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Abstract. In telephone-based speaker identification, variation in hand-
set characteristics can introduce severe speech variability even for speech
uttered by the same speaker. This paper proposes a method to compen-
sate the variation in handset characteristics. In the method, a number
of Gaussian mixture models are independently trained to identify the
most likely handset given a test utterance. The identified handset is
used to select a compensation vector from a set of pre-computed vectors,
where the pre-computed vectors are the average frame-by-frame differ-
ences between the clean and distorted utterances. The clean features
are then recovered by subtracting the selected compensation vector from
the distorted vectors. Experimental results based on 138 speakers of the
YOHO and telephone YOHO corpora show that the proposed approach
is computationally efficient and is able to increase the accuracy from 17%
(without compensation) to 85% (with compensation).

1 Introduction

Although speaker recognition based on clean speech has reached a high level of
performance [1], severe performance degradation is still very common in prac-
tical, mismatched conditions. This presents one of the major obstacles to the
commercialization of speaker recognition technologies. One example of “mis-
matched conditions” is handset mismatch (or transducer mismatch). For auto-
matic speaker recognition over the telephone, handset mismatch occurs when
the recognizer is trained with speech recorded from one type of handsets and
tested with speech recorded from another type of handsets.

Several successful compensation techniques, including cepstral mean subtrac-
tion [2] and signal bias removal [3], have been proposed to compensate the chan-
nel and handset mismatches. In CMS, the channel is represented by the mean
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cepstral vector of the distorted utterance. Although CMS has been widely used
in speech and speaker recognition, it assumes that the mean cepstrum of clean
speech is zero, which is not always correct (see [4]). In SBR, channel distortion
is considered as an additive bias to the clean speech cepstrum. The bias is esti-
mated from the distorted speech using a maximum likelihood formulation which
results in a two-step iterative procedure. Although SBR is a promising approach
to compensating the channel effect, its iterative procedure is computationally
intensive and therefore not practical for real-time applications.
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Fig.1. A GMM-based Handset Selector for channel mismatch compensation.

To overcome the drawbacks of CMS and SBR, we have recently proposed to
subtract the cepstral mean of a target handset from the CMS-cepstrum [4] and
to estimate the channel cepstrum directly by measuring the frequency response
of the corresponding telephone handset [5]. Although the results showed that
these approach achieves a lower error rate than CMS and is faster than SBR,
their operation relies on the a priori knowledge of handset types (for selecting
the target cepstral mean in [4] and channel cepstrum in [5]), which means that
these approaches may not be practical in real situation. This paper proposes an
approach to overcome this problem. In this approach, a GMM-based handset
selector as shown in Fig. 1 is trained to identify the most likely handset given
a test utterance. The identity, k*, of the most likely handset is used to select
a compensation vector from a set of pre-computed vectors (also referred to as
the channel cepstra). The pre-computed vectors are the average frame-by-frame
differences between the clean and distorted utterances, and each handset is asso-
ciated with one pre-computed vector. Similar to CMS and SBR, the clean cepstra,
are recovered by subtracting the selected channel cepstrum from the distorted
ones.

This approach makes our previous proposals [4], [5] more practical because it
provides a handset selector to select the best compensation vector for each test



utterance. It is also faster than SBR because it does not require any iterative
procedure during recognition. Experimental results demonstrate that to identify
a speaker from 138 speakers, the proposed approach is thousand times faster
than SBR. While SBR achieves the highest recognition accuracy, its accuracy is
only 5% higher than that of our proposed approach.

2 TYOHO Corpus

The YOHO corpus [6] was collected by ITT for government secure access ap-
plications. It features multiple speakers, inter-session variability, combination
lock phrase syntax, high-quality telephone speech and no telephone line effect.
These features make YOHO ideal for speaker verification research. The tele-
phone YOHO (TYOHO) corpora that we constructed were produced by playing
the clean YOHO corpus directly through different telephone handsets (see [5] for
details). Three telephone handsets were used, which resulted in three telephone
YOHO corpora. Figure 2 shows the frequency responses of three handsets based
on actual measurements [5]. Evidently, different handsets will introduce different
degrees of distortion to the clean speech.
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Fig. 2. Frequency responses of three handsets at 85dB sound pressure level.

3 Handset Selector

Research has shown that the handsets are the major source of recognition errors
[7] and that different handsets cause different degree of distortion on speech
signals [8]. As a result, the probability density functions of distorted cepstra
caused by different handsets are different, and we can use a set of GMMs to
estimate the probability that the observed speech is come from a particular
handset.

