Research in Vieteria, B.C.
has been inveolvad in research to devalop procedures that
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automatically isolate phonetic events containing =& high
"degree . of speaker-specific information for recognition
purposes, and that manipulate these events to reduce the
‘influence of intra-speaker differences between speech
saemples used as test and reference data. Recently, work has
been continued under contract with the Department of
Communications, in an effort to develop a functional
automatic speaker verification® procedure toe be used in
connection with the mnew vocoder system. This paper
addresses fthe underlying theoretical issues that are
involved with the research, describes the results obtained
from the preliminary investigation, and comments on the
expected success and applications of the proposed system.

% Speaker recognition is generally divided into two kinds
of tasks: verification and . ldentification.
Verification, ~or authentication, involves the task of
determining whether or net a speaker is if fact who he
claims to be. A sample wutterance produced by the
speaker is compared with a file of accumulated reference
data belonging to the person of claimed identity, and a
binary. decision of acceptan&e or rejection is made.
This contracts with speaker identification, in which an
unknown sample of speech is compared with reference data

of a (possibly large? group of known speakers, the
possibility existing that the unknown speaker is not
represented in the reference data. At some level of
analysis, both tasks require that a decision be made
about whether the sample data and the reference data are
closaly enough mateched to constitute an accaptance.
FErrors of false acceptance of a speaker, versus errors

of false rejection are determined by this measura.



o3

Page

2. THEORETICAL BACKGROUND

™
—

Sources of Intra-speaker Variabhility

Acoustic signals genaerated by the speech event are

composed of a complex orchestration of ;nfo;mation.
Information about the linguistic message, the dialect, age,
SeX and respiratory health of the speaker are all

transmitted simultaneously, and integrated with these are
indicators of the speakear's intent and emotional state.
Also, and of particular importance here, the speaech event
produces acoustic indicators of individual speach
characteristics which, for our. purposes, are defined as
acoustiec manifestations of anatomical aspects such as the
size ©f the resonating cavities, or habitual aspects such as
tendencies to produce certain phonation types and the timing
of articulatory movements. )

in theory, a number of these anatomical or _habitual
characteristics are ezpected to influence the signal in such
a way as to provide information that is unique to any one
speaker. However, the highly dynamic properties of the
signal that are caused by differences in the linguistic
message, together with the transient aspects of mood, intent
ete., produce variations in the speach signal that are
difficult to control while concentrating on those aspects
that we esgpect to be unigue. ‘

In processing the signal, the human listener appears to
be capable of focusing on one of the above kinds of

information while ignoring, or at least accommodating, the
other kinds. The isolation of information about the speaker
would then be periormed on the basis o.f the listenser’s
‘knowledge about “the .language, regional and social

indicators, and how for example, the speaker's mood might
influence the guality of the signal. In using this prior
kFnowledge, the listener also appears to be capable of
shifting from one set of auditory parameters to ancother in
order to effect recoygnition. However, while a large sourcea
of prior knowledge is not available to the the automatic
system, it is also not limited by thes effects of short-tarm

memoery. It is the limitations of short-term memory that
have been cited [11 as the reason why automatic spaeaker
recognition experiments conducted under laboratory,
conditions have produced more successiul results than

parallel auditory tasks
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Because of the dynamic properties of speech, the
capability of an automatic recognition system to selectively
shift from one set of parameters to another according to
other information about the signal‘is therefore expected to
improve the system's performance. Segmentation of the
signal on the basis of the occurrence of phonetic events may
be of interest for this purpose, but their selection is not
a simple task.

For wgample, it has been found in our earlier research

L£2,31 that the effects of coarticulation (the articulatory

influence of one phonetic segment upon another) are a major
influence on the acoustic quality of speech segments that
may be used for recognifion, even when these segments are

well separated by other segments. To compound this, a.

slight change in the dynamic content of the utterance, guch
a5 a. difference in speach rate or sentence stress, will
alter the coarticulation characteristics in two otherwise
itdentical utterances. In speaker recognition experiments,
coarticulation effects have bean observed in contaxt-
dependent tasks (the same series of words repeated to
presumably produce a similar acoustic pattern) as well as
for context-independant tasks, although the influences of
the phonetic environment are reduced in the former.

2.2 Belection of Parameters

The principal task of speaker recognition research,
then, is to develop a2 set of parameters that account for
such intra~speaker variability. Ef fects such as those
described above must be controlled to avoid the acceptance
of information that is no t consistently unique to the
speaker, but care mus t be taken that the elimination of
certain elements of speech does not lead to the elimination
of useful information about the speaker. The division of
the signal into categeories according to general acoustie
characteristices is seen a4s 2 means of reducing vafiability
that is related to the linquistic componant, so that these
categories can be examined for  habitual and anatomical
influences that are thought to be distinctively

‘representative of the speaker.
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2.3 Long-Term Paramaters

In the search for useful parameters, several  attempts
have been made to make use of parameters in the signal that
are not greatly influenced by modifications in the
linguistic message. It has been theorized that the
averaging of information over the durationmn of an utterance
“would smooth the effects of linguistie variation, so that

individual characteristics are more accessible. For
axample, the mearn and range of the fundamental frequency
(F0) have been used effectively in the laboratory, £d4,%,481
as have accunulated values derived from LPC such as

reflection coefficients [4,4,71] and cepstrum coefficients
£4,8,91, and other precesseas such as the long-term power
spectraom [10,111 &and even zero-crossings £121. However,
parameters gathered in this manner appear to be susceptible
to shifts in speech patterns that occur over a period of
time, perhaps brought about by changes in vocal tract
settings or phonation type [31. These kinds of parameters
may therefore be more representative of the transient
aspects gspoken of earlier, such as changes in emotional
state, than the kind of information that is anatomically or
habitually based and unique to a speaker. '

2.4 Phonetically-Based Approaches

An earlier approach-to speaker recognition, and one

that has recently been revisited (egg. £i381), involves the
location of phonetic segments within an utterance, and an
examination of the segments for speaker-specific
information. The theory of this phonetically-based approach

is that the acoustic manifestation of the phonetic unit will
reflect the manner in which the speaker habitually produces
the segment, - at least within the context of a previoﬁsly
Tspecified utterance. For a speaker verification task™ iIn
whiech the speaker's eviromment is strictly controelled, such
an approach has baen highly successful f141 as long as
sevaeral -tests are rumn in parallel, and the reference samples
are updated regularly to account ffor changes in Vvoice
quality over time . However, if there is ne control of the
context, as is usually the case for speaker identification

for forensic purposes, and which is often desired in less
strictly controlled situations involving speaker
verification, .the acoustic qualities of a single phonetic

unit are far too variable to be of use.
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Research in the phonetically~based approach has shown
that certain phonetic segments are more constistent in
providing speaker-specific information than others L1571,
Phonetic units such as [nl, [ml, Lul, [81 and [i]l] were found
to outrank other units in Fisher discriminant analysis
tests, indicating that the production of these events
reflects more information about the anatemy of the subjeatlt's

speech mechanism than do other avents. However, for these.

units to be  useful, a means of contrelling the acoustical
effects of coartieculation must be developed.

