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ABSTRACT

The need for hands-free communication has led to an increased
popularity in the use of headsets with mobile phones. Comfort and
portability concerns have led to the desire for headsets with a small
form factor. Unfortunately, this size constraint typically requires
that the microphone be placed farther from the user’s mouth, mak-
ing it highly susceptible to environmental noise. One long term
goal of our work is to develop a headset that can achieve the sound
capture performance of a close-talking microphone located at the
user’s mouth, while maintaining the desired compact size. To-
ward this end, we have designed a headset consisting of three air
microphones and a bone-conductive sensor. The speech enhance-
ment is performed in two stages, a fixed beamformer followed by
a single-channel adaptive post-filter. Unlike other techniques, the
beamformer is calibrated in a purely data-drive manner. We present
preliminary experimental results using real data collected in mul-
tiple environments. The proposed approach results in significant
improvements in both speech recognition accuracy and SNR.

1. INTRODUCTION

As mobile phones continue to grow in popularity, they are increas-
ingly being used in places requiring hands-free communications,
for reasons of either safety or convenience. As such, the growth of
the cell phone industry has been followed by an almost equally large
growth in the headset industry. For reasons of portability, conve-
nience, comfort, and style, anecdotal evidence suggests that users
strongly prefer headset designs which are compact and lightweight.
These design constraints require that the microphone be placed at
some distance from the user’s mouth, typically on a short boom,
the earpiece itself, or along the wire that connects the earpiece to
the phone. As a result of this sub-optimal microphone placement,
speech captured by such headsets is highly susceptible to distortion
from environmental noise. In contrast, a traditional close-talking
headset with a long-boom can place the microphone right at the
user’s mouth, resulting in a much higher signal-to-noise (SNR) ra-
tio. The goal of this work is to design a headset that can achieve
the sound capture performance of such a close-talking microphone,
while maintaining a compact form factor.

There have been a small number of papers published that con-
sider the same or a similar problem. In [1], a close-talking adaptive
microphone array is proposed which aims to correct the excessive
high frequency gain that results from placement more than a 1-2
cm from the user’s mouth. The proposed algorithm required an
endfire configuration in order to estimate of the distance from the
source to the array based on level differences. In [2], the end-
fire constraint was relaxed by using both time-difference-of-arrival
(TDOA) estimates and level differences to estimate the source loca-

tion. However, the farfield attenuation was limited if the array was
not in an endfire orientation. Most recently, a method to overcome
this drawback was proposed [3].

A fixed beamformer design for headset microphone array which
relied on a physical model of the user was proposed in [4]. The head
was modeled as a rigid sphere and a filter-and-sum beamformer was
designed to maximize a variation on the conventional directivity in-
dex. Recently, there has been interest in the use of non-traditional
sensors for speech processing. In [5], a traditional desktop headset
was augmented with a bone conductive microphone, while in [6],
the use of a variety of sensors including air microphones and throat
and head accelerometers was proposed used to improve sound cap-
ture in noisy military environments.

In this paper, we explore the use of multiple sensors to cre-
ate a compact, lightweight, mobile communications headset. The
proposed headset consists of three air microphones and one bone
conductive microphone. A microphone array is formed using two
noise-canceling microphones and one omnidirectional microphone,
while the omnidirectional microphone is also used in conjunction
with the bone-conduction microphone to provide adaptive noise
suppression.

We propose a fixed beamforming algorithm in which the array
parameters are optimized during a calibration phase using a purely
data-driven approach. Such an approach was successfully applied
to an microphone array speech recognition task in [7]. Optimizing
the array parameters in a data driven manner has several poten-
tial benefits over a more conventional array processing approach.
For example, no assumptions are made about the microphone ele-
ment characteristics. Manufacturing variations in the microphone
characteristics will naturally be compensated for, as the gain and
phase of each microphone are adjusted to optimize the desired ob-
jective function according to the data. Furthermore, a data-driven
optimization criterion avoids the need for physical models such as
those used in [4].

