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Abstract

We investigated a speaker verification method that uses non-
audible murmur (NAM) segments using newly collected data
and obtained several findings that will be useful when speaker
verification systems are made in practice. NAM is recorded us-
ing a special microphone placed on the surface of the body, so
it includes almost no external noise and is hard for other peo-
ple to hear. By utilizing these properties, we have already re-
ported a text-dependent method using NAM segments that can
use a keyword phrase safely. This paper extends the examina-
tion with newly collected data consisting of NAM uttered by 18
male and 9 female imposter speakers and by 18 male and 10
female customer speakers. Experiments with various numbers
of training utterances and sessions show that it is effective to
use data recorded in multiple sessions. We also investigated the
minimum number of training utterances needed in our method.
Index Terms: Speaker recognition, speaker verification, non-
audible murmur, support vector machine

1. Introduction

Biometric authentication covers various technologies that mea-
sure and analyze human physical and behavioral characteris-
tics for authentication purposes. Examples of physical charac-
teristics include fingerprints, eye retinas and irises, facial pat-
terns, and hand measurements, while examples of mainly be-
havioral characteristics include signatures, gait, and typing pat-
terns. Biometric authentication has become widely used re-
cently because it is difficult for an imposter to impersonate an-
other person and biometric data cannot be forgotten[1]. How-
ever, if a person’s biometric data is stolen or duplicated, an im-
poster could easily use it to access the protected system. Thus,
the system usually invalidates compromised data, which makes
it hard for the genuine person to continue using the system. This
is a serious problem. Human physical and behavioral charac-
teristics are difficult to change in practice, so it is hard for an
imposter to supply such biometric data to the system.

In biometric authentication using voice with a keyword
phrase[2], the problem of data theft can be addressed by chang-
ing the phrase. Voice authentication services can be less of a
mental burden to users because utterances are familiar every day
actions. Moreover, the services do not need special equipment
except for a microphone and can be deployed on mobile net-
works. However, in voice authentication, there is the problem
that even though a text-dependent approach using a keyword
phrase for each user is expected to provide high performance,
this approach is not practical because of the opportunities for
attacks involving interception and playback of live utterances.

To solve this problem, in[3], we proposed a method using
non-audible murmur (NAM) segments, which is new style of
speech input[4]. NAM is hard for other people to catch and
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it is recorded using a special microphone placed on the sur-
face of the body. NAM data actually includes murmurs, some
body vibrations, and a few external noises. Using NAM in-
stead of normal speech lets us safely take the text-dependent
approach using keyword phrases, and it should provide effective
and noise-robust authentication. As input data, we used NAM
segments, which consist of several short-term feature vectors,
so as to make good use of keyword-specific acoustic features.
Since the segments were represented by vectors with a high
number of dimensions, we introduced a support vector machine
(SVM)[5] in which the curse-of-dimensionality problem is al-
leviated by utilizing the kernel function. The performance was
evaluated in experiments using NAM data uttered by 18 male
and 10 female speakers. Verification by gender was performed
using one speaker as the customer and the other speakers as
imposters, rotating through all speakers and then averaging the
results. However, in practice, imposters will not always be one
of the customers. Therefore, we collected new data uttered by
18 male and 9 female speakers as imposter data in addition to
new data uttered by the customer speakers in another session.
In this paper, we report a full examination of the method using
the new data.

Moreover, in [3], we compared the performance with train-
ing data recorded in one and two sessions to study the robust-
ness against session-to-session variations in NAM data. While
10 training utterances were used for each speaker in the case
of training data recorded in one session, 20 training utterances
were used in the case of training data recorded in two sessions.
Although we showed that the performance with training data
recorded in two sessions was higher than that in one session,
we did not identify the cause of the difference. Two possible
factors can be considered: one depends on the number of train-
ing utterances and the other on the number of sessions. We
conducted additional experiments with a fixed number of train-
ing utterances and with various numbers of sessions to investi-
gate the effects. In practice, it is important to reduce the burden
on the customer in the registration process. We also found the
minimum required number of training utterances through ex-
periments with several different numbers of training utterances.