2.5 Phonetic Classes

In an attempt to control coarticulation while
concentrating upon phonetic units, the current research has
incorporated a preliminary stage of analysis in which the

speech signal is categorized into a sertes of phonetic
classes, each class being characterized by its  broad
acoustiecal qualities., =~ A phonetic class is defined as a

class of acoustical evants that are the ‘result of a
particular set of articulatory and phonatory gestures, and
are not necessarily related to the phonemic intent of the

gestures. Acoustic events thus isolated are accumulated
over the duration of a speech sample and, with othar
similarly accumulated events belonging to different phonetic
classes, are used to describe an acoustic prefile of the
speaker. .

As an ekample of & phonetic class, a nasal murmur {&s an
acoustical event that  occurs when the majority of the
pulmonary energy is deflected through the nasal cavity

during voicing. Generally this is the principal acoustic
indicator of a nasal phoneme, but the event is often masked
by the predominance of oral energy. If this occurs, other
acoustic indicators of the nasal phoneme will remain, such
as the amount of nasalization in the vowe I and the
transitional effects of tongue body movement to a target in
the oral cavity. Oon the other hand, & nasal murmur ca&an
occur during any articulatien that involves increased oral
impedance when the velar port is relaxzed or openﬂ Thus a

voiced stop consonant or & resonant such as L[wl may create
sufficient impedence in the oral cavity to give rise to a
nasal murmur. ’

The separation of the speech signal into acoustic

classes is therefore not directly related to the.
phonetically-~based appreoach described above. However , the
new approach avoids the difficulties that arise from

attempts to derive paramaters from the signal without
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accounting for the different kinds of acoustic events within
the utterance, Because the categorization of the signal
into classes according to broad acoustic patterns avoids the
comparison of highly dissimilar acoustic events, a large
proportion of the variability within the signal is
controlled.

The &ccumulation of a series of events belonging to a
common phonetic class appears to reduce the effects of
coartienlation when the appropriate statistical procedures.
are applied to determine their predominant parametric
values. The expected result is that information in the
acoustic signal that reflects the less variable habituzal or
anatomical characteristics of the speaker are enhanced while
the highly variable influences of «coarticulation are
reduced.

2.6 Phonetic Classes SBelected

Three classes of phonetic events have been focused upon
in the theoretical stages 0f the research: nasal murmursg,
high front vowels, and high back vowels. As was mentioned
earlier, research in the phonetically-based approaches has
indicated that phonetic units belonging to these classes
contain a higherjprcportion of speaker-specific information

than other phonetic units. Also, these events may bhe more
descriptive of the physioclogical characteristiaes of the
crgans of speech than other articulatory gestures. The
nasal MUrmurs reflect information about the resorant

characteristics of the nasal cavity, which is s relatively
fixed body, and the two categories of high front and high
back vowels represent positions of -extreme oral
articulation. Thus the accumulation of acoustic.
descriptions of these events as they occur in an utterance
will not only reduce the effects of coarticulation, but will
also provide an acoustic profile that is more specific than
one  that results from the accumulation of acoustic
information from an unsegmented signal.
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3. TECHNICAL APPRQOACH

3.1 Results of Previous Vork

In our earlier research in speaker recognition, the
class of mnasal muUrmurs was selected for examination to
determine the feasibility of the procedure. An 3sutomatic
procedure for locating the nasal murmurs was developed on a
small computer, us ing parameters derived from _ energy
caleoulations and profiles taken from the power spectra. A

data base of 880 short sentences containing nasal murmurs in
a range of phonetic environments produced by 10 subjects was
used to develop the phonetiec class extraction routine, and

‘the content-independent data of 50 subiects were used in a

closed-set identification experiment. Twenty higher order
cepstrun coefficiaents were derived from the extracted datsa,
these - parameters yielding 100% accuracy when a 'pooled
covariance matching procedure was employved. A minimum of
fifty 20 ms. frames of nasal data for each subject's
covariance matrig was used,

These high success rates appear to have been influenced
by the fact that the test and reference samples waere
recorded on the same day. We were encouraged, however, with
the results of closed-set experiments involving test samples
taken 17 months latar from groups of ten and five subjects.
The success ratas of 70% and 85% respectively were achieved,
which is better than . other reported results in which
extensive periods of time have elapsed between the
collwction of test and reference samples.

3.2 Current Approach

The purpose of the current research project has been to
determine whether speach that has been encoded using the
vocoder system developed at the Communications Research
Centre contains sufficient speaker-specific information to
allow automatic speaker verification. In order to do this,
the recognition model involving the classification of
phonetic events was wmodified to operate on speech that has
been processed through the encoding stage of the vocoder.
Fecause of the preliminary aspects of the work, the phonetic,
class of nasal murmurs was again examined, facilitating the
rapid comparigson of results with the earlier work. Also,
the concern has been expressed that awn all-pole model of LPC
would mask the nasal sagments because of the presence of
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Zeros (anti~-resonances) during these events. It is
therpfore expected that, if this class of eavents can be
automatically esgtracted and used for verification, there
will be Iittle difficulty in achieving success with other
classes .

5.8 Isolating the Class of Nasal Murmurs

The 880-sentence data base of the ten subjects -used
previously was re—-sampled and analysis files were created,

using the parameters taken from the modified vocoder
routines. - The saegment extraction routine that was
subsequantly developed proved to be more accurate in
isolating nasal gvents than the one used in the previous
research. This success has also given a strong indication

that the other phonetic classes of interest, these being
high front vowels and high back vowels, can be identified
with relative sase using strategies developed for extracting
the nasal murmurs.

Parameters available through the encoding stage of the

vocoder include 10 reflection cosfficients (K's), the
restdual energy and the fundamental frequency (including the
voiced/voiceless decision). Values for these parameters are

computedvat intervals of 20.4 ms from & signal that has Dbeen
digitized at approximately 8X samples per second.

It was found that the reflection coefficients are too
speaker-dependent to be useful for extracting the segments.
An initial attempt that relied on the autocorrelation (or
filter) coefficientis (A's) was more promising, but further
examination revealed that these coefficients were influenced
by the shape of the wavefeorm, such that phonation types that
involved harsh or creaky voice failed to produce values that
were within tolerances assigned to nasal murmurs produced

with modal voice. As harsh or creaky voice may be habitual,
Oor TMmay be the result of 2 respiratory disorder or smoking,

other parameters that wera independent of laryngeal
characteristics had to be determined. :

The frequency of the resonant peaks (formants), derived
from the filter coefficients by means of a peak-~picking
routine operating on the filter response curve, proved to be
sufficiently speaker-independent to be used for identifying
many aspects of the nasals, as long as variability. . was
allowed for a formant peak in the 800 to 1900 Mz range. The-
bandwidths and the relative magnitudes of the formants were
not as useful as the formant frequencies for identifying the
nasals, as they were easily influenced by -the vocalic
environment. ‘
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"The nasal murmur extraction routine takes the following
“values from parameters that are either available in or
derived from each frame of encoded data produced Dby the
vocoder:

a). voicing oceurs (pitch value reported’;

b} zerfo-crossing (0x) count set at maximum of 13 per
frame;*

¢) normalized residual energy value (RMSN) sét at a
maximum of 0.8;

dy filter coefficient AZ set at a value of less than
-0.%2;

e) a formant peak occurs below 375 Hz and a peak does
net occcur between 37% Hz and 800 Hz;

£) one or two peaks occur in the 1900-2800 Hz region and
no more than one peak occurs between 800 and 1900 Haz;
and

g) all peaks in the i%900-2800 Hz region are saparated by
more than 400 Hz and any peak in that range is
separxted from peaks outside that range by more than
700 Hz.