In this work, M Gaussian mixture models (GMMs), {4}, were inde-
pendently trained using the distorted speech produced by the corresponding



handset. More specifically, model A} was trained to maximize the log-likelihood
function

T T
log [[ p(a(t)|4x) = > logp(a(t)|Ar) k=1,..,M (1)
t=1 t=1

where for notation convince we denote the distorted cepstra by z(t), T is the
number of speech patterns in the utterance and M is the total number of handset
under tested. During identification, an unknown utterance was fed to the GMMs.
The most likely handset is selected according to

T
. M
k* = argrrkg;c;logp(w(t)lflk)- (2)

Then, the clean cepstra Z(t) are recovered by subtracting the £*-th compensating
cepstrum from the distorted cepstra z(t).

In this study, three telephone YOHO corpora were used to train three GMMs.
Each GMM, consisted of 128 component mixtures with diagonal covariance ma-
trices, was trained with the training sessions of all speakers in the corresponding
TYOHO corpus. The GMM parameters were estimated by using the expectation
maximization (EM) algorithm [9]. Table 1 shows the recognition accuracy of the
handset selector, which was obtained by using the verification sessions of the
TYOHO corpora. The results suggest that the handset selector can correctly
label more than 95% of the test utterances.

Testing Recognized by Handset Selector
sessions from [T1 Yoho |T2 Yoho [T3 Yoho
T1 Yoho 95.00% 1.63% 3.37%
T2 Yoho 0.89% 98.86% 0.25%
T3 Yoho 3.88% 0.87% 95.25%

Table 1. Recognition accuracy of the handset selector.

4 Speaker Identification Experiments

4.1 Speaker Models and Performance Index

A GMM-based speaker identification system was used in the evaluation. Specif-
ically, each speaker in the system was modeled by a 128-mixture GMM with
diagonal covariance matrices, and the GMMs were trained using the enrollment
sessions of the clean YOHO corpus. Specifically, for each registered speaker,
their corresponding GMM was generated by clustering his/her voice patterns by
means of the expectation maximization algorithm [9].



Identification was performed using the testing sessions of the clean YOHO
corpus and the telephone YOHO corpora. The aim was to compare the speaker
identification performance under “matched” and “mismatched” conditions.

The recognition accuracy was used as the performance index to compare
the performance of different channel compensation techniques. As the speaker
models remain fixed after the training (excluding the case of CMS), the recogni-
tion accuracies can be used to indicate the capability of different compensation
methods.

In the case of CMS, another set of speaker models, each with the same number
of free parameter (128 mixtures with diagonal covariance matrices), was trained
using the mean removed cepstra of the clean YOHO corpus.

4.2 Stereo Corpus Based Compensation Cepstra

In this approach, the compensation cepstrum is computed as the average of the
frame-by-frame difference between the clean cepstrum and distorted cepstrum:

N
- 1
dk=N;(yt—$t) k=1,....,M 3)

where z; and y; are the cepstral vectors at frame ¢ for the YOHO and the k-th
TYOHO corpora respectively, and N is the total number of speech frames in the
corpora.

The clean cepstra are recovered by subtracting the average from the dis-
torted cepstra, i.e., # = y; — dp- where k* is computed according to (2). As
the compensation cepstra are handset specific, an automatic handset selector as
described in Section 3 is required to label each of the testing utterances.

4.3 Speaker Identification Results

Table 2 compares the recognition accuracies obtained by different channel com-
pensation techniques. The low recognition accuracies corresponding to the tele-
phone speech evidence the mismatched conditions created by the handsets. The
results show that the performance of the compensation cepstra is comparable
to CMS and is slightly better than CMS in the case of T3YOHO. Although the
SBR achieves the highest recognition accuracy, its two-step iterative procedure
is computational intensive.

In order to measure the computational complexity, we measured the average
processing time required to extract the features and to perform the compen-
sation, and the results are shown in the last column of Table 2. The results
reveal that SBR takes a significantly longer time than the other methods for
pre-processing. Our compensation cepstrum takes less time as compared to SBR,
but it is slightly slower than CMS. Although SBR achieves the best performance
in terms of error rate, its computational requirement makes it unsuitable for
real-time applications. Our compensation cepstra, on the other hand, strike a
good balance between identification accuracy and computational efficiency.



Channel Recognition Accuracy (%)
Normalization Clean| T1 | T2 T3 |Processing

Method Yoho |Yoho|Yoho| Yoho |Time (sec.)
No compensation 93.29125.49(11.76| 14.29 0.8
CMS 93.02 |88.96|79.24| 86.64 0.8
Compensation cepstrum| - [88.63(79.19| 88.34 1.2
SBR. 96.85194.14|85.24| 91.79 1576.0

Table 2. Recognition accuracies and processing time.

5 Conclusion

In this paper, we propose to estimate the compensation cepstra by computing the
average of the frame-by-frame differences between the clean cepstra and distorted
cepstra based on clean and distorted corpora. Experimental evaluations indicate
that the performance of our compensation cepstra are comparable to that of
the cepstral mean subtraction. Although the proposed compensation cepstra are
inferior to signal bias removal (SBR) in terms of their ability to reduce channel
distortion, they do not have the computational burden of SBR.
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