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ABSTRACT

In this paper, we introduce the Stethoscopic Non-Audible
Murmur (NAM) microphone, and we focus on its ap-
plication in automatic speech recognition systems. The
NAM microphone is attached behind the talker’s ear, and
can capture very quietly uttered murmur (NAM speech).
It is applicable in automatic speech recognition systems,
when privacy is important in human-machine commu-
nication. Moreover, since the NAM microphone re-
ceives the speech signal directly from the body, it shows
robustness against the environmental noises. In addi-
tion to these, it might be also used in special systems
(speech recognition, speech transform, etc.) for sound-
impaired people. By applying adaptation techniques,
we performed automatic speech recognition experiments
for NAM speech. Using Maximum A Posteriori (MAP)
adaptation, and a combination with Maximum Likeli-
hood Linear Regression (MLLR) adaptation we achieved
for a 20k vocabulary dictation system a 93.5% word ac-
curacy, which is a very promising result.

1. INTRODUCTION

The Stethoscopic Non-Audible Murmur (NAM) micro-
phone [1, 2] is a special device able to capture inaudible
murmur (NAM speech), which cannot be heared by lis-
teners near the talker. The device is based on the stetho-
scope, which is used in medical science. By attaching the
NAM microphone behind the talker’s ear, we can receive
NAM speech directly from the talker’s body, and per-
form automatic speech recognition in a conventional way.
Privacy, robustness to environmental noise, and a possi-
ble tool for sound-impaired people are the advantages of
NAM microphone, when it is applied in a speech recog-
nition system. Figure 1 shows the attachment of NAM
microphone to the talker. The optimal position of the at-
tachment was determined experimentally. Although the
NAM signal is of poor quality, the signal envelope is sim-
ilar to that of normal speech, and therefore speech recog-
nition is possible. Figures 2 and 3 show a normal-speech
and a NAM-speech waveform. For the recording of the
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Figure 1: NAM microphone attached to the talker

normal speech, a close-talking microphone was used. For
the NAM speech, a NAM microphone was used. The two
figures show the similarity of the envelopes of the two
signals. Figures 4 and 5 show the spectrograms of the
speech signals. As can be seen, in the case of the NAM
signal only the low frequency components are appeared.
However, due to the body transmission some components
are lost, and therefore the NAM speech is of lower qual-
ity, compared to the normal speech.

Using NAM speech received by a NAM microphone,
we trained hidden Markov models (HMM) for NAM
recognition. Instead of creating speaker-independent
HMMs, or speaker-dependent HMMs trained with a large
amount of data, in this work we used adaptation tech-
niques to create acoustic models. Adaptation techniques
are widely used approaches to train speaker, or environ-
ment specific acoustic models, when limited training data
are available. In our work, the Maximum Likelihood Lin-
ear Regression (MLLR) [3, 4] and the Maximum A Pos-
teriori (MAP) [5] adaptation techniques were used.

The initial acoustic models were normal-speech
HMMs, or HMMs trained with a small amount of NAM
data. Due to the large difference between initial mod-
els and adaptation data, the conventional single-iteration
MLLR is not so effective in NAM recognition. The it-
erative MLLR appears to be more effective, and results



Figure 2: Normal speech waveform - Close-talking mi-
crophone

Figure 3: NAM speech waveform - NAM microphone

showed that it provides higher performance. In our ex-
periments, the used method is similar to that proposed
by Woodland et. al,[6], but the object is different. How-
ever, we try to increase the performance of supervised
MLLR by increasing the number of iterations and using
the same adaptation data at each iteration, based on the
fact that MLLR uses the Expectation Maximization (EM)
method to solve the Maximum Likelihood (ML) problem,
which must be solved in MLLR. Figure 6 show the used
method. The initial models are adapted using the MLLR
technique and a small amount of adaptation utterances.
As a result, intermediate models are created. The inter-
mediate adapted models are re-adapted using the same
adaptation data, and this procedure is continued until no
further improvement is obtained. In our approach, the lat-
est adapted models are used as initial models. As a result,
after each iteration a better frame/state alignment is per-
formed, which increases the effectiveness of the MLLR.
The same procedure is followed during MAP adaptation,
too. It is very interesting, that our experiments showed
significant improvement in word accuracy by perform-
ing multiple-iteration MAP adaptation in NAM speech
recognition.

2. EXPERIMENTS AND RESULTS
2.1. Experimental conditions

Table 1 shows the system specifications. The recog-
nition engine was the Julius 20k vocabulary Japanese
Dictation Toolkit [7]. The normal-speech initial models
were speaker-independent, gender-independent, 3000-
state PTM HMMs [8], trained with the JNAS database
[9]. The NAM-speech initial models were created by re-
training the JNAS PTM models with 1800 NAM utter-
ances using EM. For testing, 24 utterances were used.
The adaptation data were 710 NAM utterances recorded

Figure 4: Normal speech spectrogram - Close-talking mi-
crophone

Figure 5: NAM speech spectrogram - NAM microphone

in a clean environment by a male speaker.