Each parameter was saelected on  the basis of its
computational simplicity and its power to eliminate
non-nasal events. As can be seen in the decision logic
presented in Table 1, the order of access to each parameter
is determined by the level of computational complexity
required to eliminate the frame. The individual parameters
each contribute in the following manners:

* The number of zero crossingé per frame is not one of the
parameters that is transmitted by the vocoder, although
it is ecalculated to allow voice/voiceless decisions in
the piteh extraction routine. Because the narrow band-
width used for transmission of the encoded data is no t
pxpected to support the extra f[our bits that weould be
required for 0z, it Is expected that this parameter can
be calculated from the decoded signal. The comparison
of a number of samples of original and synthesized data
revealed that, in the frames in which this parameter is
required to distinguish the nasals, the 0x values in the
synthesized frames are not significantly different from
those in the original sample. ’
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~ The use of a maximum 0x value provides an inegpensive
means of eliminating signals with dominant high
frequency energy, avoiding the need to compute the
spectrum for all voiced frames.

- Because RMSM (with & masimum possible value of 1.0
indicates the ratio of the excitation energy to the
total signal energy, it is being used experimentally asg
a means of avoiding the false capture of signals in
which voicing is very weak or absent. '

- Although the filter coefficients were found to be
influenced by ' laryngeal characteristics, it was also
found that the single filter coefficient A2 reliably
exhibited a value above ~0.2 during the occurrence of
most vowels . As this parameter inveoelves a simple
derivation from the K's, the expense of computing the
spectrum for all voiced frames that meet the above
criteria is aveoided. The parameter's value may reflect
the sharpness of amplitude fluxations in the waveform,
as mnasals generally exhibit a smooth shape and most
vowels contain more rapid shifts in amplitudé over time.

-~ Categories e, f and g above provide general spectral
characteristics that are descriptive of nasal murmurs

but that are flexible enough to accommodate both
speaker-dependent and context-dependent variations in
the signal. "It was found that a careful desgription of
the separation of formant frequencies would aveid the

false capture of the majority of the resonant
consonants. i

- Beocause the above parameters are likely to exhibit
values within the stated tolerances during transitions,
and nasal murmurs are generally steady state events
lasting 40 ms or more, the segment isolation decision
also requires two or more consecutive frames te have
values within the tolerances to effect the capture of
the event. :

In the previous proiect, gain information was used as a
primary indicator of the temporal location of possible nasal
murmurs in order to avoid expensive computational decisions.
However, because this approach required a two-pass analysis,

gain has not been employed'in the current routine, other
than as a threshold check and to compute normalized residual
eNnergy . (The previous strategy required prior information

regarding the possible location of the events, making use of
the gain computed from-overlapping frames to locate rapid
shifts in energy as the signal was damped or released from
damping caused by nasal coupling.)
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3.4 Results of Segment Isolation

) The corpus of data used for segment isolation consisted
of g8 sentences, each averaging 1.25 set¢ in duration for a
total duration of 110 sec per subiect. For the development
of the nasal murmur isolation routine, a total of 1100 sec
(1B.3 min} of speech data produced by 10 male subjisectlts was
therefore processed. This amounted to an estimated total of
34,000 frames of speech data, each frame representing an
approximate 20.4 ms interval of the signal (see Table 3?.

Each gsentence in the corpus contained one nasal phoneme

in a unigue phonetic environment. However, the occcurrence
of the acoustic event described as a nasal miEmMy was not
guaranteed, dug to the environmental influences of
coarticulation. As wag found in our previocus research, the

acoustic manifestation of some phonemic nasals may only be
tha presance of transitional information, or of nasal
activity in coarticulation with a vowel, It was observed
from the examination of our corpus of ‘uttarances that the
wmurmur was likely to be abhsent or of very short duration if
the nasal phoneme was at the beginning of an utterance, if
the signal @Nergy was too low, or if the phoneme was
followsd by a voiceless consonant such as 3 fricative, which
would redquire that the velar port remain closed to effect
articulation.

In addition to the nasal phonemes in the COrpuUs, some
occuUrrences of voiced stops 3and resonants produced with a
highly impeded oral air flow resulted in the occurrencea of

nasal MULIIMULS . Subjective auditory examinations of some of
these events showed that when they were isolated from the
neighbouring vowels and transitional influences, their

auditory effect was exactly that of & nasgal murmur,

The combined effacts of (1) coarticulation during the
production of nasals, and (22 the occurrence of murmurs
asgsociated with non-nasal phonemes, made it difficult to
predict the number or positions of these acoustic events in
the data without the aid of careful auditory and spectral
analysis. Examination of the data in this manner showed
that an average of 3570 frames of data per subieclt were
attributed to nasal murmurs that were 40.8% ms in duration or
longer and of sufficient energy to have a distinctive
spectral shape and asuditory gquality, 0Of these, an average
of 400 frames were associated with the nasal phonemes in the
corpus, and 170 were the result of some other phonetic event
such as a voiced stop producing & munrmur. ’

.
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A total of §700 frames of data associated with " nasal
murnurs was therefore euxpected in the 880-sentence data base
produced by the ten subjects, As summarized in Table 2, the
segment isolation routine located a total of 7000 frames,
with an estimated 9400, or 94 . 7% of the expected nasal
murmur frames being included. An estimated 300 frames of
nasal data ware not captured, generalily because of
unexpected irregularities in the murmurs produced either by
perturbations or irregular formant structure.

Est., Number Duration % to Known % to Total

i 1 1
] 1 t
of Frames H (sec.) ! Murmurs | Captured
Known
Nasal
Murmurs: 5,700 114.3 100.0% 81.4%
Known

Murmurs

i ! i
i 1 ]
{ ! {
: 2 :
Captured: 5,400 i 110.2 ! 4. 7% ! 77 . 1%
: ! ! i
Murmurs i i H
No t L { ]
Captured: 300 H 4.1 H 5.3% H 4. 3%
: ! i ! )
Apparent ! 1 H
False i i !
Captures: 1,600 ! 32.46 i 28.1% H 22 .8%
] H J
Total H i H
Events H H ! .
Capturead: 7,000 H 142.8 : 122. 8% ! 100.0%
TABLE Z: Estimated percentages of nagsals and non-nasals
captured by the segment isolation routine,

relative to_the total known nasa.l MUrnurs, and
the total events captured, for the data base of
880 short senfences spoken by 10 male subiects.

