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ABSTRACT

This paper addresses the environmental mismatch prob-
lem that arises from noise and channel variabilities. A
new feature mapping technique based on an optimal a�ne
transform of the cepstrum is proposed to solve the mis-
match problem observed over the speaker recognition sys-
tems. It is designed based on the fact that both the chan-
nel and noise interferences basically cause the cepstrum
space to undergo an a�ne transformation. By taking an
inverse transformation, we can easily decouple from the
speech the e�ects of the channel and noise. Alternatively,
we can take a forward transform of the training data to
simulate the operating conditions.

1. INTRODUCTION

The current speaker and speech recognition technologies
have enabled a computer to successfully perform voice
veri�cation and speaker identi�cation in noise-free envi-
ronment. However, these automatic recognizers are con-
fronted with the challenges emerging from the customized
applications where there is generally a mismatch condi-
tion between the training environment and the diverse
and unpredictable operating environments. For example,
in the telephone-based voice veri�cation system, a cus-
tomer �rst calls in over a regular electret phone to enroll
his voice prints into the database. A few minutes later,
after the system has been trained to recognize his voice,
the customer dials in again and wants to have himself be
veri�ed by the system. However, he calls over a cellular
phone this time. It is very likely that the system will not
be able to recognize him simply because he is using a cel-
lular phone rather than the electret handset he used for
enrollment. The problem here is the mismatched chan-
nel between the electret phone and the cellular phone.
Channel mismatch can also result from the instability of
the circuits, the change of the central switching o�ce,
and the switch of the service zones in the cellular net-
work, etc. Other than channel mismatch, noise from the
acoustical background and the speaker variability due to
the background noise are also the causes of the mismatch
conditions. It has been found in practice that the mis-
match conditions generally cause a much more dramatic
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Figure 1: Recognition rate under various combinations of
training and test SNR.

degradation of performance than the channel and noise
variations on their own. This can be made clear by the
experiments conducted on a speaker identi�cation sys-
tem. The recognition rates obtained when the system is
tested in di�erent training and test SNR conditions are
plotted in Fig. . The x axis represents the SNR of the
training data and the SNR of the test data is represented
by y. We can see that the performance of the system is
somehow maintained when the training and testing SNRs
are matched (as shown by points along the diagonal line in
the plot), as compared to the o�-diagonal points which
represent the situations when the training SNR is not
matched with the test SNR.

A family of adaptation methods that target at estab-
lishing a mapping function y = f(x) between the training
data x and the test data y have been proposed to attack
the mismatch problem in [1][2][3][4][5][6].

In this paper, we propose using a�ne trnsform y =
Ax+ b to model the channel and noise mismatch. Fig. 2
shows the scatter plots of the cepstral coe�cients we gen-
erated by passing the speech through the wireline simu-
lator and/or corrupting the speech with white Gaussian
noise. If we pass the speech through the wireline simula-
tor, the cepstral clusters representing di�erent sounds are
shifted in the same direction regardless of what the sounds
are(Fig. 2(a)). If the speech is corrupted by white Gaus-
sian noise of 15dB SNR, the cepstral clusters are rescaled



and all of them move towards the origin(Fig. 2(b)). In
the case that the speech is both �ltered by the channel
and corrupted by noise, the translation and the rescaling
take their orders depending on whether the speech is �rst
passed through the wireline simulator and then corrupted
by noise (Fig. 2(c)), or vise versa (Fig. 2(d)). The a�ne
transform is a generalized representation of these varia-
tions in the feature space. The linear part A represents
precisely the e�ects of noise and the o�set b represents
the degradation due to the channel.
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(c) speech corrupted by Gaussian white noise
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Figure 2: The movement of cepstral clusters under various
conditions. '*' is for the sound /a/, 'o' for /n/, and '+' for

/sh/. (a) Cepstrum of the original clean speech; (b) Cep-

strum of signals �ltered by continental U.S. mid voice channel
(CMV); (c) Cepstrum of the speech with 15 dB SNR. The

noise is additive and white Gaussian (AWG); (d) Cepstrum of

the speech �ltered by the CMV channel and then corrupted
by AWG noise of 15 dB SNR.

