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Abstract

A novel scheme to analyze the effects of time variabil-
ity of vocal tract for speaker recognition is proposed. We
adopt a pitch synchronous feature extraction method to
describe even more detailed characteristics of vocal tract,
and decompose it into rapidly varying and slowly vary-
ing components with a specified linear filter along with
time axis. Speaker identification tasks are performed with
weighted combination of two decomposed feature sets
and their corresponding models to show the efficiency of
each decomposed feature set. Simulation results show
that slowly varying components contain more speaker
discriminative information than rapidly varying compo-
nents do.

1. Introduction

One of the key factors in speaker recognition systems
is the vocal tract information. Many researchers try to
find good feature sets which can model the vocal tract
well enough from the observed speech signal with low di-
mensionality as well as low complexity. The state of art
speaker recognition system hires homomorphic analysis
to extract feature vectors, which is empirically shown to
perform quite well in both of speech and speaker recogni-
tion system [1][2][3]. Homomorphic analysis, however,
exposes itself to the variability of speech signal, which
may be undesirable for these applications. The sources of
variability can be variable, for examples, channel effects,
inconsistent fundamental frequency, or irregular move-
ment of vocal tract [3], and there were many efforts to
minimize them [1][4][5]. To compensate channel effects,
Furui used cepstral mean removal (CMR) and polyno-
mial coefficients, which are also called delta cepstrum,
in [1], and Hermansky, et al proposed the RASTA pro-
cess in [4] which uses a band-pass filtering along with
time trajectory with regard to the characteristics of hu-
man auditory system. In [5], Juang, et al tried to smooth
the sequence of log spectrum with a well shaped lifter-
ing window. Those works, however, seem to have little
attention to the time variability of vocal tract.

The rationale behind this paper is that if we somehow
successfully decompose the variability of vocal tract by
linear filtering, we can characterize its speaker discrim-

ination, and measure the effects to speaker recognition
systems. Even though we use a filtering method to de-
compose them along with time axis as the RASTA pro-
cess does, there are major differences that make the pro-
posed scheme unique. One of them is the fact that our
analysis focuses on speech production model while the
RASTA process relates to auditory model. Additionally,
we use a pitch synchronous feature extraction method to
describe the vocal tract information explicitly, while all
the previous approaches use the fixed length of analysis
window to extract features, assuming that each pitch pe-
riod of speech signal contains the information of vocal
tract in that period [6].

This paper consists of three studies; on the time vari-
ability of vocal tract, a method to decompose the vocal
tract into slowly varying and rapidly varying features, and
their effects to the speaker recognition applications.

2. Homomorphic Analysis

Time-frequency representation of speech signal, s (¢),
can be represented as follows.
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where n is frame index and w,, () is the analysis win-
dow which is assumed be non-zero only in the interval
[T, T, + Ny — 1]. Taking into account of speech pro-
duction model and channel model, it can be represented
as

S(n,w)=[{E (n,w)V (n,w)+ N (n,w)}

C (n,w)] * W, (w) @

where * denotes convolution, and F (n,w), V (n,w),
N (n,w), C (n,w), and W, (w) are frequency represen-
tation of excitation, vocal tract, additive noise, channel,
and analysis window at the corresponding frame index,
respectively.

By inverse-Fourier transform after logarithmic oper-
ation, we can extract a cepstral feature for the windowed
speech signal.
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Under the assumption that we can sufficiently elim-
inate the additive noise by speech enhancement prepro-
cessing before extracting features [7], and approximate
the effect of analysis window as well as that of excita-
tion using liftering window in [5][8], we can rewrite the
equation as follows.

