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Abstract

This paper describes a multi-SNR subband model
for speaker identi�cation under noisy environments.
The model consists of a set of subband GMMs (Gaus-
sian Mixture Models) trained on speech data cor-
rupted with white Gaussian noise at several SNRs.
In the recognition stage, an optimal GMM that yields
the maximum accumulated likelihood on the whole
input frames is selected for each subband. Then the
likelihood is recombined over the subbands to give a
speaker identi�cation score. To evaluate the perfor-
mance of this model, text independent speaker iden-
ti�cation experiments were conducted under 5 di�er-
ent noisy environments:\bus",\car",\o�ce",\lobby",
and \restaurant". For comparison, performance eval-
uation was also conducted on 3 other models: a sub-
band model trained on clean speech, a multi-SNR
fullband model, and a fullband model trained on
clean speech. Results show that the multi-SNR sub-
band model is very e�ective under a wide variety
of noisy environments. Additional improvement was
observed when an optimal GMM was selected on a
short term basis instead of a whole input basis.

1. Introduction

Performance of a speaker recognition system is se-
riously a�ected by background noise. Robustness
against noise is, therefore, a key issue in speaker
recognition just as in speech recognition. Many
methods have been proposed to improve the robust-
ness of speaker recognition systems [1, 2, 3]. Subband
methods use HMMs trained on each subband sepa-
rately. By adjusting the recombination weights for
subbands appropriately, it is possible to make good
use of subband information for extracting speaker
characteristics and suppressing noise e�ects [1, 2].
However, subband splitting and likelihood recombi-
nation alone are not enough to cope with a wide
variety of background noises. Another well known
method is one based on HMM composition [3], in
which a speaker HMM is combined with a noise
HMM to obtain a noisy speaker HMM. Although
this method has been proved to be e�ective, one
problem is that since there are so many types of

noises, and noises are often changeable in the real
world, we don't know beforehand what types of noisy
HMMs we should prepare in practical applications.

In this paper, we present a multi-SNR subband model
for speaker recognition. This model consists of a
set of subband GMMs trained on speech data cor-
rupted with white Gaussian noise at several SNRs.
In the recognition stage, the system selects an op-
timal GMM for each subband that yields the max-
imum accumulated likelihood on the whole input
frames. Then the likelihood is recombined over the
subbands to give a �nal speaker identi�cation score.
The advantage of this model is that no assumption
is made as to the type of background noise. Thus
it is expected that the model can cope with a wide
variety of unknown background noises.

To evaluate the recognition performance of this
model, text independent speaker identi�cation ex-
periments were conducted under 5 di�erent noisy
environments: \bus", \car", \o�ce", \lobby", and
\restaurant". For comparison, performance evalua-
tion was also conducted on 3 other models: a sub-
band model trained on clean speech data, a multi-
SNR fullband model, and a fullband model trained
on clean speech data. To improve the tracking capa-
bility for temporal SNR changes in subbands, a slight
modi�cation of the speaker identi�cation system was
made and tested, in which an optimal GMM for each
subband is selected on a short term basis instead of
a whole input basis.

2. System overview

Figure 1 and 2 show the speaker identi�cation sys-
tem employed in this work. Figure 1 illustrates the
training stage, and Figure 2 the identi�cation stage.

In the training stage, a set of training data is created
by adding white Gaussian noise to clean enrollment
speech data at several SNRs. Then, the whole fre-
quency band of each training data is equally divided
into J subbands on mel-scale. For each subband a
feature vector sequence is extracted, which is used for
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Figure 1: Training stage.

training a GMM. Thus a GMM, denoted byG(i; j; k),
is created for the ith registered speaker, the jth sub-
band, and the kth SNR level. The set of GMMs thus
created

fG(i; j; k) j 1 � i � I; 1 � j � J;1 � k � Kg (1)

is referred to as a \multi-SNR subband model" here,
where I is the number of registered speakers, J is the
number of subbands, and K is the number of SNR
levels. If i is �xed, then the set of GMMs

fG(i; j; k) j 1 � j � J;1 � k � Kg (2)

is the model for the ith registered speaker.

In the identi�cation stage, a feature vector sequence
is extracted from test speech data for each subband
by the same way as in the training stage. As shown
in Figure 2, the likelihood for each subband is cal-
culated independently, then recombined. For a test
speech data, the log likelihood score of the ith regis-
tered speaker model is de�ned as follows:

Score(i) =

JX

j=1

wjL(i; j); (3)

L(i; j) = max
k2K

T�1X

t=0

fi;j;k(t); (4)

fi;j;k(t) = logP (v(j; t)jG(i; j; k)); (5)

where v(j; t) is the tth frame of the feature vector
sequence for the jth subband, and wj is the recombi-
nation weight for the jth subband. The �nal decision
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Figure 2: Identi�cation stage.

is made as

Speaker = argmax
i2I

Score(i): (6)

3. Speech material

3.1. Speech and noise database

NTT Voice Recognition Database was used in the
experiments. From this database, 10 sentences were
selected for enrollment data, and 10 words & 10 four-
digits for test data, which were all read by 22 male
and 13 female Japanese speakers in the same period.

For the noise source to create test utterances un-
der noisy environments, Ambient Noise Database [4]
was employed. From this database, 5 types of noises
recorded in \bus", \car", \o�ce", \lobby", and
\restaurant" environments were selected.

3.2. Training data and test data

For each registered speaker, training data were cre-
ated by adding white Gaussian noise to the clean en-
rollment data at 6 di�erent SNRs (0, 10, 20, 30, 40,
and1 dB). Also, test data were created for each reg-
istered speaker by adding the environmental noises
to the clean test data. The SNRs of the test data
were set at 0, 10, 20, 30, and 40dB.

