Matching Feature Distributions for Robust
Speaker Verification

Marshalleno Skosan, Daniel Mashao
Department of Electrical Engineering, University of Cape Town
Rondebosch, Cape Town, South Africa
mskosan@crg.ee.uct.ac.za daniel@eng.uct.ac.za

Abstract—In this work we improve the performance of a
speaker verification system by matching the feature vector
distributions obtained when training and testing the system. In
particular, we perform experiments using speech that has
been degraded by telephone transmission. Speaker
Verification experiments are performed on the NIST 2000
database. Significant improvements, above the baseline, are
reported.

Index Terms—Speaker verification, Histogram Equalization,
Gaussian mixture models

1. INTRODUCTION

PEAKER verification (SV) is concerned with verifying that

an individual is who he/she claims to be. In ideal conditions
speaker verification systems perform extremely well. However, as
soon as these systems are exposed to real-world conditions, their
performances degrade considerably [4]. From a statistical point of
view, these degradations in performance can be attributed to the
mismatch between a particular speaker’s training and testing data
distributions caused by the exposure to real-world conditions. In
this work, we improve SV performance by using a technique that
has its origins in digital image processing. The technique is known
as histogram equalization and is used here to optimally minimize
the mismatch between training and testing distributions.
Experiments are performed on the telephone degraded NIST 2000
speech database. Large improvements, above the baseline system,
are reported. In addition, we show that histogram equalization
outperforms two commonly used normalization techniques
namely, cepstral mean normalization and mean and variance
normalization.

2. AN OVERVIEW OF SPEAKER VERIFICATION

There are many papers that provide extensive overviews of
speaker recognition research (eg [1, 2, 3, 4]). This section
summarizes some of the concepts discussed in these papers.
Fundamentally, an SV system needs to make a 2-class decision.
That is, to either accept or reject the current identity claim. Figure
1 depicts a typical SV system. Here the system must decide
whether the input speech signal better matches a model of the
claimed speaker or a background model of non-claimant speakers
(imposters). Features extracted from the front-end processing unit
are compared to the claimed speaker model and to the background
model.

Following this a likelihood ratio statistic 4(X) is computed as the
ratio (or difference in the log domain) of these scores. This value
is then compared to a decision threshold 8 to determine whether to
accept or reject the current identity claim.
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Figure 1: A typical speaker verification system

An SV system can make two types of errors, i.e. it can falsely
accept imposters (FA) and falsely reject true identity claims (FR).
In practice, a detection error tradeoff (DET) curve is used to
illustrate the tradeoff between FA and FR errors as the decision
threshold is adjusted. The equal error rate (EER) is the point on a
DET curve where FA = FR and is used and as a single
performance indicator for these two types of error. Another
performance indicator that is often used in speaker verification
research is the detection cost function (DCF) [2, 17]. The is DCF
is the weighted arithmetic mean of the FA and FR rates and is
defined as
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The minimum value of the DCF is usually computed over all
operating points (as the decision threshold is varied).

3. HISTOGRAM EQUALIZATION

In many pattern recognition tasks, improvements in performance
can be expected if one reduces the mismatch between training and
testing conditions. In speaker recognition (SR) systems this
mismatch can to a large extent be attributed to varying ambient
conditions, speech acquisition equipment and transmission



channels [3]. One way of reducing this mismatch is by defining
transformations that normalize feature distributions obtained
during the training and testing of an SR system. Two such
transformations are cepstral mean normalization (CMN) and mean
and variance normalization (MVN). CMN is a channel
compensation technique that has successfully been used to reduce
the convolutional effects of telephone channels on input speech
signals [5]. CMN however, also has the dual effect of normalizing
the mean of each speaker’s training and test data distributions [5].
It does this by using the following transformation
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MVN, on the other hand, uses the transformation given in
equation (2) to normalize not only the means but, the variances of
these distributions as well [6]
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In equations (1) and (2), 4, is the global mean of the variable
Xoiq for a particular utterance, whereas o, ~is the standard

deviation. However, these techniques are linear and can thus not
adequately compensate for the non-linear effects caused by
telephone transmission.

To this end, a technique known as Histogram Equalization
(HEQ), which is used extensively in digital image processing [7]
and, which has recently been applied to speech recognition with
great success [8, 9], is applied in this research. The aim of HEQ is
to completely match the distributions of the training and test data,
not just the mean and/or variance (like CMN and MVN) [10]. It
does this by non-linearly transforming the probability distribution
of a particular speaker’s feature vectors, obtained during training
and testing, into a reference distribution.