As can be seen from Table 2, an estimated 16400 frames

wera the result of apparent false captures. Upon
examination, it wWa s found that all these frames weare
associated with events that "~ contained 50me degree of
velarization. Velarization occurs when oral airflow is
restricted by placing the tongﬁe body near the valum, and Is
common during the production of [wl, [ul, [1} and (rl. (The.

velum is the articulatory organ Llhat is also responsible for
controlling the passage of energy into the nasal cavity.)
Because no adiustment to the parameters was found tha
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rejected these events without also rejecting some nasals,
tests were conducted to determine their "phonetice
characteristies.

Observation of the resonant peaks after autoregressive
analysis showed™ that the apparent false captures were

gimilar in spectral shape to the general: spectral
distribution for nasal MUFrMUrSs, ie. a dominant ~first
formant peak generally below 350 % the absaence or

attenuation of F2 between 800 and 1900 Hz, and the presence
of a weak and broadened F3 in the 19200 to 2800 Hz range. To

"illustrate these similaritiaes), Figure 1 prevides spectral

representations of some nasal segments that were isolated by
the routine, compared with some non-nasal segments that were
isolated.

Est. Number Duration H Percentage
of Frames = | (sea.) i of Signal
Total Signal i i
Analyzed: 54,000 ! 1,100.0 { 100. 0%
H E |
KXnown Nasals i : . {
Captured: 5,400 H 112 .2 H 10.0%
Apparent False | i ‘
Captures: 1,400 ! 32.4 ! 3.0% .
i i
Total Events H H
Captured: 7,000 ! 142 .8 H 13.0%

TABLE 3: Accumulated results of the saegment isolation

routine, showing percentage of signal isolated
from data base of 880 short sentences spoken by
10 male subjects.

Auditory tests werg also conducted, and it was found
that, before synthesi®, the events did net always give: the
impression of being predominately nasalized, although they
all involved a highly impeded oral air flow. The error is
therefore assumed to be related to the limitations of the
analysis procedure,& or to the process of dividing the
sampled data into frames to effect analysis. However, this

is speculative in that auditory examination of the synthetic

speech produced by the vocoder usually showed that the
auditory distinction between nasal and velar articulation
was maintained. It is expected that a 12-pole model of " LPC
would .be more effective than the 10-pole model in providing
paramaters that make this distinctiomn.
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events and the nasal murmurs are
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expected to interfere with
the falsely captured
similar enough in their

parametric values to be regarded as belonging to ‘the éamg

~class  of phonetic events.
required, there is some

atrflow is impeded and glottal

resonance may be transferred
would radiate in much the same manner
Table 3 .summarizes the
relation to the total signal.
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FIGURE la: Spectra of some nasal and non-nasal segments taken from Subject 3
using autoregressive analysis. Horizontal scale is.frequency
(0-4000) and vertical scale is log magnitude. '
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4. PATTERN MATCHING EXPERIMENTS

4.1 Data Collection for Matching Experimaents

The corpus of data used for identifying and isolating
the class of nasal MUTLMULS WAS collected during single

sittings for each of the ten subjects. This corpus was used
in our previous research, the results of which were
summarized in Section 3.1 above. In order to make use of

data from this corpus for the pattern matching experiments,
test and referencesa files were created for each subject
through random selection of data frames from larger files.
The larger files were created earlier by the nasal murmur
isolation routine, after processing the data through the
vocoder system,. The naw files ware then used in the
preliminary selepction of parameters for the pattern matcehing
experiments,

In order to nrovide more conclusive evidence raegarding
the efficliency and application of the proposed speaker

verification system under conditions of elapsed time, a
second sat of data was also recorded and processed through
the vocoder and segment isolation routines. Thea new data

set was devised to test the accuracy of our approach, using
context~dependent data taken from 10 male and one temale
subjects. The eleven subiects were each given the following
code: ;

"My number is BCM-199-37¢D."

In a practical application, this code could be different for
each subjact, but for experimental purposes, ten of the
eleven subjects must be regarded as imposters while the
eleventh is being tested, so all subjects were given the
same code. The sample contains nine positions where nasal
murmurs might be detected. For ‘future work, the sample also
contains four high front vowels, with four mora possible,
depending upon the subiect's tendency to diphthongize.

The average duration of esch spaeech sample was just
over five seconds ., A context~dependent scenario, rather
than a context-~independent one, was chosen tao simplify the
test, as it Wa s expected that the influences of
ceoearticulation would require the accumulation of a larger

sample of data for the context-independent task.
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To allow for the accumulation of reference data over
time, the subjects were recalled on three consecutive days,
all three recordings contributing to the reference data.
The subjijects were then recalled one week following the last.
reference sample recording session, and the test sample- was

recorded. The acecumulation of reference data by taking
samples over time has been shown in other research (eg. 0?1
to improve success rates. Successfully matched test samples

are generally added te the reference data to update them,
thus reducing the elapsed time between the collection of
samples being matched. ’

4.2 SBtatistical Technigues for Feature Evaluation

Qur earlier research [2,3]1 supports the usefulness. of
the pre-processing phase that isolates nasal murmurs for
speaker recognition. For the adaptation of this approach to
the vocoder zsystem, a number of parameters are available
from the vaocoder that are expected'to be useful for speéker
verification. These include:

a) the excitation energy

b)Y the fundamental frequency (Fo)
¢) the vocal tract response as determined by te
reflection coafficients (K's).

o]
e}

Two altarnative representations of the vocal tract

responssa may be obtained from the above parameters. These
are the autocorrelation coefficients (A's) and the cepstral
coefficients (C'sy, For the selection for the nasal datsa

the A's are used directly and indirectly (the indirect use
being for the determination of vocal tract resonances for

formant estimations. The success attained in the nasal
extraction procedurs indicates that wvocal tract data
axpressed in terms of the formant frequencies tends to be
speaker~independent and thus of - 1o use in speaker
recognition. The indication that the A's are influenced by
shifts in laryngeal activity also shows that these

coefficiaents are of little ugse Iin speaker recognition.

It might be expected that the other Ttwo
representations, that is, the K's and C's would suffer from
the same problem of speaker independence, but investigations
have shown that this is definitely meot the case. In fact,
ithe data gathered to date indicate a very high degree of
spaeaker dependence in the statistical behavior of the
reflection coefficients taken from the isolated nasal
framaeg. Because of time restrictions associated with this

preliminary investigation, the cepstrum coefiicients have
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not yet been examined. However, the worl of other
investigators 4,81 indicates that if the reflection
coefficients show a high degree of speaker dependence, then
the cepstra will be even more efficient. In the anticipated

further development of the verification system, the C's will
therefore be automatically derived from the K's transni tted
by the vocoder system (see Figures 2 and 3).

A variety of mathematical techniques are available for
application to the pattern recognition problems arising in

speaker identification and speaker verification. In the
discussion that follows we will frequently refer to "data
vectors". Lach data vector consists of an mn-tuple of

parameter values extracted from 2 single 20 ms data frame.
For most of the discussion the datasa vectors examined will
consist of the fundamental frequency as one component and
the ten K's as the others.

