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Abstract. A detailed description of our text-independent &geaverification (SV) system, referred to as WClLal,
participant in the one-speaker detection task ®2003 NIST Speaker Recognition Evaluation (SRpyésented. It is
an improved version of our baseline system, whiab $uccessfully participated in the 2002 NIST SRREaddition to
the short-term spectrum represented by the Meb&aqy scaled cepstral coefficients (MFCCs), therawed WCL-1
system exploits also prosodic information to ace¢don the speaking style of the users. A logaritbfrthe energy,
computed for the corresponding speech frame, replde first MFCC coefficient, which was found venych influ-
enced by the transmission channel and the hantiseaateristics. Furthermore, a logarithm of thedamental fre-
qguency f0 is added to the other parameters, to thenfinal feature vector. Instead of the traditibim(f0), we propose
In(fO-f0n), which we found out to be much more effectivee dimi its extended dynamic range that better cooredp
to the relative importance of the fundamental festpy. The constant f§, is derived as 90% of the minimal funda-
mental frequency the pitch estimator can detecm@uative results between the improved WCL-1 sysaeuwh the
baseline version, obtained in the one-speaker tiltemsk over the 2001 NIST SRE database, aretegho

INTRODUCTION

In general, the task of speaker verification isref as: making a decision, if the identity of segi speaker coin-
cides with the one he/she claims. For that reaaop,automatic SV system receives two inputs: antitjeclaim
(PIN, User's name, etc.) made by the speaking peasal a certain amount of speech, representingehisioice.
Another frequently used term for description of 8 task isone-speaker detection, since the output of the process
is always a binary decision: ‘yes’ — the speakeaxcsepted with the claimed personality, or ‘no’e-it rejected as
an impostor. In case of text-independent SV, wiiécthe most challenging among all SV tasks, thelkpeis not
obligated to follow a specific predefined scenads,pronouncing a password or prompted by the systzuence
of numbers or sentences. Therefore, the SV decisibased only on the user’s voice, and not oregifp knowl-
edge he has. That scenario is the most comforfabliae user, because the process of SV remaimkehitbr him,
and the system makes its decision only by usingploataneous speech collected during the dialog.

Our text-independent SV system is based on PrastibiNeural Networks (PNN), which were chosen lisesof
their good generalization properties and more irgualy because of their fast designing times. PNidigh is
straightforward and does not depend on trainingA%]a result, PNN are built only for a fractiontbé back propa-
gation artificial neural networks training time.istwell known that the PNNs need more neurons esetpto back
propagation networks, which leads to an increasadptexity and higher computational and memory regquents
in the process of exploitation. Nevertheless, thesgstem described here is capable of working al-tiene on
common personal computers.

THE WCL-1 SPEAKER VERIFICATION SYSTEM

A simplified block diagram of the WCL-1 system isepented in Fig.1. The lower part of the figureidispthe op-
erational configuration of the system, while th@@&ppart summarizes the process of training. Irtrdiaing phase,
we demonstrate the way that the Universal Backgtdhodebook (UBgCB) is constructed, as well as thi&ing
of the personal codebooks and the individual PN gte enrolled users. The lower part of the figieeeals the
consecutive processing stages of every test fraah feature extraction, model matching and prolitgtestimation,
to making a final decision. The identity claims &rtest trials are provided by a test-contra fil

In the following paragraphs, for thoroughness af exposition, a description of the main buildingdks of our
speaker verification system is presented.
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FIGURE 1. A simplified block diagram of the WCL-1 system

