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ABSTRACT

Gaussian Mixture Model (GMM) based speaker verification
has been widely used recently. However, little research has
been performed using GMMs for actual in-vehicle speaker
verification. In this paper, we propose to integrate speaker
verification and localization techniques for an in-vehicle
speech dialog system to locate the desired speaker. The
proposed solution is able to locate both desired and undesired
speakers who are talking from the same position. This problem
cannot be addressed by a simply speaker localization technique
only. We demonstrate that using speech data collected in real
car environments, the Equal Error rate (EER) performance
approaches 0 using gender dependent data, and 2.35% and
13.34% using randomly selected data under idle and city noise
environments, respectively.

1. INTRODUCTION

Microphone array processing and beamforming represents one
promising area which can yield effective performance for
providing reliable voice capture within noisy automobile
environments under distant talking conditions. Currently, most
beamforming algorithms must integrate speaker localization
techniques in order to enhance the desired speech coming from
a certain direction by suppressing interference that includes
speech and noise from other directions [1, 2, 3, 11]. Recently
studies have also considered the integration of speech and
video analysis in determining the look direction of dialog
microphone array desired speech versus conversational speech
between driver and passengers [4].

Here, the process of speaker localization is the ability to
estimate the current position of a speaker in the car, and
involves the following problems:
(i) Complex in-vehicle noise situations will severely degrade

performance of speaker localization techniques;
(ii) Speaker localization techniques cannot distinguish

between desired and undesired speech if both sources are
from the same direction.

For in-vehicle environments, speech systems often assume
the driver’s speech as the desired, and the passenger’s as
undesired. If the undesired speech comes from the passenger
sitting besides the driver, it can be identified based on
direction using a general source localization technique, for
example, LMS adaptive filtering [5]. Fig. 1.a shows how we
identify the undesired speech from the desired according to the

relationship between speaker position and weight of the LMS
filter. However, if the undesired speech comes from the
passenger who is sitting behind the driver, general source
localization will lose accuracy and label both driver’s and
passengers’ speech as desired. Fig. 1.b shows this situation.

One approach to address this problem is to also integrate
speaker verification. Speaker verification is the ability to verify
whether the current speech is from a specific speaker, (i.e.,
target speaker) or not (i.e., competing speakers). This
technique is widely used for speaker verification in controlling
access for automatic telephone transactions, such as banking
and credit card transactions, voice mail, etc [6]. However, little
research has been performed using this technique for in-vehicle
speaker verification. For in-vehicle voice dialog systems, the
ability to separate and identify competing in-vehicle speakers
is important when resolving competing requests [11].

In this study, we propose to integrate speaker verification
and localization techniques. After a frame of speech is
detected, we first verify whether it belongs to the target speaker
or not using speaker verification, then locate its position if the
speech frame belongs to the target speaker. This integration is
able to solve the desired speaker location problem when both
desired and undesired speakers are talking from the same
directions. Fig. 2 shows the block diagram of the integration
system. Our focus in this paper is to study the performance of

Fig. 1: Locating speaker position using general
LMS adaptive filtering
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applying Gaussian Mixture Model (GMM) based speaker
verification [7] for in-vehicle speech systems under complex
car noise environments. The reason for selecting a Gaussian
Mixture Model (GMM) based speaker verification technique
for in-vehicle speech systems is that the Gaussian components
represent general speaker-dependent spectral shapes and the
capability of Gaussian mixtures to model arbitrary densities
[8].

Speaker
Verification

Speaker
Localization

desired

undesired

Speech
Enhancement

Inteference
Suppression

The rest of the paper is organized as follows. In the next
section, we briefly review the GMM-UBM based classifier. In
Sec. 3 we describe the working scheme of our GMM-based
speaker verification system. Next, Sec. 4 presents the
experimental results using a speech corpus collected in real car
environments. Finally, conclusions are given in Sec. 5.

