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Abstract Charlet [3], our feature selection process takes into account
the effect of feature selection on warping. This in practice
In this paper we propose an optimisation technique to means that the time alignmentfunction is optimised for each
choose a user independent feature subset from the inputandidate feature set to evaluate its discriminative effective-
feature set for a DTW-based text-dependent speaker veriness. In this sense our algorithm emulates the estimation-
fication system. The results indicate that with the optimised maximisation (EM) process where the steps of model se-
feature set the verification error rate of the system can be lection and parameter estimation are alternated to find the
improved. optimal solution to the feature selection problem. The op-
timisation method of selecting a feature subset from input
features is proposed in Section 3. It describes the I-r search
algorithm [5], which minimises the experimental error rate
in DTW-based speaker verification system. The proposed
S ) ) scheme is applied to cepstrum coefficients and their first or-
Speaker verification is the process of accepting or reject-ger orthogonal polynomial coefficients [6]. Experiments are

ing an identity claim of a speaker using speaker-SpecifiC ;ondycted on a Spanish database [2] and results are presen-
information contained in speech signal. From this signal (¢ in Section 4.

a set of acoustic descriptors is extracted. Much research
had been done on extraction of features from speech sig- e .
nal [11][12], which are useful for discrimination among 2. Verification Technique
speakers [14] and should contain linguistic and speaker-
dependent information.

As we are interested itext-dependenterification, we
adopt the Dynamic Time Warping matching algorithm de-
scribed in Section 2, which in this context has been shown
to outperform the Hidden Markov Model [7].

This paper addresses the problem of selecting dis-
criminative features from the input set of acoustic signal

1. Introduction

The measurements extracted from speech signal are cep-
strum coefficients and their first order orthogonal polyno-
mial coefficients. Cepstrum coefficients are derived from
the linear predictor coefficients. First, tenth order linear
predictor coefficients are extracted from each frame by the
auto-correlation method. Then the linear predictor coeffi-
cients are transformed into cepstrum coefficients and finally

descriptors. This problem in the context of speech recog_orthogonal polynomial coefficients of the cepstrum are cal-

nition and speaker recognition has already been addresse?u_latetd [6](‘1 I:er;a, v:/je haveflrj_s_ed ;[entfhtﬁr(jetr_ cepfstrurp coef-
in earlier studies [4] [3] [13]. icients and first order coefficients of their time functions,

In our work, the feature selection process is user inde_Whlch represent the slope of the cepstrums. Thus a set of 20

pendent as opposed to the previously investigated user defeatures is used as an input feature set. These measurements

pendent approach [9]. In the user dependent case each usé‘lrave been shown to contain information for discriminating

has its own feature subset for verification, while in the user among speakers [1][8].

: : The verification technique used is based on DTW. Ac-
independent one there is only one common feature subset

for all the clients. Thus the user-independent approach hascordlngly, time registration of the time functions of the

immediate merit over the client dependent counterpart WhenSample utterance is made with the time functions retrieved

the number of client increases. Furthermore, in contrast 102> the reference template of the claimed identity. An over-
all distance between the sample utterance and the reference

*This work was partially supported by EU Project M2VTS. template is obtained as a result of the time registration us-




ing dynamic programming technique. The distance of eacha direct exhaustive search will not be possible. Evidently,
element is weighted by intra-speaker variability summed to in practical situations, alternative, computationally feasible
produce the overall distance. Finally the best match dis- procedures will have to be employed. The I-r algorithm is
tance is compared with a threshold distance value to de-one of the suboptimal search algorithms mentioned in [5].
termine whether the identity claim should be accepted or We are not using its more advanced versions [10] for com-
rejected [6]. The expression for the distance metric [6] ad- putational reasons.
optedis: Search Algorithms for Feature Selection
K ) 5 Sequential Forward Search (SFSjs the simple bottom
D(R(n),T(m)) = Zgi (ri(n) —ti(m))* (1) up search procedure where one measurement at a time is
=1 added to the current feature set. The criterion function used
where g; is the weighting function, which is the recip- for selection of feature is False Acceptance Error rate. At

rocal of the mean value of intra-speaker variability for the €ach stage, the attribute to be included in the feature set is
ith element. TheR(n) = (ri(n)..rx(n)) andT(m) = selected from among the remaining available measurements