For the pattern recognition problem &t hand we have a
set of data vectors forming a reference set for each subiject
who is to be identified by the system. It is enpected that
the raference data available will exhibit sufficient

subject~dependent behavior to allow us to carry out the

desired identification or verification task at hand.

i ~The actual cperation of the system will inveolve the
capture of additienal data vectors from a speaker who is
either completely unknown or who elaims to be one of the
raference subjects. In the first instance, the system is
required to determine whether or not the unknown speaker is=
ona of the reference subjiects; in the second the system must
judge whether or not the -speaker is indeed the person he

claims to be.

The mathematical techniques that must he used in &
problem of this nature involve an examination of the
statistical behavior of the individuaal components aof the
data vectors for each reference subiect and analysis 0f any
interactions between componants. One such technique
involves the extraction of what are known as the Principal
Components (cf. {161, chapter 8) of the data vectors. This

me thod recognizes that all of the parameters that make up a

data vector may not be of equal importance in explaining the
variation of values observed for a particular speaker. The
computations that take place in principal components
extraction are designed to determine a linear transformation
that may be applied to the data vectors for a specific set
of reference data that will produce a new sat of data
vectors. These transformed vectors have the following key
properties:



a) the individual components may be rankéd in crder of
importance related to the amount of the variation in
the original data explained by each.

b» the individual components are statistically
uncorrelated.

The first property is particularly useful if there is a
requirement to identify certain data components as being

more significant than others. Additionally, if the length
of the data vectors in a particular application is longer
than desired, the original data may be replaced by

transformed data in which only the first few principal
components have been retained.

Anothar standard techniqgue used in statistical pattern
recognition is Linear Discriminant Analysis(cf . L1471,
chapter 6, and ti71, chapter S, By analyzing the
statistical properties of the reference data base, & set of
linear functionals is determined (a different functional
correspending to each reference subject). When an unknown
test subject is te be identified, the set of linear
functionals is applied to the data vectors captured from the
subject and the largest functional value obtained is used to

classify the subject as one of the reference subjects, This
technique is more suited to the case of “elosed saet"

identification where the test subject is known to be one of
the reference subiects and all that must be determined is
which one. :

One major problem that arises from the application of
discriminant analysis technigues is the striect requirements
that must be satisfied by the data hbeing analyzed. The
common assumption that data vectors from all the reference

populations possess a commaorn covariance matrisx is often

satisfied to a sufficient degree that the method is
apprepriate. However, the other. standard requirement isg
that the data vectors for each subject possess &
multi-normal prebability distdibution. It 1 very common

for researchers to completely igneore this requirement and
proceed to use the mothod on data for which it is not
suited. - The maijor problem that arises in this instance is
the determination of error rates that have no jugtification
from probability theory. '

4, 3 Statistical Properties of Nasal Murmurs

L number of researchers have made use of the reflection
coefficients and fundamental frequency values taken from the
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voiced component of the speech signal as the basis for
speaker recognition. The focus of cur investigation has
been the selection of acoustic events belonging to a
phonetic class as the basis for recognition, with the
expectation that more speaker-dependent information is

‘available during these types of vocalic events.

An indicsation of the expected effectiveness of the
pre-processing phase that isolates the nasal murmurs can be
obtained throeugh a comparison of the statistical properties
of the variables esxtracted from the nasal murmurs with those
extracted from voiced events that have not been separated

into acoustic classaes. In particular, mo st pattern
recognition techniques are based on variations, from subject
to subiect, of the average values of the selected
parameters. The general behaviour of the parameters under

discussion may be seen from the data in Tables 4a through
4e, in which the means and standard deviations of the
parameters are listed for large samples of nasal murmur data
and veiced data.

TABLE 4: Comparison of extracted nasal MUTMU KL da ta and
voiced data of five subiects, showing mesans and
standard deviations of each category. "The
variables i to 10 are the values of the 10 K's

“

and the 1i1th variable is Fo.

NASAL . . VOICED
Variable Mean Std. Dev. Mean Std. Dev.

1 -0.9%25% 0.062 ~-0.701 0.338%
2 0.46¢ 0.211 0.141 0.432
3 h.014 0.272 ~-0.123 0.348
4 D.263 0.243 0.181 0.286
) -0.101 0.18¢9 0.094 . 0.2646
é 0.22%5 0.219 0.272 0.229
7 0.178 0.261 0.123 0.23

8 0.114 0.1¢%8 -0.016 0.2495
9 0.028 0.212 ~-0.08%9 0.215
i0 0.066 0.208 0.064 0.187
i1 119.984 17 .50 ’ 112.484 26 .788

TABLE 4a: Subject 1, Data Set 2.
N NMo. of Nasal Frames: 129
No. of Veoiced Frames: 411
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NASAL ) VOICED
Variable Mean Std. Dev. Mean + Btd. Dev.
1 -0.840 0.096 -0.423 0.415%
2 g.02% 0.18%5 0.032 0.338
3 ~0.2464 0.232 -0.233 0.380
4 0.38¢ g.204 0.057 0.254
5 0.212 0.198 -0.023 0.274
[4 0.058 0.157 ) 0.218 0.222
-7 0.001 0.137 0.094 0.214
8 g.178 0.141 0.2583 g.185
9 -0.083 0.152 ~0-, 049 0.17%9
10 g0.131 0.132 -0.010 0.170
11 104.717 ¢.037 103.407 14.3%¢9
TABLE 4b: Subject 2, Data Set 2.
No. of Nagal Frames: 3
Mo. of Voiced Frames: 591
NASAL , VOICED
Variable Mean S5td. Dev. Mean Std. Dev.
1 ~-0.8492 g.101 . -0.304 0.501
2 g.121 0.277 -0.023 0.332
3 ~0.352 0.i¢98 o -0.037 0.387
4 0.303 0.243 0.092 0.310
) 0.147 0.250 ) -0.0%54 0.285
6 0.046°9 0.148 0.240°% 0.220
7 0.254 0.21¢6 g.1i8¢ 0.18%
8 g0.09% 0.157 0.352 0.213
@ -0.033 0.223 ~-0.012 g0.1%4
10 0.047 g.148 ~0.021 0.136
i1 148.1840Q 16.568 141.444 24.716

TABLE 4c: Subject 3, Data Set 2.
No. of Nasal Frames: 20
NMo. of Voiced Frames: 581
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NASAL VOICED

Variable Mean Std. Dev. Mean Std. Dev.
1 -~-0.837 6.107 -0.56°9 0.32¢6
2 0.140 0.141 0.290 0.32¢9
3 -0.284 0.280 ~-0.247 0.317
4 0.%548 06.144 0.2497 0.24°9
g 0.153 0.248 0.00% 0.253
6 ~-0.048 0.234 0.208 0.280
7 0.081 0.153 0.182 0.200
8 0.1¢¢ 0.172 0.283 0.214
? 0.173 0.21¢4 0.0068 0.202
10 0.042 0.210 -0.070 0.157
i1 109.776 10.274 105.383 14.557
TARLE 4d: Subiect 3, Data Selt 1.
No. of Nasal Frames: 161
No. of Voiced Frames: 205846
NASAL VOICED
Variable Mean Std. Dev. Mean Std. Dev.
1 -0.883 a.077 -0.723 0.303
2 0.204 0.218 0.222 0.243
3 -0.154 0.242 -0.154 0.310
9 0.297 0.289 0.113 0.264
5 0.0¢94 G.251 ¢.048 0.28%
4 0.0681 0.23°9% 0.1846 0.242
? 6.170 0.157 0.173 06.187
8 0.13°¢ 0.183 0.054 0.223
? 0.017 0.240 -0.132 6.223
i0 ~-0.028 0.192 ~-0.027 0.158
i1 131,144 21.348 131.571 20,2946

TABLE 4de: Subject 4, Data Set 1.
Mo of Nasal Frames: AR
No. of Voiced Frames: 14661
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Several patterns of behaviour are apparent from the -

data listed in Table 4, which may be confirmed by similar
analysis of the data available for the other subjects:

1) There is a gignificant difference in the mean values
of . the first few reflection coefficients for the
nasal data as opposed to the general voiced data.

