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Abstract

Despite its noninvasive nature, subject identification by voice is not as popular as other biometric procedures (i.e. fingerprint-
ing). In part, this is due to the difficulty of establishing how close is close enough when comparing spectral features. In this work,
we address this issue by showing how to characterize spectra by means of sets of integers, borrowing topological tools used in
the theory of dynamical systems. On the other hand, we report an empirical result: within a relatively small bank of speakers,
there are subsets of integers that seem to strenghten the speakers’ identity information. These results suggest a new direction ir
the identification of subjects by voice: one in which arrangements of integers define voiceprints that stand on their own, despite
any acceptance/rejection thresholds.
© 2004 Elsevier B.V. All rights reserved.
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1. Introduction set of tools of topological nature that will allow us to
characterize the spectra of voiced sounds. On the other
Many techniques used in the problem of voice iden- hand, we report an empirical result: with the use of
tification are based on spectral properfiels The rea-  these topological indexes we can define a voiceprint,
son is that during the production of voiced sounds, a j.e. a set of integers uniquely associated (within the
spectrally rich sound signal (produced by the modu- extent of our exploration) with a speaker.
lation of airflow by the vocal f0|dS) is filtered by the The production of human voice involves a wide va-
vocal tract. The resonances of this passive filter are riety of physical processes, from turbulence (typically
determined by ergonomic features of the speaker, andpresent in non-voiced sounds) to low dimensional dy-
therefore can be used to identify him/her. namics (like in voiced sounds). During the production
The purpose of this work is twofold. On one hand, of voiced sounds (like vowels), the airflow induces pe-
we borrow from the theory of dynamical systems a riodic oscillations in the vocal folds. These oscillations
generate time varying pressure fluctuations at the input
"+ Correspoding author. Tel.: +54 11 4576 3390. of a passive linear filter, the vocal tract. The physics
E-mail addressgabo@df.uba.ar (G.B. Mindlin). of voiced sounds is usually described in terms of the
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standardsource-filtertheory[1-3]. The separation be-
tween source and filter assumes that the feedback into
fold oscillations is negligible, an hypothesis that has
been extensively validated for normal speech regime
[4]. The spectrally rich input pressure presents har-
monics of a fundamental frequency of about 100 Hz.
The vocal tract selects some frequencies out of these
harmonics. In this way, the spectrum of a voiced sound
carries information about the vocal tract and therefore
itis used as a biometric characterization of the speaker.
A typical approach in the field is to use feature vec- f(Hz)

tors with quantities that characterize different subjects,
perform multidimensional clustering and separate the Fi9- 1- Three examples of log{(f)|?) using the maximum entropy

. . . . approximation for two different speakers (using light and dark lines
clusters aSSO_CIated with the different SUb]eCtS by meansfor each of them) over the complete period of the function. Beyond
of some metric on the feature vectors. In the framework the secondormant the spectra naturally cluster in two different
of the spectral characterization of the voice, a way to groups. The original sound segments correspond to the spanish vowel
perform an identity validation is to construct a distance [al extracted from normal speech utterances. Sampling rate-is
between properties computed from utterances (distor- /4 = 11, 025Hz.
sion measures), such as the integral of the difference
between the two spectra on a log magnitude. Another
distorsion measure is based upon the differences be-
tween the spectral slopgs (first-order derivatives of
the log power spectra pair with respect to frequency).

It is interesting to notice that the spectral compari-

son is sometimes implemented by means of another set
of coefficients calledepstrunthat are just the Fourier

ampltltude:S ct)fth? Zpectr?tl_funl?nor?. Inort]herwor?;, the two-dimensional dynamical systeniiS], which can
spectrumis treated as a “time” series whegays the also be constructed for a large class of autonomous

role of time. This suggested to us that the techniques dynamical systems i®®: those for which a Poincar
used in the theory of dynamical systems in order to section can be found

compare two periodic orbits can be used in the analysis
of voiced sound spectra. In particular, we are interested
in exploring the use of topological tools, designed to
capture the main morphological features of orbits re-
gardless of slight deformatior8].