2. GMM-UBM AND MAP ADAPTATION

While many studies have been considered, state-of-the-art
Gaussian Mixture Model (GMM) with Maximum A Priori
(MAP) speaker adaptation has become the dominant approach
for text-independent speaker recognition [8]. A speaker
independent model, or Universal Background Model (UBM),
is trained from non-target speakers using the Expectation
Maximization (EM) algorithm. The probability density
function (pdf) of an M-Gaussian component D-dimensional
observation vector X is defined as:
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where m0� is the weight of the m-th component, and
mG0

is

the Gaussian probability density function with mean
m0� and

covariance matrix m0� , which is usually assumed diagonal.

For the target speaker, a speaker dependent

GMM })ˆ,ˆ,ˆ{:( nnnn �� �� can be created by MAP

adaptaion of UBM parameters { 000 ,, ��� } and the training

data n via the following formula:
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where m� is the weight assigned to the m-th component in the

UBM, and r is a relevance factor which controls the balance of
adaptation. The speaker dependent model obtained from MAP-
adapted UBM provides a tighter coupling between the speaker
specific model and the UBM.

3. SPEAKER VERIFICATION SYSTEM DESIGN

Fig. 3 shows the working scheme of the proposed GMM-based
speaker verification system. The following three stages are
considered: training stage, testing stage, and decision making
stage.

In the training stage, speech from the enrolled target speaker
is parameterized into a sequence of observation vectors, the
first nineteen Mel-Frequency Cepstral Coefficients (MFCCs)
and four Subband Spectral Gravity Centers (SSGCs), followed
by a threshold decision process of the energy to include only
voiced-like speech frames. A pool of observation vectors from
the CU-Move database [8] are used to train an initial Universal
Background Model (UBM)

0

� using the general Expectation

Maximization (EM) algorithm. A target speaker model �� is
obtained by adapting the UBM parameters based on the
Maximum A Posteriori (MAP) framework, using the
observations from the enrolled speaker. In the test stage, test
speech is parameterized into a sequence of feature vectors X in
the same manner as the training stage. The log-likelihood score
of the observations generated by the target speaker model�� and UBM

0

� are computed. In general, this stage is

formulated as a problem of statistical hypothesis testing when
the null hypothesis H0, represents the hypothesis that X actually
belongs to model �� , against the competing hypothesis H1, that
represents the hypothesis where X is “not” from model �� .
Finally, the log-likelihood score difference between the target
speaker model GMM �� and the UBM

0

� is computed,

followed by zero normalization of the score difference. This
score is used to compare against a predefined

Fig. 2: Block diagram of integrated speaker
verification and localization system
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Fig. 3: Working scheme of the proposed GMM-based speaker verification system
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threshold to accept or reject the claimed speaker:
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where � is a threshold, and )|( ��p is the likelihood
generated from each model.

4. PERFORMANCE EVALUATION

5.1 CU-Move and CIAIR-HCC Databases
Two in-vehicle corpora are used for our study: the CU-Move
database [9] and CIAIR-HCC [10] database. Both corpora
were collected in real car environments. During data
collection for both corpora, the microphones were placed
above the windshield in front of the driver. The CU-Move
database includes a total of 500 English speakers, balanced
across gender and age, which was collected across the United
States under various car noise conditions. The database and
noise conditions are discussed in detail in [8]. In our study, we
use the digits portion that includes speech under a range of
varying complex car noise environments from 28 male
speakers in Minn., MN (i.e., Release 1.1a) approximately 2.5
hours of data to train the UBM model. CIAIR-HCC audio-
visual [9] database contains both 16-channel audio and 3-
channel visual data for about 300 Japanese and 10 English
speakers, which were collected in Nagoya, Japan. The portion
we use in our study is the 10 English speakers, which includes
9 male and 1 female and were collected under both idle (with
window closed while parked) and city noise (with windows
open) conditions. Under both recording conditions, the
speakers talked from several different positions: turning to the
passenger in the backseat, looking at left side
(window/mirror), looking forward (i.e., facing microphone),
and looking at the right side (window/mirror).

5.2 Experimental Setup
In order to evaluate the performance of the GMM-based
speaker verification system for in-vehicle conditions, we
performed the following experiments using 10 English
speakers from CIAIR-HCC database:
Exp #1: Target and competitive speakers are from different
gender: target speaker is male, and competitive speaker is
female;
Exp #2: Target and competitive speakers are all male, but
from different age range: target speaker is ~60, and passenger
is ~30 years old;
Exp #3: Both target and competitive speakers are male, and
can be anyone in the speaker set. The age range in this set is
from 30 to 60.