2. Speaker verification using NAM
2.1. NAM

NAM is produced in a voiceless utterance action and is uttered
when one grumbles to oneself not intending to be heard by
others, says prayers, or makes silent wishes. One only moves
the speech organ while breathing, without vocal cord vibration
or glottis narrowing. In NAM, the main information is below
4 kHz and information in higher frequency bands is not ob-
served. Breath-induced vibration of the vocal tract is transmit-
ted as NAM through the body directly to a condenser micro-
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Figure 1: Cutaway of NAM microphone.
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Figure 2: Optimum attachment position of NAM microphone.

phone worn on the surface of the skin below the mastoid bone,
as shown in Figures 1 and 2.

2.2. SVM-based method

The procedure of our method is shown in Figure 3. In train-
ing, an SVM is trained for each speaker. The SVM is a binary
classifier[6] and the training data for each speaker is divided
into two sets for positive (+1) and negative (-1) classes. The +1
class data consists of keyword utterances of a customer speaker
and the -1 class data consists of non-keyword utterances of the
speaker and utterances of other speakers. An input vector is a
concatenation of n short-term feature vectors extracted from the
training utterances. The concatenation is assumed to represent
keyword-specific acoustic features well. In testing as in train-
ing, concatenations of n short-term feature vectors are made for
each utterance and used as input vectors. SVM gives a confi-
dence index for each input vector, which is called the *'margin’.
The confidence index averaged over the test utterance is com-
pared with a threshold to judge speaker identity.

3. Experiments

We conducted speaker verification experiments using newly
collected imposter data and customer data and investigated the
effectiveness of NAM segment input. Moreover, in order to
make clarify the effect of using data collected over multiple ses-
sions and to investigate the amount of training data required, we
examined the performance with various numbers of training ut-
terances and sessions.

3.1. Data description and experimental conditions

The data is summarized in Table 1. We used keyword phrases
uttered by 18 male and 10 female speakers in four sessions over
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Figure 3: Training and testing procedures of the SVM-based
method.

a 9-month period as customer data, while we used keyword
phrases uttered by different 18 male and 9 female speakers in
a different session as imposter data. The interval between ses-
sions was more than three months. Each keyword phrase was a
concatenation of two place names (Japanese prefectures, e.g.,
“Tokyo-Saitama” and “Kyoto-Nara”). In each session, each
customer/imposter uttered her/his own keyword 16 times and
uttered 29 keywords of other customers/imposters twice. An
MFCC vector of 31 components, consisting of 15-dimentional
MFCCs plus AMFCCs and Apower, was derived for 10 ms
over a 25-ms Hamming-windowed speech segment. NAM seg-
ments were created by concatenating several feature vectors
consisting of only MFCCs because the segments can include
information about the first derivatives of MFCCs (AMFCCs)
computed in terms of five successive MFCC vectors. Cepstrum
mean normalization was applied.

The training data set of each customer speaker was com-
posed of the data uttered by customer speakers of the same gen-
der in three sessions. The data for each session consisted of 10
keyword utterances for the +1 class and 15 non-keyword utter-
ances of the speaker (randomly selected from 30 keywords) and
utterances of the other customer speakers for the -1 class (in de-
tail, 170 utterances of the other male customer speakers when
the speaker was male and 90 utterances of the other female cus-
tomer speakers when the speaker was female).

In testing, we used keyword utterances uttered by each cus-
tomer speaker in a session that was different from the training
sessions and imposter utterances. The test data set basically
consisted of 6 keyword utterances of the customer speaker and
imposter utterances (in detail, 108 utterances of male imposter
speakers when the customer speaker was male and 54 utterances
of female imposter speakers when the customer speaker was fe-
male). We call this test data set the “basic case”.