Pre-processing and featur e extraction

Saturation by level is a common phenomenon foptelae speech signals. In order to reduce the spefistor-
tions it causes, a band-pass filtering of speegreiformed as a first step of the feature extractimcess. A fifth-
order Butterworth filter with pass-band from 80 t623800 Hz is used for both training and testinige the speech
signal, sampled at 8 kHz, is pre-emphasized byiltiee H(z)=1-0.977" and subsequently, windowed into frames of
40 ms duration, at a frame rate of 100 Hz usingaeniing window. The speech frames formed in thatneaare
subject to 2048-point Short Time Fourier Transfd81FT). Each frame processed so far has passedgthi@ set
of 32 triangular band-pass filter-bank channels. Miee accepted an approximation of the Mel-scait ¥B line-
arly spaced filter-banks, lowest central frequeB6® Hz, highest 1000 Hz and 19 log-spaced (factor11703)
with highest central frequency 3690 Hz. Finally,@&hensional feature vectors are formed, afteryapglDiscrete
Cosine Transform to the log-filter-bank outputs.l\Othe feature vectors extracted for voiced spefeaimes are
used to represent the speakers’ identity. The ddicevoiced speech separation is performed by thdifired auto-
correlation method with clipping [2].

In this year’s version of the WCL-1 system, thedothm of the energy, computed for the correspandimeech
frame, replaces the first MFCC coefficient. Furthere, the logarithm of the fundamental frequencisf@dded, to
form the final feature vector. In fact, insteadtuod traditional In(f0), we propose In(fOxf), which we found out to
be much more effective, due to the extended dynaamige that better corresponds to the relative itapoe of the
fundamental frequency. The constant;f8 55 Hzis selected, as 90% of the minimal fundamentalueagy the
pitch extractor can detect -- in our case 60Hz.

Construction of the Codebooks

The feature vectors extracted from the voiced dpdeames are used to model the speaker’s voicealBecthe
complexity of the PNNs depends strongly on the nem@nd dimensionality of the training vectors, kameans
clustering algorithm [3] is used to reduce theiroamt. A pre-initialization of the initial clusteeatres, by running
k-means over a smaller dataset, consisting of ab@ of the available data, is performed. Codebauksbuilt,
both for the enrolled users and for the world o$gible impostors. It was experimentally found, thatodebook
composed of 128 vectors is large enough to mairstagnod representation accuracy of the speakesstitgt, and
one consisted of 256 vectors leads to a slightiieb@erformance. In this year's WCL-1 system, wakeuse of
256-vectors sized codebook of in order to maxintimequality of the target users’ models, in corittaghe base-
line system, where 128 vectors were used. For dlckdround reference models, a codebook of at BEvectors
is necessary, and for achieving a better accura2y 5024, or 2048, vectors are recommended.

In the development experiments, performed durimgptteparation for the 2003 NIST SRE, the targetsusere
enrolled from the 2001 NIST SRE database, and @82 NIST SRE database was used for impostor madelli
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The gender-dependent UBgCBs were built by usinthallavailable in the 2002 NIST SRE training speéthotal,
139 male and 191 female speakers were availalth,@s having about two minutes of speech. As show#ig.1,
first a personal codebook, consisting of 256-vextéor each background speaker is created. Thesgetback-
ground codebooks are merged by gender, and a sep#BgCB is constructed for the male and femaleakpses.
On the next step, the UBQCB size is reduced, bygutie k-means clustering technique. In this yegystem, an
UBQCB consisting of 1024 vectors is utilized, irssteof the one composed of 256 vectors which isatgal in the
baseline system.

The UBgCB along with the codebooks built for theadled speakers are then employed, to design apemtent
PNN for each target user.

The PNN description

The PNNs implement estimator by using a mixturé&safissian basis functions (see [1] for detailsp FNN for
classification irK classes is considered, the probability densitgtion fj(xp) of each classs is defined by (1),

M;

ZeXp(_ZO_IZ(Xp_xij)T(Xp_Xij)), with i =1,...,K (1)
B

(x)=— L+ 1

where Xjj is thej-th training vector from clasg;, Xp is thep-th input vector,d is the dimension of the speech

feature vectors, an#!l is the number of training patterns in clags Each training vectokj is assumed a centre

of a kernel function, and consequently the numifgrattern units in the first hidden layer of theursd network is
given as a sum of the pattern units for all thess#s. The variance acts as a smoothing factor, which softens the
surface defined by the multiple Gaussian functiksseen in (1)¢ has the same value for all the pattern units,
therefore, a homoscedastic PNN is considered.

