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ABSTRACT

A new cepstrum-based channel compensation technique
is proposed for speaker veri�cation. Under this ap-
proach, channel cepstra are derived from the direct
measurements of the frequency responses of telephone
handsets. Speci�cally, they are determined by truncat-
ing the inverse Fourier transform of the log magnitude
of the interpolated handsets' frequency responses. The
proposed method is readily applicable to telephone-
based speaker veri�cation. Experimental evaluations
based on the telephone YOHO corpora suggest that the
proposed channel compensation method strikes a good
balance between veri�cation performance and compu-
tational e�ciency.

1. INTRODUCTION

Although speaker recognition based on clean speech has
reached a high level of performance [1], severe perfor-
mance degradation is still very common in practical,
mismatched conditions. This presents one of the major
obstacles to the commercialization of speaker recogni-
tion technologies. One example of \mismatched condi-
tions" is handset mismatch (or transducer mismatch).
For automatic 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 hand-
sets.

Several successful compensation techniques, includ-
ing cepstral mean subtraction [2] and signal bias re-
moval [3], have been proposed to compensate the chan-
nel and handset mismatches. In CMS, the channel
is represented by the mean cepstral vector of the dis-
torted 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 [2]). In SBR, channel distortion is
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Figure 1: Equipment setup for collecting the TYOHO
corpora.

considered as an additive bias to the clean speech cep-
strum. The bias is estimated from the distorted speech
using a maximum likelihood formulation which results
in a two-step iterative procedure. Although SBR is a
promising method that compensates the channel e�ect,
its iterative procedure is computationally intensive and
therefore not practical for real-time applications.

To overcome the drawbacks of CMS and SBR, this
paper proposes to estimate the channel cepstrum di-
rectly from the frequency response measurement of tele-
phone handsets. Similar to CMS and SBR, the clean
cepstrum is recovered by subtracting the channel cep-
strum from the distorted cepstrum. However, unlike
CMS and SBR, the proposed approach does not rely
on the assumption of zero-mean clean cepstrum and is
computationally e�cient. Experimental results show
that the proposed method outperforms the CMS and
is more computationally e�cient than the SBR.

2. TYOHO CORPUS

The YOHO corpus [4] was collected by ITT for gov-
ernment secure access applications. It features multi-
ple speakers, inter-session variability, combination lock
phrase syntax, high-quality telephone speech and no
telephone line e�ect. These features make YOHO ideal
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Figure 2: The smooth spectra of a voiced frame ex-
tracted from the clean YOHO and telephone YOHO
corpora.

for speaker veri�cation research. The telephone YOHO
(TYOHO) corpora that we constructed were produced
by playing the clean YOHO corpus directly through
di�erent telephone handsets.1 These corpora were dif-
ferent in that their spectral characteristics were dis-
torted by di�erent handset transducers. The strategy
used is similar to the generation of narrow-band TIMIT
(NTIMIT) [5]. Figure 1 depicts the equipment setup
that we used to collect the TYOHO corpora.

Three telephone handsets were used, which resulted
in three telephone YOHO corpora. Figure 2 shows the
LP spectra of a voiced frame extracted from the YOHO
and TYOHO corpora. Evidently, di�erent handsets
introduced di�erent degrees of distortion to the clean
speech.

3. MEASUREMENT OF HANDSET'S

FREQUENCY RESPONSES

To measure the frequency responses of telephone hand-
sets, we used a mouth simulator, a telephone test head,
a telephone interface, and an audio analyzer. The equip-
ment was con�gured according to the IEEE standard
269-1992 [6]. The audio analyzer was used to generate
sinusoidal signals with frequencies ranging from 100Hz
to 4000Hz in steps of 100Hz. Each of these sinusoidal
signals was generated one at a time and was ampli�ed
by the telephone interface before being played on the
mouth simulator, which resulted in 40 discrete mea-
surements. The sound pressure level at the mouth ref-
erence point (25mm in front of the mouth simulator's
lip ring) was maintained at a constant level across all
frequencies of interest. Each of the frequency tones

1Although YOHO is considered as a telephone speech corpus,

the high quality handset that it uses allows us to assume that its

utterances are clean.
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Figure 3: Frequency responses of three handsets at
85dB sound pressure level.

was picked up by the telephone handset, and the cor-
responding output (without the � 24V DC o�set) was
measured and recorded by the audio analyzer.