The formulation of HEQ is as follows [11, 12, 13, 14]: Let x, be a
one-dimensional variable with a probability distribution py(xy).
Let x; = T(xy) be a single-valued and monotonically increasing
transformation that converts the probability distribution py(x,) into
a reference probability distribution p,,[(x;). In other words, it is a
transformation that makes the probability of finding x, in a
differential range dx, equal to the probability of finding x; in the
corresponding range dx; i.e.

p,—ef (xl)dxl =D (xn )dxo (3)

Thus the transformation x; = 7(xy) modifies the original
probability distribution py(xy) according to the expression
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where G(x;) is the inverse transformation of 7(x).
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Using equation (4), the relationship between the cumulative
probabilities associated with py(xy) and p,.(x;) is given by

Cy(x,) = I pu(xo')dxo'
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Thus the transformation 7(x,) can be obtained as

T(x,)=C,; (Cy(x)) (6)

where C is the inverse of the cumulative distribution function of

the reference probability density function (PDF).

For practical implementations only a finite number of
observations are available. As a result, cumulative histograms
instead of cumulative probabilities are used. This is the reason that
the transformation is called histogram equalization and not
probability distribution equalization. The transformation in
equation (6) cannot however be easily be applied to the multi-
dimensional feature vectors obtained from the signal processing
front-end of speaker recognition systems. As a result, it is
assumed that the all the dimensions of the feature space are
independent. ~ Under this  simplifying assumption, the
transformation can be applied to each feature space dimension
independently. A graphical illustration of the transformation is
depicted in the figure 2. It shows how the cumulative histograms
of the original variable and the transformed variable (the reference
cumulative histogram) can be used to perform the transformation.
Here each test/training set value x, is replaced the value x; that
corresponds to the same point in the reference cumulative
histogram. This illustration shows that HEQ is computationally
attractive as it can be implemented by using a simple look-up
table.
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Figure 2: The histogram equalization transformation
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4. THE SPEECH DATABASE

Moreno [15] states that both stationary and non-stationary noises
can be encountered in a telephone network. Stationary noise
appears in the form of low frequency tone-like signals, or white
noise caused by thermal and other physical phenomena. He goes
on to state that these single frequency noises can be produced by
the harmonics power lines and by signaling tones that get
transmitted by error through the telephone channel. Non-
stationary noises on the other hand can be attributed to clicks and
other transient phenomena caused by intermittent connections. As
a result, evaluating histogram equalization on speech degraded by
telephone transmission will give one a true idea of its ability to
compensate for both linear and non-linear distortions.

In a previous contribution [20], we evaluated HEQ on a speaker
identification task using the NTIMIT database. This database
contains phonetically rich speech that was captured in a sound
booth during a single session. The speech was then transmitted
through a carbon-button telephone handset and recorded over
local and long distance telephone loops [21]. Although HEQ was
shown to outperfoom CMN and MVN, the effect of
conversational-like speech, different telephone handsets and
various periods of intersession could not be evaluated using this
database.

In this work we evaluated the performance of CMN, MVN and
HEQ on the NIST 2000 speaker recognition evaluation database
[16, 17]. This database includes conversational telephone-quality
speech taken from the Switchboard 2 corpus. The test segments
are recorded from calls made from a telephone number that is
different from the one used to enroll. Therefore, all test utterances
may be considered to be collected using a different handset than
the one used for training the speaker models. Each speaker model
is trained using a single two minute session of speech, while
testing utterances range between 15 and 45 seconds. This database
allows one to evaluate speaker verification systems under very
challenging real-world conditions as the speech, in addition to
being degraded by telephone transmission, is also affected by the
use of different handsets, different periods of intersession,
conversational speech and different test segment lengths. We used
this database to perform 1561 true speaker trials and 15501
imposter trials (all trials consisted of male speakers only).

5. EXPERIMENTAL RESULTS

5.1. The baseline system

In this work the front-end processing unit extracts mel-frequency
cepstral coefficients (MFCC) from the input speech signal. These
features are aimed at emulating the spectral compression applied
by the human auditory system to an incoming speech signal [3].
MFCCs are spectrum-based features and are used here as a result
of the speech spectrum having been shown to be very effective in
speaker recognition (SR) research [2]. This is as a result of its
ability to provide an adequate representation of an individual’s
vocal tract structure, which is one of the main speaker dependent
characteristics that SR systems use to discriminate between
speakers [1].