2.2. NAM recognition using MLLR adaptation

In this experiment, MLLR adaptation with 128-classes
regression tree was used. The statistics obtained dur-
ing EM training using the JNAS database were used to
construct the regression tree. Figures 7 and 8 show
the results of NAM recognition. The achieved results
show high word accuracy. They also show the effective-
ness of the iterative MLLR. As can be seen, with single
iteration MLLR the performance of the system is very
low. By increasing the number of iterations, the perfor-
mance is drastically increased. More specifically, using
normal-speech initial HMMs we achieved after 6 itera-
tions a 90.3% word accuracy. Using NAM-speech initial
HMMs we achieved after 6 iterations a 89.7% word ac-
curacy. Results also show, that using NAM-speech initial
models a higher word accuracy is obtained after the first
MLLR iteration. Using, however, speaker-independent
HMMs trained with NAM speech we achieved a 65.7%
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Figure 6: Iterative MLLR for NAM recognition



Table 1: System specifications
Sampling frequency | 16 kHz
Frame length 25 ms
Frame period 10 ms
Pre-emphasis 1-0.97z7!
Feature vectors 12-order MFCC,
12-order AMFCCs

1-order AE
HMM PTM , 3000 states
Training data JNAS database

1800 NAM utterances
Test data 24 NAM utterances

word accuracy without any adaptation. By increasing the
number of iterations, we achieved in both cases almost
equal performance. As results show, in this experiment
the different initial models do not have a serious effect in
the word accuracy.

2.3. NAM recognition using MAP adaptation

In this experiment, MAP adaptation was used. The initial
models were normal-speech HMMs, and NAM-speech
HMMs. In the case of MAP adaptation, the adapted
model parameters are estimated using the adaptation data
and the initials model parameters (priors) based on a scal-
ing factor, that must be adjusted. Figure 9 show the
achieved results when normal-speech initial models were
used. As can be seen, the achieved results are not high.
The reason is the large distance in the acoustic space be-
tween the priors and adaptation data. Further improve-
ment was achieved, by performing MAP iteratively. The
latest adapted models are used as priors, and in this way
the distance between priors and adaptation data is de-
creases. After 6 iterations a 83.2% word accuracy was
achieved. Figure 10 show the results when NAM-speech
initial models were used. As results show, in this case the
MAP adaptation is very effective. After the first iteration
a 83.5% word accuracy was achieved. After 6 iterations
a 93.5% word accuracy was achieved, which is a very
promising result. The results show higher performance
when compared to the MLLR adaptation. However, when
a larger amount of adaptation data becomes available the
MAP adaptation performs better than the MLLR adapta-
tion.

2.4. NAM recognition using a combination of MLLR
and MAP adaptation

In this experiment, a combination of MLLR and MAP
adaptation was used. More specifically, the model com-
ponents are previously transformed by MLLR adapta-
tion, and in the following the transformed components
are used as priors during MAP adaptation. The combina-
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Figure 7: Word accuracy using normal-speech initial
HMMs
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Figure 8: Word accuracy using NAM-speech initial
HMMs

tion of MLLR and MAP has the advantage that the ini-
tial model components are shifted in the acoustic space
before MAP is performed. Moreover, due to the com-
ponents grouping using a regression tree, components
which do not appear in the adaptation data are also shifted
during MLLR adaptation. ~ Figures 11 and 12 show
the achieved results when normal-speech initial models,
and NAM-speech initial models were used, respectively.
The results show higher performance when compared to
MLLR adaptation only. When compared to MAP adap-
tation, the performance of combined adaptation is higher
when the initial models of MAP adaptation were normal-
speech HMMs. When the initial models of MAP adapta-
tion were NAM-speech HMMs, combined adaptation and
MAP adaptation achieved equal performance.

3. CONCLUSION

In this paper, we introduced the NAM microphone, which
is able to receive very quietly uttered murmur (NAM
speech), and we focus on its application in speech recog-
nition systems. Among other advantages, using a NAM
microphone as an input device, the users can communi-
cate with a speech recognition based system with privacy.
For NAM speech recognition we carried out experiments
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Figure 9: Word accuracy using normal-speech initial
HMMs
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Figure 10: Word accuracy using NAM-speech initial
HMMs

using MLLR and MAP adaptation. Using a relatively
small amount of adaptation data, and MAP adaptation we
achieved a 93.5% word accuracy, which is a very promis-
ing result. Currently, we are collecting NAM data from
several speakers to train speaker-independent HMMs for
NAM recognition.
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