(t,(m)...tx (m)) are the reference and test template feature (using the performance criterion), so that a new enlarged set
vector ofnt" andm!" frame of speakers respectively and of feature yields a minimum value of the criterion function
K is the number of elements of feature vector. Using this Used. The algorithm is initialised by settid, = ¢, where
distance, the dynamic path is chosen to minimise the accu# means the null set [5].
mulated distance along the path. Sequential Backward Search (SBS)s the top down
The overall distance accumulated over the optimum counterpart of the SFS method. Starting from the complete
warping function is compared with a threshold to determine Set of measurements, we discard one feature at a time un-
whether to accept or reject an identity claim. To find a suit- til (D — d) measurements have been deleted. At each stage
able threshold we measure the distances between the trairef the algorithm the element to be removed from the cur-

ing utterances and the adopted template. The one which igent feature set is determined by investigating the statistical
largest is taken as the threshold. dependence of the features in the set.

The I-r algorithm: Consider that we have input feature
setY and supposg features have been selected to generate
setXy. [ indicates the number of features to be added using
SFS and- indicates the number of features to be discarded

We are interested in finding a subset of features which by the SBS method. In our work, we have uged 2 and
minimise the error rate of our speaker verification system. . { The algorithm is described in steps as follows:

This contrasts with previously reported work [4][12] where, 1. Using the SFS method adéeaturese; , from the set

a thgoretlcal crlter!on function was used as a measure of ef-of available measurements,— X}, to X, to create feature
fec_tlveness. In this system, error rate depe_n_ds on the de'sethH. Setk=k+1, Xp_p = X
cision threshold, hence we consider an empirical error rate

(false acceptance rate) rather than its theoretical counter

3. The Proposed Optimisation Method

2. Remove the worst features{; from the setXp_,
using the SBS procedure to form feature Xgf .. Set

part. i k = k—r. If kK = dthen terminate the algorithm. Otherwise
Formally the problem of feature selection can be de- setX; = Xp_, and return to step 1.

scribed as selecting the best suh&ebf d features, from If 1 > r then the (I, r) algorithm is a bottom up search

the set’, method. Commence from step 1 witland X, set respect-
_ e , ively to £ = 0 and X, = 0. Forl < r, the (I-r) algorithm
X = {xm. =1,2,3..d,3; €Y} (2) is a top down procedure. Skt= D andX, = Y and start

Y = {yly=123..D} () fromstep 2.

In all our experiments the above algorithms are used for

of D > d possible measurements representing the pattern. optimisation of the input feature set.

By best subset, we mean the combinationidéatures
which optimises the criterion function with respect to any i
other combinatiorE = (&|i = 1,2,3...d) of d features 4. Experiments and Results
taken fromy'.

For the feature selection process, all the possible subsets Experiments are conducted on a Spanish data set of 40
of d out of D attributes should be considered to guarantee speakers [2]. In this DTW-based verification system, the ut-
optimality of the feature set selected. The number of theseterance used for the experiment is a sentence of 0-9 digits
sets is given by the well known combinatorial formula [5]. spoken in Spanish. The model is trained using four repeti-
It is apparent that, even for moderate valuesdohndd, tions of the same sentence spoken approximatelyaek



However it may be beneficial to accept this increase for the
sake of simplicity of the verification system.

8.0 |

N 5. Conclusion
In this paper, we have addressed the problem of op-
timising the acoustic feature set for text-dependent speaker
N g verification, using a Dynamic Time Warping system. We
applied the I-r feature selection algorithm to study the ef-
fectiveness of cepstrum coefficients and their first order de-
oo ot e B0 rivatives and to select user independent feature subset. The
experiment on Spanish data shows a significant improve-
ment of verification error rate with optimum feature set.
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9% False Acceptance error rate-->

Figure 1. False Acceptance error rate.