¢(n,m) = ¢(n,m)l(m)

1 2m .
~— / log {V (n,w) C (n,w)} e’ ™dw
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=cy (n,m) 4+ cc (n,m)
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where [ (w) is a liftering window. Since it is strongly be-
lieved that ¢y (n,w) is the only element we need for the
application, many algorithms have been proposed to com-
pensate cc (n,w) [1][4]. Since what we are interested in
this paper, however, is the variability of vocal tract, we
assume that there is no channel effect when we use clean
speech database, if any, it can be easily eliminated by
conventional channel normalization schemes described in
the previous section. Hence, we can rewrite (4) as

é(n,m) = cy (n,m)
27 ) (5)

= — logV (n,w) e?“™dw
2

3. Time Variability of Vocal Tract

Conventional cepstral feature extraction methods are
based on either linear prediction analysis or filter bank
approaches of fixed length of speech signal, which is
usually 20-30ms long, under the assumption that speech
signal is quasi-stationary in such time period [1][3][5].
Again, since we are focusing on the time variability of
vocal tract, we need to explicitly describe the informa-
tion of vocal tract without quasi-stationary assumption.

In our previous work, we proposed the pitch syn-
chronous feature extraction method using flexible length
of analysis window to minimize cepstral distance be-
tween training and test data, which is highly correlated
with the performance, and found it very efficient and even
outperformed the conventional feature extraction method
[6]. While we used multiples of pitch-period-long speech
signals in the previous work, we used one pitch-period-
long speech signal in this paper. Intuitively, this scheme
provides even more details of vocal tract information in-
dependent of adjacent pitch period of speech and leads us
to forget about the quasi-stationary assumption. We can
define the non-zero interval of analysis window in (1) as
[T, Ty, + P, — 1], where T,, = 51— Py and Py is the
pitch period of kth frame. Since the estimation of an ac-
curate pitch period is very crucial in this paper, we adopt
a pitch estimation method used in EVRC speech coder,
which is known to have good performance [9].

Now, let us assume that the variability of vocal tract
is from the irregular component, which varies its char-
acteristics relatively faster than stationary component,
and it can be easily decomposed by linear filtering.
Then, we decompose the sequence of pitch-period log-
spectrum into rapidly varying and slowly varying compo-
nents along with frame indices. We apply various finite
impulse response (FIR) filters, denoted by h(n), to split
across with respect to frame index.

logV (n,w) =log V (n,w) + log V (n,w)

=h(n)*logV (n,w) (6)
+ (1= h(n)) xlogV (n,w)

Fig. 1 shows an example of decomposition results,

when h(n) is set to low pass filter whose cutoff frequency
is 0.27.
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Figure 1: Pitch Synchronous Log-Spectrum analysis



Since what we need for speaker recognition system
is cepstral coefficient, (6) should be expanded into cep-
stral domain. With simple math, it can be easily shown
that the filtering on log-spectral domain is nothing but the
filtering on the feature domain, i.e.,

cv (n,m) = h(n) xcy(n,m) + (1 — h(n)) x cy (n,m)

=Cy (n7 m) + Cy (n,m)
(N

After this procedure, we have two different feature
vector sets, slowly varying feature, cy;, and rapidly vary-
ing feature, ci;. Fig. 2 shows the block diagram of pro-
posed speaker identification system. Gaussian mixture
model (GMM), one of the wide-spread modeling strate-
gies in speaker recognition field, is applied for pattern
classification with expectation maximization (EM) algo-
rithm [2]. Each feature vector set is trained to generate
two separate speaker models, which means every speaker
registered in the proposed system has two types of sepa-
rated models.

When test speech data comes in, it must go through
the same decomposing procedure to produce two feature
vector sets and to get likelihood of each feature vector set
from its corresponding model as follows.