Once the beamformer is calibrated it is fixed for future process-
ing. To gain additional noise suppression, the beamformer output is
then fed into an adaptive post-filter that utilizes the accurate speech
activity detection provided by the bone-conduction microphone.
Unlike previous techiques, e.g. [8, 9], the proposed post-filter op-
erates by directly modeling the noise transfer function between the
omnidirectional microphone and the beamformer output.

Through a series of speech enhancement and speech recogni-
tion experiments on real data, we show that the combination of
these processing stages results in an output signal that is signifi-
cantly better than a short-boom headset microphone.
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Figure 1: The proposed multi-sensor headset. Microphones 1 and
2 are directional microphones, while microphone 3 is omnidirec-
tional. The bone sensor rests on the skull just behind the earlobe.

2. MULTI-SENSOR HEADSET DESIGN

Figure 1 shows our multi-sensor headset. It has three air micro-
phones and a bone-conductive sensor. The three air microphones
are placed along a short boom, forming a linear array. The spac-
ing between the first and second microphones is 40 mm, and the
spacing between the second and the third microphone is 25 mm.
The first two air microphones are noise-canceling, while the third is
omnidirectional. Itis used both as part of the microphone array and
for capturing the ambient noise for downstream adaptive filtering.
The headset is worn with the three air microphones oriented toward
the user’s mouth. The omnidirectional microphone is located at the
ear canal and the bone sensor rests on the skull behind the ear. The
bone-conductive sensor is highly insensitive to ambient noise, and
as such, provides robust speech activity detection [5].

3. ALGORITHM OVERVIEW

Figure 2 is an overview of our algorithm. The goal of this work is
to create a compact headset with sound capture performance that
approaches that of a high-quality close-talking microphone using
the combination of a microphone array and a bone-conductive sen-
sor. One method of doing so is to use the close-talking microphone
signal itself as a reference signal to calibrate the parameters of the
array. The details of the proposed method are discussed in Section
4. The linear beamformer will inevitably not eliminate all the en-
vironmental noise. To obtain additional noise reduction, the output
of the calibrated linear beamformer is processed by an adaptive,
non-linear noise suppressor, described in detail in Section 5.

4. HEADSET ARRAY CALIBRATION

In this section we describe in detail how the parameters of the
headset microphone array are calibrated using the close-talking
microphone reference signal.

Using a small sample of training recordings in which the user’s
speech is captured by both the microphone array and the close-
talking microphone, the proposed calibration algorithm operates
as follows.

We use a conventional subband filter-and-sum linear beam-
forming architecture. Thus, if we represent the kth subband of
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Figure 2: A block diagram of the processing stages for the multi-
sensor headset.
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short-time Fourier transform of the signal captured by microphone
m at frame ¢ as Y. [k], the beamformer output can be expressed
as

ZJk] = Hp[k] Yo i[K] (1)

where H,,[k] is the filter coefficient applied to subband & of micro-
phone m and M is the total number of microphones in the array. If
we define the reference signal from the close-talking microphone
as R:[k], the goal of the proposed calibration algorithm is to find
the array parameters that minimize the following objective function

€ = Z |Rt IC] Zt[k' |

Ri[k] — ZH 1Yo 1 [K] @)

Taking the derivative of Eg. (2) with respect to H,, [k] and
setting the result to zero gives

Z(Rtk] ZH[k ot ) Yo i[k] =0 ©)

t

By rearranging terms, we obtain

Z(ZYM ntk]> Ho[k] = ZYM JR[k]  (4)

n=1

The filter coefficients { H1[k], ..., Ha[k]} can then be found
by solving the linear system in Eq. (4). This optimization is per-
formed over all subbands & = {1...N/2}, where N is the DFT
size.

4.1. Relationship to LCMYV Beamforming

For comparison purposes, we will show how the proposed beam-
former calibration method is related to a more conventional array
processing algorithms, Linearly Constrained Minimum Variance
(LCMV) beamforming [10]. Because we process all subbands in-
dependently, we will drop the subband index & from our notation
for clarity.