References
intervals. The acoustic descriptors (cepstrum derived from
LPC and orthogonal cepstrum) are averaged over the four [1] M. J. Carey and E. S. Parris. Robust prosodic features for
repetitions and; (weighting function), which is a measure speaker identification. IRroc. Int.Conf. Spoken Language
of intra-speaker variability, is also calculated recursively. Processing, Philadelphjgpages 1800-1803, 1996.
Thus each utterance is transformed to speech features and[?] CARLOS. Speech database, Universidad Carlos Iil de Mad-

. . rid, Spain, 1996.
weight (g;) of each feature. Then the verification is per- 31 p charlet and D. Jouvet. Optimizing feature set for speaker

formed using the Dynamic Time Warping (DTW) approach. verification. InProceedings of First International Confer-
For the feature selection, the I-r algorithm is used, which is ence, AVBPA'97pages 203210, 1997.

described earlier. The performance criterion used for se- [4] R. Cheung and B. Eisenstein. Feature selection via dynamic
lecting features is False Acceptance(FA) rate, as the False  programming for text-independent speaker identification. In

Rejection(FR) rate is 0 according to an adopted decision IEEE Trans. on Acoust.,Speech and Signal Processing, vol.
threshold strategy. ASSP-26, NO. Foages 397403, 1978.

In the experiment, the following procedure is repeated [5] P. A. Devijver and J. KittlerPattern Recognition: A Statist-
’ ical Approach Prentice Hall, Englewood Cliffs, NJ, 1982.

fo.r each client of the dla’Fabase:— Let speakes used as [6] S. Furui. Ceptral analysis technique for automatic speaker
client. From the remaining 39 speakers of data base, 20 verification. INIEEE Transactions on Acoustics, Speech and
speakers are used as impostors excluding client. For the Signal Processing, vol., Dages 254-272, 1981.
clientz, shots 1-4 are used to train the model and shot 5 of [7] S. Furui. Recent advances in speaker recognition. In
20 impostors is used in feature selection process and feature  AVBPA97pages 237-251, 1997.
subsets are obtained. Then verification is performed using (8] T'_t_Matsu'_ and S. IF:HUI{ szt-l_;\dr:apefndentt_speaklgr recog-
shot 6 and the obtained feature subsets. In verification one nition using vocal fract and prtch information. - #roc.

. . Int.Conf. Spoken Language Processing, Kobe, p&es
client test and 19 impostors tests are performed. The set 137-140 1990
of 19 impostors is different than the one used in the feature 9] M, pandit and J. Kittler. Feature selection for a DTW-based

selection process. A different utterance containing the name speaker verification system,. Rroceeding of ICASSP’98,

and address of client is used to evaluate the weighting vol. 2, pages 769-772, 1998.
functions for each feature. [10] P.Pudil, J. Novovicova, and Jitier. Floating search meth-
The results are shown in Fig. 1. Grapkhows the out- ods in feature selection. IRattern Recognition Letters, 15

come of the feature selection process and gragiows the pages 1119-1125, 1994.
P 9 [11] A. Rosenberg. Automatic speaker verification: A review. In

verification results_ using shot§for.test|ng with the opt|mum Proceeding of IEEE, vol. 64. No, pages 475487, 1976.

feature sets of different cardinality on the model trained [12] \. sambur. Selection of acoustic features for speaker iden-

earlier. The FA rate at optimum feature set of size 15 is tification. InIEEE Transactions on Acoustic, Speech, and

3.7% as compared to 6.9% for all 20 features, which shows Signal Processing, vol. ASSP;2fges 176-182, 1975.

a significant improvement in error rate. These experiments[13] A. Torre and A. M. Peinado. A DEF-based algorithm for

show that by optimising the set of acoustic features using feature selection in speech recognition. Aroc. Int.Conf.

the feature selection technique, the verification error rate ﬁ” Acousiig’lsgpi%czhz af59$i9”3| Processing, Germany, vol.

ianifi i iti i i , pages — , .

gage%eoilg?cﬂzzgg reguced 9|n 3? dition tt)o In(;reasmkg the_ [14] J \?Vo?f. Efficient acous?ic parfameters fgr speaker recogni-
P P 9. From [9], the number of Speaker in tion. In Journal Acoustic Society America, vol.,5iages

dependent features required to achieve a comparable per- 2044—2055, 1972.

formance to the speaker dependent approach is 50% higher.