M eXp {7 (xwz_ﬂi)TC;;l(xn_Ni) }
LL(x,)=1In i
' ; o enPle)?
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where M is the number of mixtures for speaker model.
1;,C;, and p; represent mean, covariance matrix, and
weight of ith Gaussian mixture, respectively. x,, is the
feature vector of nth frame of speech. To make a deci-
sion, we need to somehow merge those two scores. We
propose
£(s) = % {0 =A()"LL(ep) + A (5)" LL (eg) }

is=1,2,---, Mg

©))
where NV is length of feature vector set, LL(-) is an V-
long column vector which contains sequence of normal-
ized log-likelihood of feature vector set of speaker s with
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Figure 2: Block diagram of the proposed scheme

respect to all speakers, and M,is the number of regis-
tered speaker in the identification system. A (s) and 1 is
an weighting vector for likelihood for each feature vec-
torand [1,1,..., 1]T, respectively, and the dimension of
both vectors is N. Finally we decide the speaker ID that
records the highest score.

S =argmax{(s);s=1,2,---, Mg (10)

S

4. Experiments
4.1. Filter design and weighting value

The energy ratio of slowly varying and rapidly varying
components should be varied depending on the cutoff fre-
quency of linear filter. However, it is difficult to design
a theoretically optimal filter that has the highest recogni-
tion rate. In this paper, we perform speaker identification
tasks with various types of filters to select the filter empir-
ically. Assuming that the irregular characteristics of vo-
cal tract is relatively faster than normal ones, we use low-
pass filters to separate slowly varying and rapidly varying
features. The filter length is empirically chosen 9. We set
weighing values A = A1 where 0 < A\ < 1 for simplicity.

4.2. Experimental setup

Twelfth order of LP-derived cepstral coefficients are used
for the experiments, and the features are extracted from
a pitch synchronized speech signal in YOHO database
which is designed for text-independent speaker recogni-
tion system [10]. Only one session of training data, 24 ut-
terances for each speaker, is chosen to train 138 speaker
models, and 10 sessions, 4 utterances for each session,
are used for identification tasks. For each speaker, we
have two separated GMM models, one is for the feature
set of rapidly varying components and the other for one of
slowly varying components, and each model has 32 mix-
tures. We also apply the CMR method for compensating
possible channel effects.

4.3. Experimental Results

Fig. 3 shows the speaker identification error rate versus
cutoff frequency. Two solid lines with rectangles and cir-
cles represent speaker identification error rate when we
use either of slowly varying feature set or rapidly vary-
ing feature set, respectively, while dotted line depicts the
one of un-decomposed original feature set. It implicates
that relatively fast components are not as discriminative
as slow components, as we expected. It also shows that,
however, low pass filters with too low cutoff frequency
can easily loose discriminative information of vocal tract.

Fig. 4 depicts that speaker identification error rate
versus weighting factor, A, only for the chosen cutoff
frequencies which attract our notice. As it goes right
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Figure 3: Identification error rate versus cutoff frequency
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Figure 4: Identification error rate versus weighing factor

direction, system gives higher weight for rapidly vary-
ing components for its decision, and vice versa. It tells
us the same results with the previous experiments, that
relatively slower components contain more discrimina-
tive information than rapid ones do. For the well-chosen
weighting values, the proposed method (solid lines) out-
performs the un-decomposed feature (dotted line). Over-
all shape of these curves, however, is concave, which
implicates that the feature set of rapidly varying com-
ponents have somewhat speaker discriminative informa-
tion. One of the reasons is that even the irregular move-
ment of vocal tract may contains very personal informa-
tion so that it can be one of the characteristics of a certain
speaker. Hence, we argue that speaker-dependent filters
and weighting values are needed to explicitly decompose
two components and to make proper decisions with two
different scores.

5. Conclusions

We proposed the feature decomposing method which
made stationary and non-stationary feature sets out of the
pitch synchronous ones. We also described a method to
design the decomposing filters and to decide the weight-
ing values of each components experimentally. The re-
sults of speaker identification tasks showed that relatively
slowly varying components contained more discrimina-
tive information than rapidly varying ones did. However,

irregular components also contributed system improve-
ment. The need of speaker dependent decomposing fil-
ter and weighting value was discussed, and further works
would be how to design and find those speaker-dependent
filters and weighting values.
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