The MFCCs were generated as follows: the incoming speech
signal was first multiplied by overlapping Hamming windows
which divided it into a sequence of 20ms frames with an overlap
of 10ms between frames. These speech frames were then Fourier
transformed into the frequency domain where a sequence of log-
magnitude spectra were computed. To obtain the mel-frequency
cepstral coefficients, these log-magnitude spectra were filtered by
a bank of mel-scaled triangular filters distributed over a
bandwidth of OHz to 3800Hz. The outputs of the filterbank where
then discrete cosine transformed into 30 dimensional feature
vectors. In the subsequent experiments, CMN, MVN and HEQ
were applied at this stage to modify the distributions of these
feature vectors.

In order to model the distribution of feature vectors obtained for
each speaker, we used Gaussian mixture models (GMM) [4, 18].
A GMM can be viewed as a non-parametric, multivariate PDF
model that that is capable of modeling arbitrary distributions and
is currently the most dominant method of modeling speakers in
speaker recognition research. The GMM of the distribution of
feature vectors for speaker S is a weighted linear combination of
M unimodal Gaussian densities b;°(x), each parameterized by a
mean vector ;* and a covariance matrix %;’. These parameters are
collectively represented by the notation

A={p,n,xy for i=1,....,. M @)
where p;° are the mixture weights satisfying the constraint
> =1 ®)

For a feature vector x, the mixture density for speaker S is
computed as

Px12)= 2" o (0 ©
where
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Given a sequence of feature vectors X = {Xj, X,,..., X}, which are
assumed to be independent, the log-likelihood of a speaker model
As 18 given by

L(X) = logp(X14) = %z;logp(x,w (11)

For speaker verification, equation (11) is computed for the
claimed speaker model as well as for the background model of
non-claimant speakers. The difference between these values is
termed the likelihood ratio 4(X) and is subsequently compared to
a threshold 6 to determine whether to accept (A(X) > 6) or reject
(A(X) < 0) the identity claim [4]. In this work we used GMMs
with 64 mixtures to model each speaker. These GMMs were
obtained from well-trained a background model with a form MAP
adaptation according to the work done in [19].

5.2. The effect of CMIN, MVN and HEQ

This section evaluates the performance of all the feature
normalization techniques discussed in section 3. The various
statistics for these techniques (such as the means, standard
deviations, probability distributions and cumulative distributions)
were estimated on an utterance by utterance basis.



Also, we chose a Gaussian PDF with zero mean and unity
variance as the reference PDF for the HEQ technique. Table 1
displays the performance of CMN, MVN and HEQ on the male
portion of NIST 2000 database.

Compensation Equal Error Relative Minimum
Technique Rate Improvement DCF
No compensation 31.35% - 0.0843
CMN 24.57% 21.63% 0.0742
MVN 10.76% 65.68% 0.0403
HEQ 10.16% 67.59 % 0.0389

Table 1: The effect of the feature normalization techniques

Table 1 clearly illustrates that HEQ performs better than both
MVN and CMN but, that MVN outperforms CMN. This result is
to be expected as HEQ can be viewed as an extension of MVN
which, in turn, can be viewed as extension of CMN. This result
emphasizes HEQ’s ability to compensate for non-linear distortions
of the probability distributions of the feature vectors (as discussed
in section 3) which cannot be eliminated by linear methods such
as MVN and CMN. However, from table 1 it can be seen that
normalization of the variance of the training and testing
distributions accounts for the largest improvement in performance
and that normalization of other moments improves performance
only slightly. The trend of the results obtained in this research
corresponds to those reported in [9] and [10] which use CMN,
MVN and HEQ to improve the performance of speech recognition
systems in noisy environments. In figure 3 we show the
significant improvements that can be obtained by minimizing the
mismatch between training and testing distributions when speech
is obtained in adverse environments.
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Figure 3: The improvements obtained when applying CMN,
MVN and HEQ to minimize the mismatch between training and
testing distributions

6. CONCLUSION

In this work we have shown that histogram equalization is very
effective in compensating for both linear and non-linear effects
caused by the various noise sources encountered in a telephone
network. In particular, histogram equalization’s ability to match
training and testing distributions improved speaker verification
performance above the baseline by over 67%.
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