After the probability density function (1) of eaclass, for a given input vector, is computed, tlagdsian deci-

sion rule (2) is applied to distinguish clags, to which the input vectox, belongs:

D(xp):arg.max{]q fixp)t i1=1..K (2)
|

where hy is a-priori probability of occurrence of the patig of category;, and ¢ is the cost function in case of
misclassification of a vector belonging to clags. The averaged for all test vecto¥ ={xp}, p=1,..., P prob-

ability, for a given test trial to belong to clasgs is computed by (3):
1 P
Pi 1X)== 3 Dp) 3)
p=1

whereX is aP x d matrix, containing® feature vectors, each one with dimensionalityor every trial, the aver-
aged probability for all output decisions of a marar PNN, obtained by testing with multiple feauwectors, is
used to compute a scokedefined as:

X =n(P(k [ X)=p) (4)

where/7 and S are constants for tuning the scale and the offset of the ggddicore.

A speaker-independent threshakl computed to minimize the decision cost, is then appli¢detscore (4) and
a final decisionO(#) is made:

L for y=26
ob) = Ep . (5)
or y<@
When the scorg is above or equal to the threshold the user dsimeccepted, otherwise the utterance is considered
to belong to an impostor speaker.
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FIGURE 2. Speaker verification performance comparison FIGURE 3. Speaker verification performance comparison
for the baseline and the two modified feature sets for two representations of the fundamental frequeé@c

2001 NIST SRE -- ONE-SPEAKER DETECTION DATABASE

The 2001 NIST SRE - one-speaker detection databaseused in our experiments. It is excerpt from the
Switchboard-Cellular corpora, which had been preegsn order to remove any pauses and transmishkimmel
echoes. The training data consists of spontangmexh from 74 male and 100 female speakers, retandéffer-
ent environmental conditions: {'inside’, ‘outsidéehicle’}. All training speech had been acquireer the mobile
cellular networks of USA. Each target user is repnted by about 2 minutes of spontaneous speeichcted from
a single conversation. The test data consist ocddpeecorded over {{TDMA’, ‘CDMA’, ‘Cellular’, ‘GSM, and
‘Land’} transmission channels. Both same and d#fférphone number calls (implying different handsetsl dif-
ferent transmission channels are available for eaeh. Depending on the amount of speech thertalst tontain,
they are separated in the following five catego#®-15’, ‘16-25’, '26-35’, '36-45’, and '46-60'}seconds. The
complete one-speaker detection task includes<tlttials, and therefore covers all aforementios@arces of vari-
ability. A comprehensive description of the evaliatdatabase, and the speaker recognition evatuaties, is
available in the 2001 NIST SRE Plan [4].

EXPERIMENTAL RESULTS

All experimental results presented in this secteme only for the male part of the 2001 NIST SREablase. Our
system has proved not to make significant difféadion between male and female speakers [5], aackfbre we
omit the female DET plots for simplicity of our eogition. The conclusions we derived from the maigegiments,
are valid for the female ones, too.

In all experiments, the training and the testintadats have been processed in the way descritsettion “Pre-
processing and feature extraction”. Approximatelyséconds of voiced speech were available foritigithe male
PNNs. Then, these PNNs were examined by testiry allitspeech trials (belonging to the specific gahdas de-
fined in the complete one-speaker detection takk. Male control file ‘detectl.ndx’ includes 850g&trand 8500
impostor trials with length from 0 to 60 secondspéech, and all available transmission channels.