From the observation of visual data, we found that drivers
spend most of their time looking forward while driving, and
turn to the right while listening and talking to the passengers.
Thus, for each experiment, we consider two different
directions: looking forward and right side. As we mentioned
above, we collected speech data under both idle and city noise
conditions from several positions for each speaker. Therefore,
for each direction, we perform four experiments according to
the different recording conditions. Table 1 summarizes the

experiments and the corresponding recording conditions. In
our experiments, each of the training data is about 30 sec. and
testing data is about 5sec. in duration.

EXPs Training data Testing data
No. (a) idle idle
No. (b) idle driving in the city
No. (c) driving in the city idle
No. (d) driving in the city driving in the city

5.3 Experimental Results
Table 2 compares the pooled Equal Error rate (EER) of the
experiments. The EER is the equal error of the system
assuming a constant threshold across all speakers. Fig. 4 & 5
illustrate DET curves for Exp #2 while speakers look forward
and right side respectively. Fig. 6 & 7 illustrate DET curves
for Exp #3 while speakers look forward and right side
respectively.

Exp #1 Exp #2 Exp #3
(a) 0.00 0.00 2.35
(b) 0.00 20.27 29.62
(c) 0.00 9.39 16.20

Looking
Forward
(EER %)

(d) 0.00 2.14 13.34
(a) 0.00 5.41 6.99
(b) 5.72 23.90 38.09
(c) 5.26 15.30 10.86

Looking
Right

(EER %)
(d) 3.35 13.08 18.50
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From these results, we draw the following observations:
(i) Integrating speaker verification and localization

techniques is able to locate both desired and undesired
speakers who are talking from the same position;

(ii) The working acoustic environment affects the
performance of Gaussian Mixture Model based speaker
verification system. When both training and testing data

Table 1: Summary of the experiments and their
corresponding recording conditions

Fig. 4: DET curve for Exp #2 while speakers look forward
EERs: (a) 0% (b) 20.27% (c) 9.39% (d) 2.14%

Table 2: Comparison of pooled EER from
EXP #1, EXP #2, and EXP #3
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are collected under idle condition, the system achieves the
best EER performance: 0%, 0%, and 2.35% for Exp #1,
Exp #2, and Exp #3 respectively. The next best EER
performance is obtained when both training and testing
data are collected under noise environments: 0%, 2.34%,
and 13.34% for Exp #1, Exp #2, and Exp #3 respectively.
The performance degrade when training and test data are
collected under different conditions;

(iii) Speaker position affects the performance of Gaussian
Mixture Model based speaker verification system. When
speakers look forward (i.e., facing microphone), the
system can obtain lower EER than if the look to the right
side under the same experimental setup. The difference
can be 5.41% vs 4.64% for Exp #2 and Exp #3 under idle
condition, and 3.35%, 10.94%, and 5.16% for Exp #1,
Exp #2, and Exp #3 under city noise environment;

(iv) When the driver and passenger are different gender, the
system can obtain EER performance at 0% while speakers
look forward under the four experimental conditions;

(v) When the driver and passengers are all male, but from
different age range, the EER is 0% if both the training and
test data are under idle conditions and 2.14% if both data
are under noisy conditions.
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5. CONCLUSIONS

In this paper, we have developed an integrated speaker
verification and localization technique for in-vehicle speech
systems, which is able to identify undesired speech from
desired speech if both come from the same direction. We have
studied the performance using a large quantity of data recorded
in real car environments. We have also demonstrated that the
EER performance of GMM-based speaker detection system is
effective for in-vehicle speaker verification applications.
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Fig. 6: DET curve for Exp #3 while speakers look forward

EERs: (a) 2.35% (b) 29.62% (c) 16.2% (c) 13.34%

Fig. 5: DET curve for Exp #2 while speakers look at
the right side

EERs: (a) 5.41% (b) 23.90% (c) 15.30% (d) 13.08%

Fig. 7: DET curve for Exp #3 while speakers look at
the right side

EERs: (a) 6.99% (b) 38.09% (c) 10.86% (d) 18.50%