2) More importantly, the standard deviation of these
variables is much lower for the nasal data. Thaese
smal ler values produce very tight confidence limits
about the means for samplies drawn from the population
of nasal frames produced by an individual speaker.

3) The average values of the fundamental frequenay vary
a good deal from speaker to speaker, again with a
much smaller standard QEviation for the nasal frames.

Although the fundamental freguency values area often
cited as beirng valuable for speaker recognition, the easa
with which these parameters may be disguised eliminates them
from serious consideration for forensic Wiﬁ@ptifieation
purposes. For verification, there is also concern that they
may vary excessively from the reference sample values unde
conditions of amotional stress, and that they may be
consciously imitated by imposters. The values of the first
few reflection coefficients, however, are believed to. be
related to the actual vocal tract gedmetry of the speaker
(configured in this case for the production of a nasal or
nasal-like event: and should prove more difficult for an

imposter to replicate. The lower standard deviation values
for the nasal data indicate that we have baesen able to
isolate a particular acoustic event during which 2 subject
displays lass variation in the form of his speech

production.

The basic statistical test to decide whether or mot a
sample has been drawn from a given pepulation involves the
comparison of the sample mean to that of the population,
With the population standard deviation known and with
knowladge of the statistical distribution of the population,

decisions can be made with a known level of accuracy. A
statistical principle known as .the "Law of lLarge Numbers"
provides some relief from the requirement that the
population distribution be known if ene is dealing with
large samples (typically more than 30 valuesy). In either

case, the ahility of the statistical tests to discriminate
between two populations is directly proportienal to the
population standard deviation and inversely proportional to
the . size of the sanple. The advantage of the smaller
standard deviations exhibited 6y the reflection coefficients
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taken from the nasal murmur data is the ability to
diseriminate between speakers using considerably smaller
sets of sample data.

An asxample of this may be seen in the data in Tables 43

to 4de. For Variable no. 1 (the parameter K1), the standard
deviaticens in the nasal data are approximately 174 the
values of the equivalent parameter in the voiced data. This
means that with 1714 the sample sizme of the voiced

information, wae can obtain the same level of discrimination
batween mean values taken from the nasal infermatioen.

It is evident from the datsa providad that no single
parameter is sufficient to distinguish between the five
subjects listed. However, the variations in a number of the
parameter values from - -one subject to the next indicate a
good chance of achieving appropriate separation by using a
combination of values.

4.4 Selection of Parameters for Discrimination

) The previous sections have indicated the strong
possibility that successful subject recognition can be
performed using the mean values of a numbear of the LPC
parameters obtained from frames of speech data that have
been identified as nasal or mnasal-like information. The
problems that must be examined are:

a) which parameters should bea chosen for optimal
digerimination?

b) is it possible te set detection thresholds that will
allow us to make the decision that the current
subject is not one of the reference subjects, (ie.
to perform open set verification)?

A number of techniques have been used during the coursae of
investigations related to this project in order to answer
the first question. These will be described briefly here,
with some indications being provided of the level of success
achieved by each technique.

The major data analysis was carried out on a subseat of
the two data bases. (The first set of data was the sentence
ligt spoken by 10 subjects and used for determining mathods
for isolating the class of nasal murmurs. The second set of
data consisted of the four separate recordings wilh
unvarying contexrts made by 11 subjects, as described in
section 4.1 above.) The nasal data taken from five of the
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subjects in the first group and the nasal data from eight of
the subjects in the second group were used. ® Test and
reference files were taken from the first selt by random
selection to assure context-independence. For the second
set, the results of the first three recordings made one day

‘apart were used as the reference data and the results of the

fourth recording one week later were used as the test data.

The data vectors for each 20 ms nasal frame consisted
of the 10 reflection coefficients and the fundamental
frequency produced by the vocoder system,. The number of
frames for each set of data is given in Table 5.

SURJECT REE . FRAMES TEST FRAMES
SET 1, HBUB 1 78 80
SET 1, 8UL 2 458 40
SET 1, 8UB 3 70 74
SET 1, SUR 4 114 113
SET 1, 8SUB 3 74 69
SET 2, "SURB 1 129 32
SET 2, 8UB 2 a3 14
SET 2, &UBR 3 50 ‘ C20
SET 2, SUE 4 134 _ 44
SET 2, SUE 3 114 37
SET 2, SU3 § 114 42
SET 2, SURB 8 163 435
SET 2, 8UB 11 70 23

TABLE 5: Number of 20 ms reference frames and test frames
used in tha data base for pattern matching
a¥periments.

* Because of time restrictions, the final version of the
nasal murmur extraction routine was not implemented in
time fto begin the collection of data for the pattern
matching experimaents. The original version which relied
heavily on the values of the A's instead of the spectral
peaks failed to produce a sufficient number of test
frames from the S-second utterances of three of the
subjeats for adequate analysis. However, the new
routine was tested separately on these and all other

» subjectls, and no failures to produce adequate samples
resul ted. The frames isolated by the original routine
are essentially a subset of the frames isolated by the
final version.
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4.3 Statistical Techniques for Discrimination Taests

- Linear Discriminant Analysis

The statistical ~technique of Linear Discriminant
Analysis refarred to above was applied to the data in the
preliminary stages of the investigation. The method was

found to function adequately for purposes of closed set
identification but was later discarded for the following
reasons: :

1) The magnitudes of the discriminant functions when
they are evaluated have no absolute significance, but
must be interpreted across the refarence data being
used. This makes the method inadequate for open-set
identification.

2y The discriminant functions produce a singlae real
value that is used to classify the test data. This
means that noe me thod is available to directly
determine the effact of a single aberrant component
of tha data vector - and a single such value may
seriously affect the «classification ocutcome. {(The
problem of s@vare effects orn the classification
results stemming from aberrant hehaviour of one or
two components of the data veclors will also affect
the performance of other common classification
techniques such as the weighted Euclidean distance
and the Mahalonobis distance.)

3y The statistical propertias that are demanded of the
data in the standard discriminant analysis technigues
(multi-normal distributions with ¢ Ommo n cavariance
matrix) are not satisified eclosaly enough by the data
vectors available.