In the analysis of three-dimensional dynamical sys-
tems, the periodic orbits are closed curves that can
be characterized by the way in which they are knot-
ted and linked to each other and to themse[&e].
Since uniqueness theorem warranties that periodic or-
bits cannot cross, linking and knotting properties can-

of data using a delay embeddifi§,9]. In Fig. 1 we
show the log power spectra of three vocalizations of
two speakers. Notice that these spectra naturally clus-
ter in two sets. Could the topological properties of their
embeddings be a pertinent tool for identity validation?
In order to answer that question, we will deal with
relative rotation rates topological invariants intro-
duced to help in the description of periodically driven

2. Topological voiceprint implementation

In order to describe the vocal tract frequency re-
sponse, we computed the maximum entropy approxi-
mation of the power spectrum for each of the stored
voiced segments. This can be performed by calculat-
ing m linear predictorcoefficientg10] for the voiced
segmenty,}, sampled with rate = 1/A:

not change and threrefore can be used as fingerprints. "

For the purpose of applying this analysis to the prob- Y» = dey”—k + Xn 1)
lem of speaker identification we will treat the power k=1

spectrum of voiced sound#& (f)|% on alog scale asa  where thelp coefficientsds, do, . . ., d,, are assumed

periodic string of data, using techniques commonly ap- constant over the speech segment, and are chosen so
plied to the analysis of periodic “time” series. A three- thatx, is minimum. Thesdp coefficients can be used
dimensional orbit can be constructed from this string to estimate the power spectrut ( f)|% as a rational
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function withm poles: 5

do

which is periodic in F1/2A, 1/2A], the Nyquist in-
terval. Several examples of reconstructed spectra are
shown inFig. 1 for two male speakers of the same
age.

The .Iog of power spectra_l function Iog(f)_|2_was 0 72A
approximated using Eq2) with m = 13 coefficients. f (Hz)
This value results from the optimization of our speaker
recognition implementation over a database of 108 ut- Fig. 3. Periodic functions used for the embedding from a sin-
terances. With this number of poles, the reconstructed gle speaker (solid lines) and a universal reference (dotted line).

t t th in feat f:[h f t These functions are constructed from the original |lEg(f)|?) as

spectra capture the main features of the formant's enve-; i 1) "sing half of the original period.
lope. The fluctuations in the spectra of the same speaker

F(f) (arb. units)

W

and the same voiced sourféig. 1) correspond to vari-  used & delay embedding. An example of such an orbit
ations arising from normal speech. usings = 40 Hz is displayed irFig. 3.

The function|H(f)| is symmetric with respect to These delay-embedded orbits in phase space
f = 0. Therefore, only one halfis relevantto ouranal- (F(f), F(f —36), F(f —28)) always display a
ysis. We washed out the difference between @) hole around the ling"(f) = F(f — 8) = F(f — 26).

and logH(1/(2A))|, adding a linear function and sub-  Therefore, a good Poindarsection is given by the
stracting the average. The final functieff) is periodic semi-plane defined () = F(f — 28); F(f — 8) <
with half the original period. Ifig. 2, a few examples  F(f — 25).

of F(f) for different utterances of the same speaker are A family of topological tools are available in order to

shown, along with aeferencefunction. classify and characterize these orbits. We explored both
The resulting functionF(f) can be embedded in  the self relative rotation rates and the relative rotation
phase space using many different techniqaé$ We rates with respect to a reference orbit. The self relative

F(f2-3) arb. units

3
F(f-8) arb. units 55 4 F(f) arb. units

Fig. 2. Delay embedding (= 40 Hz) of the functionF( /) computed from one voiced fragment. Different line types represent different segments
of the orbit between succesive crossings of the Posaction.
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Fig. 4. Vowelprints for three male speakers of nearly the same age, constructed from short vowel segh@€mss) of around 10 utterances
taken in different enrollment sessions.

rotation rates showed sensitivity to natural fluctuations (i, j) are reached. The elements of matkix on the

of speech spectra. Since we were computing relative other hand, allow us to keep track of the rotation of

rotation rates of an orbit relative to itself, slight varia- each pair of segments, and therefore can be used to

tions in the height of some formants were reflected as identify spectral variations for each pair of formants of

different topological indexes. On the other hand, rela- the utterance. In order to construct a signature of the

tive rotation matrix empirically proved to contain more speaker, we begin characterizing each of his/her vow-

robust numbers if computed against a constructed ref- els. We do so superposing all the relative rotation ma-

erence orbit. This reference was derived from the for- trices corresponding to the same voiced sound and the

mants of a plain, non-articulated vocal tract@ro same speaker, and looking for coincidences (rotation

hypothesidor voiced sounds). Our election of the ref- numbers which do not change when computed from

erence as an open-closed tube of 17.5cm is based indifferent utterances). These coincidences are named

the observation that the geometry of a real vocal tract robust rotation numbersNe calledvowelprintthe ar-

can be thought as departures from an open-closed tuberangement of the robust rotation numbers placed in the
In the following, we will refer to the number of the  original matrix sites. We calledwiceprintthe collec-

intersections of an orbit with the Poinéasection as  tion of the speakers/owelprints In Fig. 4, we display

its period. Each section of the orbit in between succes- three vowelprints corresponding to the spanish vowel

sive intersections will be called segment. The relative [a] for three male subjects of nearly the same age.