The DET plots shown in Fig.2, Fig.3, and Fig.4 resent results obtained for the male users inahgptete task.
The marks ‘circle’ and ‘triangle’, point to the apal value of the decision cost function designatedCFopt. For
some of the experiments, the optimal decision plést outside the visible area, and therefore tlagknsymbols
cannot be seen. The optimal values of the DCFa&pslaown in the corresponding figure legend table.

Fig.2 presents comparison of the SV performancéhibaseline and the modified feature sets, wisen eode-
books composed of 128 vectors and an UBgCB compafs2s6 vectors are considered (which correspondsetir
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size as it is defined in the baseline WCL-1 systafijh dashed line, the SV performance obtainedterbaseline
MFCC features is depicted, while the solid lineresents the case when the first MFCC is replacethéyoga-
rithm of the frame energy, noted as In(Energy). @ash-doted line reveals the performance for aifeatet com-
posed by adding a logarithm of the difference betwthe fundamental frequency fO and a constapt, fto the
latter feature set. As Fig.2 shows, a decreasheoétror rate is observed when the first MFCC jdaeed by the
logarithm of the frame energy. It is well-known thke first MFCC is sensitive to the transmissidrarnel and
handset characteristics, and thus susceptiblewanted variations. The logarithm of the frame epésgadded to
the rest of the MFCCs to compensate for the spedd@endent information, lost with removing of tivsttMFCC.
More significant reduction of the error rate is ebv&d, when a logarithm of the fundamental frequdinainus a
constant f@hj,=55 Hz) is also added to the logarithm of the franergy and the MFCCs — see the dash-doted line.
The fundamental frequency carries important infdiomaabout the specific glottal anatomy of the &eeaand
together with the frame energy describes the piostige of the speaking person, which is importarg in the SV
process. The dynamic range of the logarithm ofdiheamental frequency however does not represehttsvecla-
tive importance to the other parameters in theufeatector. Therefore, to solve this problem, wekenase of the
logarithm of the difference between the fundamefm&guency and the constantf@. In Fig.3, a comparison be-
tween the cases when the speech feature vectainsin(fO) (dashed line) and In(fOpfgy) (solid line) is shown.

The noticeable reduction of the error rates andi@&opt values for the case of In(fOfi) is obvious.
Fig.4 presents DET plots, obtained for differezesiof the user and the background codebooks, tleebest

feature set: {'In(fO-fQuin)’, ‘IN(Energy)’, ‘MFCC(2:32)'} is considered. Theaseline result, plotted with dashed line
represents the case when 128 vectors are useldefarser codebook, and 256 vectors for the backgrourdel.
The solid line depicts the year's 2003 WCL-1 systamits final configuration, with 256 vectors ftine users’
codebooks and with 1024 vectors for the referermmkdround codebook. The reduction of the error aai the
optimal decision cost is clearly visible. When tast result is compared to the one obtained fragrbiiseline 2002
WCL-1 system in its original configuration (only MIEs, 128 vectors for the users’ and 256 vectorshiback-
ground codebooks), a reduction of the equal eatsr from about 18.5% to about 13.8% is observeithntorre-
sponds to a relative reduction of the error by ntbag 25%.

CONCLUSIONS

An improved version of our baseline WCL-1 systerhjalv is going to participate in the 2003 NIST SR&s pre-
sented. Enhancements in the feature extractiorspeaker modelling stages were performed. Improvésrierihe
feature extraction step are connected to: redutigence of the transmission channel and the handsations
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over the presentation of the speech spectrum,@adding prosodic features, which account for fheaking style
of the users. At the modelling stage, refining qoelity of the user and the background codebooks weeformed,
by introducing pre-initialization of the k-meansiglering algorithm with a small subset, randomlgced over the
user training data, and more importantly by expigitarger codebooks allowing more accurate repitesen of
the users’ and the reference models. The combiffiect ef all improvements comprises a reductionhef absolute
error rate by about 4.7% at the equal error ratetpahich corresponds to a relative reductionhef total error by
more than 25%.
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