- Principal Components Analysis

The other technigue mentioned above, Frincipal
Components Analysis, Was applied to the data before
developing the classification procedures. In order to carry
out . an  analysis that is based on the deviations of
individual test sample neans from the corresponding

reference data means, it is desirable to be able to identify
and apply higher weights to the most significant variables.
Also, if the: individual components were knewn teo possess
normal distributions, this would imply that the .principal
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components were independent, making it poessible to make
meaningful statements concerning the setting of detection
thresholds and false alarm rates for open-set
classification.

e

~ Clawsification Using Z-values

In Secition 4.3 above it was indicated that a reasonable
inter-speaker separation of mean values exists for many of
the components, and that quite small values of standard

deviation accompanied these values. For this reason, san
attempt was made to measure the degree of separation of the
me an values of the . test data components from the
corresponding components of the reference data. This Was
undaertaken for both the original datsa and the derived
prinecipal components. The technique employed is outlined
below.

For each speaker in the set of those to be identified,
the reference data vectors that have been obtained are
processed to extract the means A{ and standard deviations

Gy (i=t,.. . N) where N represents the number of components in
the da ta vector., Typical values used were N=11 (all

components used) and N=é6 (only the first § K's and Fo used).
In the case where Principal Components Analysis has been
applied, the data vectors are obtained from the original
reference data by applying the apprepriate principal
components transformation.

When an unknown speaker is to be identified, the data
from a number of nasal frames is extracted from the vocoder
system while he is speaking (see Figures 2 and 3) . These
data, referred to as the test data are then compared i8& the
stored information from the reference data. The comparison
takes place against the reference data for each of the
original speakers and is carried out in the following
manner:

1Y If the original data are obtained by extraction of
the principal components, the test data are converted
us ing the same transformation that was originally
appli@d to the reference data of the speaker in

question. Then the mean wvalue is calculated for each
component of the transformed data vectors, vielding a
set of mean values K, (i=1,...N).

2) If the original dats are analyzed withoul using the
principal components, the mean values ?T (i=1,...N)
represent the averages of Lhe components of the test
data vectors with no modifications.
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3) For each component, a value is.calculated (which will
be referred to as the Z-value) using the formula

(x{ - pm ) VI

Gy

where M represents the size of the test sample (ie.
the number of nasal data frames captured from the
speaech of the unknown subiect).

ropriate concerning the behaviour
~values:

A few comments are 5]
t

P
and interpretation of pA

he

1 If each component of the data vectors was normally
distributed, the Z~values would possess 2 normal
distribution with mean 0 and standard deviation 1;

2 If, in addition, the .individual components were
uncorrelated (hence independent) then the
probabilities of normal values greater than the
Z-~values ohtained could be multiplied to obtain the
overall probability that the test dataz came from the
speaker to whouse reference data the comparison was
being made. ’

Al though the requirement ftor normality is partially
satisfied for the data obtained and the Principal Component
Analysis produces uncorrelated variables, it is not possible
to use the standard analysis techniques with the Z-values
with .any real justification. A. detailed study of the
statistical properties of the XK's in the data should allow
decisions to be made concerning the significance of the
Z~values. This should permit the setting of accurate
threshelds for open-set matching of test samples with
claimed reference samples for verification purposes.

The separation of mean values for the components of the
data vactors for the reference speakers is, however, large
enough that unsophisticated methods can be used to andlyze
the Z~values in order to perform  classification of the
unknown speakers. In Section § below, we will describe two
straightforward implementations that involve the use of the
Z-value approach to classify the thirteen speakers in the
datea base describad in Section 9.4.



Page 31

5. CLASSIFICATION RESULTS

In order to adequately assess the effectiveness of any
pattern matehing technigques, a number of applications must
be carried out using different test and reference data sels,
Random subsets of the test and reference data files of each
subject were generated for this purpose. For erample, a
particular simulation mwight inveolve the choice of random
samples of 50 frames from the reference dats of each subiject
and the use of those data to attempt to .identify the speaker
when random samples of 30 frames are chosen from the test
data,

Two key parameters that mnmust be determined if the

identification system is to function efficiently are (1) the

minimum number of frames reguired in the reference data base

for each subiject, and (22 the minimum number of frames
required to be extractad from the sample utterance in order
to ochbtain a high degree of recognition accuracvy. As stated
earlier, the larger the test sample, the more closely the
parameter means will cluster around the corrasponding
poepulation means for the speaker in quastion. However, for
efficiency, it is desirable to minimize the the number of
frames that are required for the task. The simulation

technique invelving random selection of a number of frames
allows us to examine tha error rates obtained for various
test sample sizes and reference data base sizes.

5.1 Method 1: Classificatign with K's and Fo

The classification algorithm invoelves T“the summing of
all Z-values computed in relating the test data means to tha

means for ane of the reference subiects. The suUms
Sj Ci=1,...2 obtained for each of the raference groups are
compared and the test speaker is identified as the reference
subject - for whon SJ is the minimum. No attempt is made in

this method to discard certain Z-values that appear to
rapresent aberrant behaviour for the particular test sample
heing classified.

This method was applied to the data from the 13
subiects. All of the reference frames for each subjiect were
used to caleulate the mean and standard deviation values

required for Llhe analysis. In all cases, with the exception

of Subjects 2 and 3 of Data Set 2, for whom an insufficient
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number of test frames were available (see Table 5 and
previous footnotel), 38 sequence of 200 randomly selected sets
of 30 test  frames was chosen from those available and
matched with one of the 13 reference subjects using the
technique just described. As summarized in Table 6, the
results yielded an error rate of 2.14% A very ericouraging
aspect of these results is that only one incerrect match was
reported for the second set of data in which the reference
samples were collecled over a period of three days and the
test samples were collected one week later.

TEST SURBJECT TRIALS CORRECT INCORRECT ERRORS (%)
SET 1, SUB | 200 167 33 146.5
SET 1, SUB 2 200 200 0 0.0
SET 1, SUE 3 200 200 0 0.0
SET 1, SUB 4 200 194 4 3.0
SET 1, BUR 5 200 193 7 3.5
SET 2, SUB I 200 199 1 0.5
SET 2, SUR 4 200 200 0 0.0
SET 2, SUB 5 200 200 0 0.0
SET 2, SUB ¢ 200 200 0 0.0
SET 2, 8UB 8 200 200 0 0.0
SET 2, SUB 11 200 200 0 0.0
OVERALL 2200 2153 47 2.14%

TARLE 6: Results of classification experiment invelving
all parameters (1¢ K's and Fo?, and comparing
test files from {1 subjects with reference files

of 13 subjects.  The reference filas consisted of
all available frames, and the test files
consisted of 30 randomly saelected frames. A
total of 2200 trials were conducted, invelving
random selection of test data 200 times per
subiect.