Let X denote the clean speech signal at the sound source. We
can then model the microphone signals as follows:

Ym,t :Gth‘i’Nm,t m:{l,,M} (5)
=GrXt+ Nr: (6)
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where G,,, and Gr represent the source-to-sensor transfer func-
tions for the microphones in the array and the reference microphone,
respectively, and N,,,.. and Nr . represent the ambient noise at the
corresponding sensors. Substituting Eg. (5) and Eq. (6) into Eq. (2)
results in

M M
(GR — Z Hme> Xt + <NR¢ - Z HmNm,t>
m=1

" @)

If we assume that the reference microphone represents ground
truth, i.e. Gr = 1 and Ng,; = 0, then Eq. (7) simplifies to

M M 2
m=1 m=1

If we had no information about X, we could simply constrain
the beamformer to have unity gain in the look direction, i.e. set

Z HpnGm =1 €)]

In this case, the first term in Eq. (8) drops out, and the resulting
optimization problem is to minimize

(10)

m,t

subject to the linear constraint defined by Eq. (9). Thisisthe LCMV
beamforming formulation.

The parameters of an LCMV beamformer are usually chosen
by making some assumptions about the noise, e.g. the noise is
spherically or cylindrically isotropic. In constrast, we make no
assumptions about the noise and are utilizing a priori information
about the target speech signal.

5. NON-LINEAR ADAPTIVE FILTERING

Following the calibration-based beamforming stage, we have a
single-channel output signal Z. Invariably, the calibrated beam-
former will not be able remove all the ambient noise from the signal.
To reflect this, we model the beamformer output Z as

=GzX¢+Hz,:V; (11)

where Gz is the spectral tilt induced by the array, V; is the ambi-
ent noise , Hz is the effective filter formed by the beamforming
process.

To further enhance the output signal, we apply an adaptive filter
to the output of the microphone array. This filter relies on noise
information from the omnidirectional microphone and exploits the
precise speech activity detection provided by the bone-conductive
Sensor.

If we define Y, to be the omnidirectional microphone signal
(microphone 3 in Figure 1), this signal can be modeled as

Yo,t = GoXt + Ho,t‘/;f (12)
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We now define the following variables:

X: = GoX: (13)
Vi = Hot Vi 14
Gz =Gz/G, (15)
Hzi=Hzi/Ho: (16)

Substituting Eq. (13) — (16) into Eq. (11) and (12) gives

= éth + I;IZ,tf/t (a7
Yor = Xt + Vt (18)

In essence, G'z is the signal transfer function between the
beamformer output and the omnidirectional microphone and H +
is the corresponding noise transfer function.

Notice that Hz . in Eq. (17) is a function of time. However,
if we assume that this variation over time is strictly a function of
its phase, while its magnitude is relatively constant, we can rewrite
Hz,t as

Hzy=|Hz|e " (19)

If we assume that that the speech X and the noise V are uncor-
related, we can combine Eq. (17) - (19) to obtain

\Z4|* = |G 2?1 X2 + [ Hz | Vi (20)
[Youl* = X2 + [Vaf? (21)

Solving for | X |? using these two expressions leads to

| ~t‘2 _ ‘Ztﬁ — |ﬁz|ﬁ‘Y0,t|2 (22)
|Gz|* — |Hz|?

Becase the denominator of Eq. (22) is constant over time, it acts
simply as a gain factor. Therefore, we estimate \Xt|2 simply as
1Xe|? = 1Ze]* = |Hz|* Yo, (23)

This leads to the following estimate of the magnitude of X,

‘HZ| |Y0f| 7€> (24)

X =|Z max
‘ t| | t\/ |Z‘2

where ¢ is a small constant. As in other magnitude-domain noise
suppression algorithms, e.g. spectral subtraction , we use the phase
of the array output signal Z for the filter output as well. Thus, the
final estimate of X is

Xt = ‘Xﬂejézt (25)

where ZZ; represents the phase of Z,.
We estimate | Hz| using non-speech frames. In these frames,
Eqg. (20) and Eq. (21) simplify to
|2 = | Hz " IVil* (26)
[Youl” = ViJ? 27

Using these expressions, the least-squares solution for | Hz| is

H, | =
|Hz]| S5, Vou?