3.3. Speech parameterization

Settings for speech parameterization are summarized
in Table 1. The dimension of the MFCCs and the
number of mel-scale �lter channels will be explained
in the next section.
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Table 1: Speech parameterization.

sampling 16kHz,16bit
pre-emphasis 1 � 0:97z�1

window type Hamming
frame length 32ms
frame period 8ms
feature parameters MFCCs

4. Experiments and results

4.1. Models to be compared

The speaker identi�cation performance of the multi-
SNR subband model was evaluated on the test data
described in the preceding section. In addition to
this model, 3 other models were also tested for com-
parison. Thus the following 4 models in total were
tested and evaluated.

Multi-SNR subband model

Speech data of 6 SNRs as described in the pre-
ceding section were used in the training stage.
The output of 56-channel mel-scale �lter bank
was split into 4 subbands, each having 14 chan-
nels. 10-dimensional MFCCs were derived from
the output of these 14 channels, which were
then used for training 16-mixture GMMs. The
recombination weights were uniformly set:
w1 = w2 = w3 = w4 = 1=4.

Clean subband model

Clean speech data was used in the training
stage. Other settings were the same as in the
multi-SNR subband model.

Multi-SNR fullband model

Speech data of 6 SNRs were used in the train-
ing stage as in the case of the multi-SNR sub-
band model. The output of 56-channel mel-
scale �lter bank was used, without band split-
ting, to derive 48-dimensional MFCCs, which
were then used for training 64-mixture GMMs.

Clean fullband model

Clean speech data was used in the training
stage as in the case of the clean subband model.
Other settings were the same as in the multi-
SNR fullband model.

4.2. Results

Figure 3 (i) and (ii) show the speaker identi�cation
error rates for the 4 models under 5 noisy environ-
ments at 0dB and 10dB SNRs, respectively.

It is observed that the multi-SNR fullband model did
not give improvement over the clean fullband model
at 0dB SNR. At 10dB SNR, the multi-SNR fullband
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Figure 3: Speaker identi�cation error rates for the 4 mod-

els under 5 noisy environments at 0dB and 10dB SNRs.

model performed only slightly better than the clean
fullband model on the average. Thus the multi-SNR
technique was not very e�ective when combined with
fullband models.

Under \bus" and \car" environments, the multi-SNR
subband model and clean subband model had com-
parable performance. However, the multi-SNR sub-
band model gave signi�cant performance improve-
ment over the clean subband model under \o�ce",
\lobby", and \restaurant" environments, where the
clean subband model performed poorly. Although
not shown in the graphs, these tendencies were the
same at other SNRs as well.

In the \bus" and \car" cases, the noise spectrum is
concentrated at the low frequency region, and the
local SNR is fairly good at higher frequency regions.
In the \o�ce", \lobby", and \restaurant" cases on
the other hand, the noises come from various sources
such as human voices, telephones, and computers, so
that the spectrum spreads over all the frequency re-
gions. Thus the multi-SNR subband model is e�ec-
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tive for complex, wide-band noises, which are di�-
cult to cope with by other models.

4.3. Selection of optimal GMM on a short

term basis

The short term subband SNR of speech uttered un-
der a noisy environment will not be constant because
the speech and background noises are non-stationary.
Therefore, the de�nition of the speaker score was
slightly modi�ed so that an optimal GMM for each
subband is selected on a short term basis instead of
a whole input basis. The modi�ed score for the ith

registered speaker on the jth subband was de�ned as

L(M)(i; j) =

N�1X

n=0

max
k2K

M�1X

m=0

fi;j;k(nM +m); (7)

where M is the block length, and N is the number
of blocks. Note that an optimal GMM for each sub-
band is chosen based on the accumulated likelihood
on each block, and the maximum likelihood is further
accumulated over the blocks. The modi�ed speaker
score for the ith registered speaker

Score(M)(i) =

JX

j=1

wjL
(M)(i; j) (8)

was used in place of Eq.(3). Based on the modi-
�ed speaker score, an additional speaker identi�ca-
tion experiment was conducted.

Figure 4 shows the speaker identi�cation error rates
as functions of the block length M for the modi-
�ed multi-SNR subband model at 0dB SNR. In the
case of \bus" and \car" environments, the optimal
block length turned out to be 1. In \o�ce', \lobby",
and \restaurant" cases, optimal block lengths were
20, 70, and 60, respectively. In all cases, the error
rate was improved to some extent. Thus selection
of optimal GMM on a short term basis is e�ective.
However, the optimal block length depends on the
type of environmental noise.

5. Conclusions

In this paper, a multi-SNR subband model was pre-
sented, and its performance in text independent
speaker identi�cation was shown under various noisy
environments. It has been con�rmed that the multi-
SNR subband model is especially e�ective for com-
plex, wide-band noises, which are di�cult to cope
with by other models. It has also been demonstrated
that its performance can be improved by modifying
the model so that an optimal GMM for each sub-
band is selected on a short term basis. Further work
is planned for automatic and dynamic determination
of optimal recombination weights together with opti-
mal block length for GMM selection under unknown
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Figure 4: Speaker identi�cation error rates as functions

of the block length M in the multi-SNR subband model at

0dB SNR. The solid lines are for the modi�ed model, and

the broken lines are for the original model.

background noises. The multi-SNR subband model
may also be applied to speaker recognition where the
enrollment speech and test speech are uttered in dif-
ferent periods. Our future work also includes sim-
pli�cation of multi-SNR subband GMM generation
process using the HMM composition technique [5].
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