2. AFFINE TRANSFORMED
CEPSTRUM

We have discussed in an earlier paper [7][8] that when
the speech is interfered by the linear channel and ran-
dom noise, both the linear predictor coe�cients and the
cepstral coe�cients experience an a�ne transform in the
feature domain. In this section, we will briey review
these derivations.

2.1 A�ne Transform of Predictor
Coe�cients

First, we study the a�ne transform of the coe�cients
of the linear prediction model by examing noise and the
channel interferences separately.

Noise coming from the acoustical background are gen-
erally simpli�ed as additive white random noise. The

speech signal corrupted by the random noise is therefore
represented as

s0(n) = s(n) + e(n); (1)

where e(n) denotes the noise, and

E[e(n)] = 0; E[e2(n)] = �2; E[e(m)e(n)] = 0 (m 6= n): (2)

It is zero mean and uncorrelated.

By studying the autocorrelation of the signals ob-
tained before and after the noise corruption, we found
that the predictor coe�cients of the noise-corrupted speech
s0(n) can be represented as

a0 = R�1
s0 rs0

= (Rs + �2I)�1rs = (Rs + �2I)�1Rsa; (3)

where the relation between the autocorrelationRs0(matrix),
rs0(vector) of the noise-corrupted speech and the autocor-
relation Rs, rs of the input clean speech can be formu-
lated as

Rs0 = Rs + �2I; and rs0 = rs: (4)

When a speech signal is passed through a linear chan-
nel, the �ltered signal s0(n) obtained at the output of the
channel is

s0(n) = s(n) 
 h(n); (5)

where h(n) is the impulse response of the channel. The
autocorrelation of the output signal s0(n) can be repre-
sented by

rs0(k) = [h(n)
 h(�n)]
 rs(k) = rh(k) 
 rs(k); (6)

where rs(k) is the autocorrelation of the input s(n).

The predictor coe�cients of the output s0(n) is a linear
translation of the predictor coe�cients of the input s(n)
given by

as0 = R�1
s0 rs0

= [(HS)THS]�1(HS)TĤŝ = (HS)�1Ĥŝ

= (HS)�1
�
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= (HS)�1(s(0)h1 +Hs)

= (HS)�1(s(0)h1 +HSa)

= s(0)(HS)�1h1 + a; (7)



where h1 = [h(1); h(2); � � � ; h(N )]T and h(n) is the im-
pulse response of the channel. The matrix H can be de-
rived from h(n) and the matrix Hs can be derived from
the impulse response of the linear predictive function.
The matrix S is dependent on the input signal s(n) [7][8].
Therefore, the o�set term is a function of the input and
the impulse response of the linear channel.

2.2 A�ne Transform of Cepstral
Coe�cients

The cepstrum is by de�nition

c(n) = Z�1 [logS(z)] = Z�1

�
log

1

1�
Pp

i=1 aiz
�i

�
: (8)

We can prove that the cepstrum is a function of the pre-
dictor coe�cients and the impulse response. It is given
by

c(n) =
1

n

pX
i=1

iaihs(n� i): (9)

The matrix form of this equation is0
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= D1HsD2a: (10)

Therefore, when the speech is passed through a linear
channel, a set of degraded cepstral vectors can be ob-
tained by

c0 = D1Hs
0D2a

0 = D1HHsD2a
0: (11)

Since the predictor coe�cients of the �ltered speech is a
shifted version of the original one, we have

c0 = D1HHsD2[a+ s(0)(HS)�1h1]

= D1HD
�1
1 c + s(0)D1HHsD2(HS)

�1h1: (12)

The cepstral coe�cients of the speech are translated when
the speech is �ltered by a linear channel.

In the case that the speech is contaminated by addi-
tive, white noise, the cepstral coe�cients becomes

c0 = D1Hs0D2a
0

= D1HsD2(Rs + �2I)�1Rsa

= D1HsD2(Rs + �2I)�1Rs(D1HsD2)
�1a:(13)

The degraded cepstral vectors are obtained by multiply-
ing the original vectors with a sound-dependent matrix.
It is equivalent to taking a linear transformation of the
original cepstral vectors.