(28)
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close- || short | calib | +adapt
talk boom | array filter
Cafeteria | 25.2 6.8 12.0 14.3
Car 26.8 116 | 12.6 16.4
Average 26.0 9.2 12.3 15.3

Table 1: The SNR (dB) obtained using a close-talking microphone,
a short-boom microphone, the calibrated beamforming technique,
and the beamformer combined with a nonlinear adaptive filter.

6. EXPERIMENTAL RESULTS

To test the performance of our proposed multi-sensor headset pro-
cessing, we recorded speech data from a user wearing the headset
shown in Figure 1 in two different environments, a cafeteria and
a car. In addition to the multi-sensor headset, the user also wore
a high-quality close-talking microphone with a long boom. The
audio streams from all five sensors were captured simultaneously.
In order to calibrate the headset beamformer, three utterances from
each of the environments were used as training data. The utter-
ances ranged were approximately 6-10 seconds long. The signals
recorded by the three air microphones and the close-talking mi-
crophone were used to optimize the array coefficients using the
technique described in Section 4. Once these parameters were
computed,they were fixed for future processing.

The test data consisted of the user reading 42 utterances from
the Wall Street Journal (WSJO) corpus [11] in both the car and
cafeteria environments. For each test utterance, the speech captured
by the headset was processed by the calibrated fixed beamformer.
The signal generated at the output of the beamformer was then
processed by the adaptive filter described in Section 5. For each
utterance, the bone sensor on the headset was used as a speech
activity detector to locate non-speech frames in order to estimate
|Hz|.

To evaluate the proposed algorithms, we measured both the
SNR of the resulting output signal and the speech recognition ac-
curacy. The SNR was measured by segmenting each utterance into
speech and non-speech segments, and then computing the average
signal energy in the speech frames and the noise frames. The results
are shown in Table 1 for the close-talking microphone, a short-boom
microphone (Mic 1 in Figure 1), the output of the calibrated beam-
former, and the output after the adaptive filtering is applied. The
performance is shown for the car and cafeteria environments, as
well as the average.

The speech recognition accuracy was measured using a com-
merically available speech recognition engine, with the dictionary
and language model constrained to the 5000-word WSJO task. Ta-
ble 2 shows the Word Error Rate (WER) obtained by the system in
the different environments.

As the tables indicate, the calibrated beamformer obtains a 27%
relative WER improvement over performance of the single micro-
phone even though the improvement in SNR is only 3 dB. The
nonlinear adaptive filtering phase achieves an additional 3 dB SNR
improvement. The fact that it gains a relative 3% improvement in
WER s a good indication that although the filter is non-linear, it
does not introduces significant distortion in the signal. By combin-
ing the headset beamformer with with the nonlinear adaptive filter,
we are able to achieve a 30% relative WER reduction, and 6dB
increase in SNR compared to a single short-boom microphone.
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close- || short | calib | +adapt
talk boom | array filter
Cafeteria | 11.0 311 | 22.7 21.9
Car 12.4 26.4 | 19.2 18.6
Average 11.7 28.7 20.9 20.2

Table 2: WER (%) obtained using a close-talking microphone,
a short-boom microphone, the calibrated beamforming technique,
and the beamformer combined with a nonlinear adaptive filter.

7. CONCLUSIONSAND FUTURE WORK

We presented a multi-sensor headset designed to improve the sound
capture performance over a conventional single-channel compact
headset. The speech enhancement was performed by the headset
using a fixed beamformer calibrated in a purely data-driven manner,
and a non-linear adaptive post-filter which obtained robust speech
activity detection from the bone sensor. Preliminary results showed
significant improvement in both speech recognition accuracy and
SNR.

The need for the close-talking reference signal in calibration is
a drawback to the beamforming algorithm presenting in this paper.
However, because of the variation in head sizes and shapes of differ-
ent users, it is unclear whether a set of array coefficients calibrated
for one user will generalize to other users. We would like to ex-
plore the construction of a codebook of beamformers in which each
codeword corresponds to a physical user profile. Calibration would
then consist of searching for the codeword or mixture of codewords
that is the best match for the user. Finally, we would also like to
evaluate other multi-channel signal processing methods. We note
that the proposed nonlinear adaptive filtering technique will be still
applicable with any other microphone array processing methods.
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