rotation of these embedded spectra can be calulated

in the following way: assume that the orbits have pe-

riods p4 and pg. We build arelative rotation matrix

M e zP+*P5, where element;; corresponds to sum- 3. Results and discussion

ming the signed crossings of thith segment of the

orbit A relative to thejth segment of the orbB. The In order to test our topological approach to the prob-

signed crossings can be calculated projecting the two lem of speaker recognition, we performed the following

orbits onto a two-dimensional Subspace_ In that pro- implementation. A voice bank was constructed as fol-

jection, tangent vectors to the two periods just over the lows. We recorded six repetitions of a sentence contain-

cross are drawn in the direction of the flow. The upper ingthe five Spanish vowels for each one of 18 speakers.

tangent vector is rotated into the lower tangent vector, Then, we build topological matrices from short frag-

assigning atl (_]_) to the Crossing if the rotation is ments (\'100 mS) taken from those vowels. The bank

right (left) handed. consisted of theoiceprintscomputed from the topo-
This relative rotation matrix is related to the relative logical matrices for each speaker.
rotation rates through: Topological matrices computed from an utterance
by a speaker who claims to be in the bank are com-
1 papst puted. These candidate matrices are compared with the
Rij(A, B) = DADE ;) Mitk j+k 3) corresponding vowelprints in the bank. The speaker is

identified as a member of the bank only if the set of can-
taking periodic boundary conditions for the matrix. didate matrices fully matches a single stored voiceprint.
Relative rotation rates (E¢3)) are averages over the In this context, full matching means that all the robust
matrix elementsV;; until the same initial conditions  numbers in all the vowelprints are present in the corre-
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Speaker 1
To 1 o A
0 o 0o A
0o -1 0 -1 ‘
4 0 0
1 T
-
Speaker 2
0 1 0 9 4 [ T 11 1 00
010'01 _ '11-101
01 0 1 - :1 _:'1 11414 00
4.0 0 0 A g 011 00
41 1 0 2 0 ¢ 0 01
Candidate - Candidate
vowel matrix vowel matrix
(Speaker 1) (Speaker 3)

vowelprint bank

Fig. 5. Sketch of the recognition procedure: two candidates (we display a smgtd printfor each of them) are compared with the bank of

molds. A speaker is identified as a member of the bank if the set of his/her candidate matrices fully matches a single stored voiceprint. The grey
areas in the molds correspond to positions in the matrices that contain robust numbers. Identification of a candidate as a member of the bank
(i.e., full matching) requires the numbers in those positions of the candidate’s matrix being equal to the robust numbers in the mold.

sponding candidate matrices. This process s illustrated are computed below an optimized threshold. In this
in Fig. 5, for a single vowelprint. In turns, each of the case, thevoiceprintof each speaker in the bank was
108 utterances of our bank was used as a candidate foreplaced by the spectral functions used to construct the
identification. We obtained perfect recognition perfor- rotation matrices. Again, the performance of this met-
mance (no false positive/negatives). ric method as a speaker recognizer was worse than the
Our choice of a subset of the rotation numbers in the topologic one.
construction of a voiceprint could suggest that some  Our approach presents many interesting advantages
information is lost. In order to test this hypothesis, we overthe usual ones. In a metric strategy (in which some
replaced eachoiceprintin the bank with the collection  distance between spectra are computed), a threshold
of the complete individual matrices used to construct has to be defined, and this is a bank dependent quan-
them, in such a way that all the topological information tity. The use of topological voiceprints constructed with
is kept. Each of the 108 utterances of our bank was usedintegers, along with the full-matching criterion, intro-
as a candidate for identification. We evaluated the num- duces a novel strategy, which is bank-independent, with
ber of coincidences between the candidate matricesno-threshold needed to verify the acceptance.
and the set of matrices characterizing each speaker in  Implementations of the topological approach run-
the bank. The result was a lower performance method, ning on standard PCs also showed to be very fast. Once
since several false positives and negatives were found.an utterance is recorded, voiced sounds segments can
The topological robust numbers seem to strenghten theeasily be extracted. Their relative rotation matrices can
relevant spectral information, discarding the unuseful be built using simple cross-counting algorithf@kand
information carried by the indexes that vary the most voiceprints are then computed by simply counting co-
from one utterance to the next. incidences over a collection of small matrices. On the
We also compared our topological approach with other hand, once the bank is constructed, the whole
a nave metric method, in which the quadratic dis- recognition task consists in the matching of small ma-
tance between spectra is calculated and coincidencedrices like the ones showed kig. 4.
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