In the basic case, the method was evaluated using non-
keyword utterances uttered by imposters as false utterances. In
practical conditions, we sometimes need to assume keyword ut-
terances uttered by other speakers (impersonation: “case A”)
or non-keyword utterances uttered by the customer speaker (in-
correct keywords: “case B”) as false utterances. In case A, we
assigned the customer keyword utterances uttered by the other
speakers to the -1 class, and in case B, we assigned the non-
keyword utterances uttered by the customer speaker to the -1
class.

The threshold for speaker decision was speaker-dependent
and set a posteriori. For experiments, we used SV M"9"[6]



Table 1: Data description.

Customers | Numbers 18 males and 10 females

Recording 4 sessions (Jun, Sep, Dec 2005, Feb 2006)

Contents 30 keyword utterances (e.g., “Kyoto-Nara” and “Tokyo-Saitama’)
Imposters Numbers 18 males and 9 females (different from customers)

Recording 1 session (Oct 2006)

Contents 30 keyword utterances (different from those of customers, e.g., “Otaru-Hakodate™)
Number of utterances per speaker || the person keyword utterance x 16 repetitions, 29 others’ keyword utterances X 2 repetitions
Analysis conditions window-length: 25 ms, shift: 10 ms, sampling rate: 16 kHz
Parameters 15-dimensional MFCC, 15-dimensional AMFCC, Apower

which is a toolkit provided by Cornell University. The polyno-
mial kernel function (1) was

k(z,y) = (z'y + 1)". )

To enable us to perform effective computation with 64-bit pre-
cision, the data was scaled so that all the elements of features
vectors lay in the interval [-0.5,0.5].

3.2. Results using imposter data

Table 2 lists the equal error rates (EERs) in the ba-
sic case averaged over male/female speakers with NAM
segments with lengths of 25 ms (31-dimensional vector;
MFCC+AMFCC+Apower), 45 ms (45-dimensional vector; 3
MFCC vector concatenation), 85 ms (85-dimensional vector;
7 MFCC vector concatenation), and 145 ms (195-dimensional
vector; 13 MFCC vector concatenation).

For male speakers, the best result was obtained with 145-
ms-long segments and the EER was 0.6%. For female speakers,
the best result was obtained with 25-ms-long segments and the
EER was 0.2%. For male speakers, the EERs decreased when
longer segments were used. For female speakers, although the
EER for 145-ms-long segments was five times higher than that
with 25-ms-long segments, even for 145-ms-long segments, the
EER was around 1%. When averaged over male and female
speakers, the EER for 85-ms-long segments was the lowest.
This indicates that, in practice, we should use 85-ms-long seg-
ments for the basic case.

Table 2: EERs (%) for the basic case.

Segment length | 25ms | 45ms | 85 ms | 145 ms
Male 1.9 2.8 1.0 0.6
Female 0.2 0.4 0.6 1.1

[ Average [ 11 [ 16 [ 08 | 09 |

EERs by gender for cases A (impersonation) and B (incor-
rect keywords) are shown in Figure 4. For case A, the EERs for
all segment lengths were much higher than those for the basic
case. For male speakers, the best result for case A was also ob-
tained with 85- and 145-ms-long segments, but the EER, 5.5%,
was 10 times higher than that for the basic case. For female
speakers, the best result for case A was obtained with 45- and
85-ms-long segments, but the EER, 8.3%, was 45 times higher
than the lowest EER for 25-ms-long segments in the basic case.
When averaged over male and female speakers, the EER for 85-
ms-long segments was the lowest. This indicates that in prac-
tice, we should also use 85-ms-long segments for case A.

For case B, the EERs were rather low, especially for 145-
ms-long segments. The EER for male speakers was 0.4% and
that for female speakers was 1.0%. As the segment length in-
creased, the EERs decreased. This indicates that longer (e.g.,
145-ms) segments are more suitable for case B.
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Figure 4: EERs for cases A and B.