The 40 discrete measurements were interpolated to
produce a frequency response with 128 discrete points.
The frequency response was then mirrored to produce a
256-point series. The channel cepstrum was computed
by applying inverse discrete Fourier transform to the
log magnitude of the 256-point series. The channel cep-
strum is derived from the �rst twelve coe�cients of the
transformed series excluding the dc component. Fig-
ure 3 shows the frequency responses of three handsets
based on actual measurements.

4. SPEAKER VERIFICATION

EXPERIMENTS

4.1. Speaker Models and Performance Index

A speaker veri�cation system with VQ speaker models
was used. Each speaker model consisted of 128 code
vectors and was trained with the training sessions of the
clean YOHO corpus. VQ models were used because of
their short training time. For each registered speaker, a
speaker-speci�c codebook was generated by clustering
his/her voice patterns by means of the classical LBG
algorithm [7].

Veri�cation was performed using the testing ses-
sions of the clean YOHO corpus and the telephone
YOHO corpora. The aim was to compare the speaker
veri�cation performance under \matched" and \mis-
matched" conditions.

The equal error rate (EER) was used as the perfor-
mance index to compare the veri�cation performances
of di�erent channel normalization techniques. As the
speaker models remained �xed after the training, the
EER was used to determine the degree of feature over-
lap between the true speaker and the impostors. The
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Figure 4: The component-wise cepstral distance be-
tween the clean and normalized cepstra. The normal-
ized cepstra were obtained by CMS, SBR, and our pro-
posal channel normalization (CC). The bracketed �g-
ures in the legend represent the Euclidean distances
between the clean and normalized cepstra.

EER was determined by adjusting the decision thresh-
old such that the false rejection curve of the speaker's
test utterance crossed the false acceptance curve of 45
randomly selected impostors.

4.2. Channel Cepstrum

In telephone-based speaker veri�cation, the acquired
speech signal, y(t), is often a distorted version of the
clean signal, x(t). There are two types of distortions:
convolutive and additive. Therefore, the acquired sig-
nal y(t) can be expressed as

y(t) = x(t) � h(t) + n(t) (1)

where h, n, and � represent the impulse response of
the channel, the additive noise, and the convolution
operators, respectively. In an environment with a high
signal-to-noise ratio, the additive noise can be neglected
and the convolutive channel noise dominates the distor-
tion.

The channel cepstrum �c is derived from direct mea-
surement of the telephone handset's frequency response
H(!). It is computed by truncating the inverse Fourier
transform of the log magnitude of the interpolated fre-

quency response, dH(!), i.e.,

�c = truncated f IFFTflog j dH(!)jgg: (2)

After truncating and removal of the dc component, a
12-th order channel cepstrum is produced.

Similar to CMS, the channel cepstrum is subtracted
from the distorted cepstrum to recover the clean cep-
strum, i.e.,

~x(t) = y(t)� �c 8t: (3)
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Figure 5: The smooth spectra of a voiced frame recov-
ered from di�erent compensation techniques: no pro-
cessing (distorted), CMS, SBR, and our proposed chan-
nel normalization (CC). The voice frame was extracted
from the T1 telephone corpus.

Figure 4 depicts the component-wise cepstral dis-
tance (i.e. d(n) = [c(n) � ~c(n)]2) of one voiced frame.
It shows in a coe�cient-by-coe�cient manner the dis-
tance between the clean and normalized cepstra; the
latter was obtained by using CMS, SBR, and our pro-
posed channel normalization (CC). Evidently, the dis-
tance between the clean and normalized cepstra is smaller
in the cases of SBR and our proposed channel cepstrum
(CC).