In order to determine the optimum sises of the test and
reference data when this technigque is applied, a number of
further tests we e conducted. A total of 1100
classification attempts was conducted for each examination
of. a different test or reference size, that is, 100 randomly
selected test files generated from each of the 11 larger
test files used. These tests are summarized in Table 7. As
can Dbe seen from Table 7, all 11 available parameters were
used except in two tests cases, in which only the first 3
K's and Fo ‘were used: The results indicate a slight
improvéement in performance obtained from the use of all 11
paramaeters.
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NUMBER OF REFEREMCE | TEST
VARIABLES DATA SIZE DATA SIZE ERRORS (%)

11 40 20 8.73
11 40 30 .27
11 a0 30 1.27
3 40 30 2.00
i1 60 20 i.27
11 40 30 0.82
it 40 40 0.00
é 60 30 1.82
11 80 20 2.73
11 80 40 0.18
11 80 60 0.00

TABLE ?: Results of classification experiments involving
K's and To, and different test and reference
sample sizes. Each result invelved 1i00 separate
classification attempts, or 100 attempts for each
of 11 test subjects. '

In terms of the gemeral effectiveness of the method, it
appears from the rasults summarized in Table 7 that
reference data bases consisting of data vectors from 80
nasal frames or more are required, and test samples should
be capable of providing 40 or more nasal frames to provide

the best results. Test and reference files of these sizes
are easily obtained using 3 method of alicitation such as
that outlined 'in Section 4.1. If content-independent speech

samples are to be used, 2 typical sample length of 14
seconds or more would be required to obtain 80 mnasal frames,
with an empected 10% of the signal being identified as nasal
or nasal-like (see Table 3).

5.2 HMethod 2: Principal Components Classification

In this method/, the selected number of principal
components is extracted from the reference data and the
means and standard deviations are calculated. Before the
test data are compared with a specific reference file, the
test data are first transformed . using the same principal
components transformation as was applied to the reference

ile being examined for the match. The Z-values are then

{
cglculated as they where in Method 1 abhove.

To take advantage of the power of the principal
components, the Z-values that are derived from the analysis
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are weighted according to the theoretical significance of

the principal components in the data, The weight w, ranging
from M for the first component,. (M=1) for the second, and
down to 1 for the component of the least theoretical
importance, is first applied to the Z-values. The Z-values
ara than summed to obtain the selection values 53, asg was
done previously. Table 8 summarizes the results of & series

of trials using this method, The trials were conducted in
the same manner as those shown in Table 7. :

NUMBER OF RETFERENCE TEST
VARIABLES DATA SIZE DATA SIZE ERRORS (%)

11 40 30 0.82

& 40 30 11.72

11 40 20 1.23

11 80 . 20 0.346

11 ' 80 30 0.45

11, a0 440 0.73

6 80 30 3.5%5
TABLE 8: Results of classification enperiments invelving
principal components and different test and
reference sample sizves. Each result invelved

1100 separate classification attempts, or 100
attempts for each of 11 test subiects.

A comparison of Tables 7 and 8 shows that in gemneral
there is a- - slight improvement in the effectiveness of using
the principal components and the weighting function, whean
the same test and reference sample sizes are referred to.
Howaver, this slight improvement in performance dees not
appear to warrent the inecreased computation required to
obtain the principal components, suggesting that efforts
should he concentrated upon the development of  a
verification routine that uses the original data.
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6. DISCUSSION

Our success in determining parameters in tha vocoded
data for phonetic classification, and the preliminary
results of the speaker~discriminating efficiency of
parameters that are available in the vocoder system, lead us
to anticipate success in designing 3 speaker verification
system that will operate in conjunction with this digital
communications device. The results of the experiments
carried out to date suggest that the reflection coefficients
obtained £from the nasal frames contain sufficient
speaker—-dependent information to ke used for speaker
verification. A thorough study of the statistical behaviour
of the reflection coefficients produced during nasal
activity should result in the development of a more

sophisticated analysis technique for esamining the Z-values.
Such as study is also expected to lead to the determination
of detection thresholds for open-set verification.

However, higher success rates are expected to result
through the use of cepstrum coafficients in place of the
K's. As the implementatioeon of cepstrum coafficients
involves a simple transformation, the exadmination of ~their
statistical properties may be donea in parallel with further
analysis of the K's.

The phonetic elass of nasal murmurs was chosen for this

stage of the experiments because of projected difficulties
in isolating these events when resiricted to the selaction
of parameters produced by the 10-pole model of LPC.
However, our success indicates that the isolatien of other

classes of phonetic events will be trivial in comparison,

making it possible to implement several parallel levels of
analysis for "speaker verification purposes. As stated in
the theoretical approach above, sets of parameters in the
different classes of events that are isolated may be
appealed to selectively, This way, any faillures in ona set
of parameters can bhe offset by successes in others.

Such a scheme has more practical applications in
context-independent verification than in context-dependent,
as temporally-based methods could be implemented in order to
find the phonetic events of interest in the latter task
{(although the task wowuld then be weakened by the failure of

a, speaker to nroduce a phonetic segment at the appropriate

position in the utterance). Kowever, in an application such
as the verification of an aireraft pilot's identity, the use
of a code may not always be feasible, as it may interfere
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with other tasks involving communication. The selection of
phonetic events from free context would therefore mean that
verfication «could be paerformed from any streteh of the
speech signal, as long as sufficient information can be
gathered to perform the task. As illustrated in Section 5.1
above, a . total duration of 146 seconds of free speech 1is the
minimum requirement if 2 context-independent approach must
be used.

The block diagrams ef Figures 2 and 3 are schematic

representations of the Communication Research Centre's
vocoder system interfaced with the - proposed speaker
verification system. In Figure 2, the vocoder =system is
represented, showing thea encoding and decoding stages.

After the parameters are decoded. they are fed to the
varification system (except for 0x, which ig picked up after
D/A conversion) to be operated on independentliy of the
processing phases that produce the synthetic speach.

As shown in Figure 3, the values are then fed into the
various stages of preprocessing for segment isolation, and
rules are applied to control the selection of data frames.
Two or three segment isolation operations will be conducted
in parallel at this stage, depending upoTm the number of

phonetic classes to be isolated in the final version. For
computational efficiency, gating procedures will be used to
control the various stages of analysis {(cf. Table 1) and

cepstrum derivation will be perfeormed only on frames that
matech the segment isolation rules.

Fer speaker verification, a c¢ritical component of the
system is the capability to update reference files and
thresholds, using informatien received through succassfiul
ma tches . - This essentially converts sucaeessfully m%ﬁched
test samples to reference data by pooling ‘thHem wWith - the
reference data held in storage. I

A procedure for registering an identity claim will be
implemented, in order to retrieve the reference file
belonging to the claimed speaker. For verification this
claim enables a single comparisen to be made, that being the
comparison eof the test sample being received through the
system with the reference file retrieved by the individual
wishing to verify the speaker's identity. This accentuates
the neaed for an efficient thresheold determination procedure
as discussed in the previous sectltion.

y in further development of the verification routine,.
factors that have been previously controlled, but that may
interfere with the task must be investigated hefore accurate
predictions can be made regarding the extent of applications
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for the system. Such factors include the effects of
emotional stress, respiratory disorders and background
noise. Alsa, hardware requirements and processing time must

be taken intoe account irn the design of the system, with due
consideration being given to the complexity of statistical
measures that are to be implemented. These problems can
only be solved by the examination of a large population of
speakers under a variety of conditions.
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