3.3. Effect of numbers of training sessions

We previously showed that higher performance was obtained
using training data recorded in multiple sessions[3]. In [3],
for each speaker and each session, 10 keyword utterances were
used for training. When we used training data recorded in N
sessions, we used NV x 10 keyword utterances. Therefore, there
are two possible factors that might lead to the higher perfor-
mance: one depends on the effect of more training utterances
and the other depends on the effect of more sessions.

To identify the factor, we conducted experiments with a
fixed total number of 10 keyword utterances recorded in var-
ious numbers of training sessions, as listed in Table 3. The
“I-session train” means that 10 keyword utterances recorded in
one training session in June 2005 were used, “2-session train”
means that 5 keyword utterances recorded in June and Septem-
ber 2005 were randomly selected and used, and “3-session
train” means that 4 keyword utterances recorded in June 2005
and 3 keyword utterances recorded in September and December
2005 were randomly selected and used. In the experiments dis-
cussed in this section, for each customer, we used the other cus-
tomer speakers as imposters and used data recorded in February
2006 for testing. Here we used 85-ms-long segments.



Male

Table 3: Numbers of keyword utterances for training. 20 H (10,10,10)
18 H@4,3,3)
— . . . . . . 16 0@3,3,3)
Training 1-session train | 2-session train | 3-session train 14 137 o (2’ 2’ 2
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Table 4 lists the EERs by gender for 1-, 2-, and 3-sesion Female
training. As the number of sessions increased, the EERs de- -
creased. This indicates that the higher number of sessions 194 .(‘1‘0’3103’10)
has a large effect and that our method can effectively capture - 23’ 3’ 3;
session-independent speaker-specific acoustic features in NAM - (2’ 2’ 2
segments. Our future work includes investigating the number - (lz 1: 1

of sessions; that is, we need to clarify how many sessions are
sufficient.
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Table 4: Comparison of EERs (%) using various numbers of

sessions. 0.0 0.00.00.0
z : 5 - ; - basic case case A case B
Test 1-session train | 2-session train | 3-session train
cases (10,0,0) (5,5,0) 4.3,3) Figure 5: Comparison of EERs (%) with fewer keyword utter-

male | female

male | female

male | female

Basic case 9.2 12.0 2.3 11.1 0.9 0.0

Case A 18.7 25.1 10.2 23.1 7.2 6.2

Case B 9.8 6.9 3.9 5.7 4.4 1.1

3.4. Use of fewer training utterances

To find the minimum number of training utterances needed, we
conducted experiments with fewer keyword utterances. Table
5 lists three cases of 3-session training with fewer keyword ut-
terances. In “3-session-train (1,1,1)”, we reduced the number
of keyword utterances from each session to one. In the experi-
ments discussed in this section, for each customer, we used the
other customer speakers as imposters and used data recorded in
February 2006 for testing. The lengths of input segments were
all 85-ms long.

Table 5: Fewer keyword utterances in 3-session training.

Training 3-session train | 3-session train | 3-session train
session 3,3,3) (2,2,2) (1,1,1)
Jun 2005 3 2 1
Sep 2005 3 2 1
Dec 2005 3 2 1

[ Total [ 9 [ 6 [ 3

Figure 5 shows the ERRs by gender. EERs with two or
more keyword utterances for each session were almost the same
and relatively small. This indicates that, in practice, if we have
two keyword utterances per customer and session, our method
can achieve a relatively high performance.

4. Conclusions

We evaluated our speaker verification method using NAM seg-
ments with newly collected imposter and customer data and ob-
tained several important findings that will be useful for making
practical systems based on our method. First, we should use
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ances.

85-ms-long segments for the basic case and for case A (imper-
sonation); for case B (incorrect keywords), longer segments are
suitable. Second, to obtain higher performance, it is important
to use data recorded in multiple sessions. Third, only two key-
word utterances per speaker and session are necessary, so our
method can alleviate the burden on the customer in the registra-
tion process.

We plan to conduct experiments using a larger database and
investigate a priori threshold settings for verification.
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