Figure 6 shows the frequency responses of Hand-
set 1 based on actual measurements. It also depicts
the cepstrally smoothed channel spectra obtained by
the three compensation techniques. The spectra have
been shifted vertically to avoid overlapping. It is obvi-
ous that our channel cepstrum and the SBR cepstrum
produce channel responses that closely match the mea-
sured one.

Figure 5 shows the smooth spectra of a voiced frame
recovered by di�erent compensation techniques: no pro-
cessing (distorted), CMS, SBR, and our proposed chan-
nel normalization (CC). Note that the spectra have
been shifted vertically to avoid overlapping. The �gure
shows that the three techniques are reasonably good
at estimating the spectral shape of the clean speech.
However, all of the recovered spectra exhibit a spectral
emphasis at the high frequency region. The degree of
the spectral emphasis is most serious in the case of the
CMS. All of the compensation methods also broaden
the formant bandwidth. This result suggests that a
more e�ective channel compensation may be obtained
by focusing on the high frequency region and by en-
hancing the formant frequencies of the recovered spec-
tra.
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Figure 6: Frequency responses of Handset 1, and
cepstrally smoothed channel spectra obtained by CC,
CMS, and SBR.

4.3. Speaker Veri�cation Results

Table 1 compares the equal error rates (EERs) ob-
tained by di�erent channel normalization techniques.
The high EER corresponding to the telephone speech
evidences the mismatched conditions created by the
handsets. Although CMS has been widely used, Table 1
shows that it is less e�ective in compensating handset
distortion when compared to SBR and our proposed
channel cepstrum. Tables 1 also shows that for the
clean YOHO corpus, CMS deterorates lowers the ver-
i�cation performance in the matched condition. This
result suggests that while CMS is able to reduce con-
volutive distortion, it also removes some speaker infor-
mation from the speech signals.

Channel Equal Error Rate (%)

Normalization Clean T1 T2 T3

Method Yoho Yoho Yoho Yoho

No compensation 1.13 23.25 28.46 27.26

CMS 10.54 11.75 12.99 11.25

Channel cepstrum { 7.27 10.28 11.09

SBR 1.30 2.33 4.36 3.54

Table 1: Equal error rates obtained by di�erent channel
compensation techniques.

Table 1 shows that SBR is superior to our pro-
posed technique. Although SBR achieves the lowest
error rate, its two-step iterative procedure is compu-
tationally intensive. To further expore the behavior of
SBR, we measured the average processing time required
to extract the features and perform the compensation,
and the results are shown in Table 2. The results reveal
that SBR takes at least ten times longer than the other
methods for pre-processing. CC takes less time as com-
pared to SBR, but it is slower than CMS. Although
SBR achieves the best performance in terms of error
rate, its computational requirement makes it unsuit-

Channel Normalization Method Processing time (sec.)

No compensation 0.79

CMS 0.82

Channel cepstrum 1.15

SBR 11.42

Table 2: The processing time (in seconds) for feature

extraction and channel compensation. The total dura-

tion of the test utterances is around 40 seconds.

able for real-time applications. Our channel cepstrum,
on the other hand, strikes a good balance between ver-
i�cation performance and computational e�ciency.

5. CONCLUSION

In this paper, we explained the techniques for creation
of telephone speech corpora and presented several ex-
periments that demonstrate the e�ects of handset vari-
ability on text-independent speaker recognition perfor-
mance. Channel cepstra are derived from direct mea-
surements of handsets' frequency responses.

Performance evaluations indicate that our channel
normalization method is superior to the cepstral mean
subtraction. Although the proposed channel cepstra is
inferior to signal bias removal (SBR) in terms of its
ability to reduce channel distortion, it does not have
the computational burden of the SBR.
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