A speech signal is usually passed through multiple
sources of degradation before it arrives at the receiver's
end. For instance, the speech may be contaminated by
additive noise from the background, and then distorted
by the channel embedded in a cellular network, or the
nonlinear output .vs. input response of a carbon button
handset. In the case that the speech is �rst corrupted by
additive and then �ltered by a linear channel, the cep-
strum actually goes through two a�ne transforms, i.e.,

cobserved = cnoisy + b = Acoriginal + b: (14)

If we let the speech be �ltered by the channel �rst, and
then be passed through a noisy environment, the trans-
formations taken on the cepstrum are switched in accor-
dance, i.e.,

cobserved = Acfiltered = Acoriginal +Ab: (15)

Therefore, the accumulated e�ect of the multiple degra-
dation sources is equivalent to an a�ne transform.

The transformation parameters A and b can be solved
using di�erent methods. One of the solutions can be
found by using the least square method and it is given
by

aj =

0
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1 � � � 1

�
c0j

for j = 1; : : : ; q: (16)

aj is an augmented column vector whose �rst q entries
form the jth row of the matrix A and whose last entry is
the jth element of the vector b.

3. EXPERIMENTS

� Text-Independent Speaker Identi�cation

The results for text-independent speaker identi�cation on



the New England section of TIMIT database using a�ne
transform cepstrum (ATC) are presented in table 1 and 2.
Table 1 show the baseline performance for various train-
ing and test conditions. Table 2 shows the performance
using ATC.

Testing (SNR) and Recognition Rate (%)
Training speech (SNR) clean 30 dB 20 dB 10 dB 5 dB

clean 92.6 85.8 38.4 10.5 5.8
30 dB 87.9 92.6 65.8 11.6 4.2
20 dB 65.3 74.2 86.3 24.7 7.4
10 dB 14.7 17.4 33.2 65.8 39.5
5 dB 11.6 12.6 12.6 33.7 56.8

Table 1: Performance of the baseline speaker identi�ca-
tion system using TIMIT database.

Testing (SNR) and Recognition Rate (%)
Training speech (SNR) clean 30 dB 20 dB 10 dB 5 dB

clean 92.6 77.4 63.2 31.1
30 dB 83.2 92.6 72.1 46.8 26.3
20 dB 64.2 75.3 86.0 58.4 40.5
10 dB 32.6 41.1 48.4 65.3 45.8
5 dB 17.9 28.9 33.7 46.8 53.7

Table 2: Speaker identi�cation using the TIMIT
database.

� Text-dependent Speaker Veri�cation

In this experiment, we solve the mismatch problem by
replicating the training data using the formula creplicated =
Acoriginal+b. Knowing the noise level and the spectrum
characteristics of the transmission channel in the oper-
ating environment, we can take the advantage that the
parameters (A;b) can be calculated using equation 13.
This sets us free from physically collecting sample data
from the operating environment. An alternative approach
to computing the parameters is to use the stereo data
recorded under both training and operating conditions.

The database we used in this experiment consists of
44 speakers: 27 males and 17 females. The speech is
recorded over either a carbon-button phone or an electret
phone. Each speaker is asked to say the word "balance
beam" for 6 to 8 times. The �rst 3 repetitions of the
word are used to train the speaker model and the rest of
the repetitions are used for veri�cation. All the utterance
other than the ones used for training are used for testing.
By using both the original and the replicated data for

Baseline Replication
False Accept (FA) 7.05% 5.43%
False Reject (FR) 4.73% 3.38%

Equal Error Rate (EER) 3.51% 2.35%

Table 3: Speaker veri�cation on "balance beam" database
using replicated data.

training, we obtained a speaker modmailel that is much

better generalized.

4. SUMMARY

In this paper, a new method is proposed where the chan-
nel and noise variations are modeled by the a�ne param-
eters A and b. The speaker's data is replicated by using
these transforms to extend the training data set.

One embodiment of the a�ne transform is to match
the training environment with the operating environment
by taking either a forward or and inverse transform of
the cepstrum space. Another embodiment of the a�ne
transform modeling is to extrapolate the original data
by taking an a�ne transform yi = Axi + b so that it
appears as though various phones and noise conditions
were used for training. The transformation parameters
can be calculated from the training data and the impulse
response of the channel and/or the covariance of the noise.
Using both xi and yi for training forms well generalized
models.
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