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Abstract

We consider the problem of separating speech from several talk-
ers in background noise using a fixed microphone array and
a set of wearable devices. Wearable devices can provide re-
liable information about speech from their wearers, but they
typically cannot be used directly for multichannel source sep-
aration due to network delay, sample rate offsets, and relative
motion. Instead, the wearable microphone signals are used
to compute the speech presence probability for each talker at
each time-frequency index. Those parameters, which are robust
against small sample rate offsets and relative motion, are used to
track the second-order statistics of the speech sources and back-
ground noise. The fixed array then separates the speech sig-
nals using an adaptive linear time-varying multichannel Wiener
filter. The proposed method is demonstrated using real-room
recordings from three human talkers with binaural earbud mi-
crophones and an eight-microphone tabletop array.

Index Terms: speech separation, distributed microphone array,
asynchronous microphone array, wearable devices

1. Introduction

Speech separation, the task of isolating one or more speech sig-
nals from a noisy mixture, is widely used in speech recognition,
conferencing, and hearing enhancement systems [1,2]. Micro-
phone arrays can use multichannel filtering to separate speech
signals arriving from different directions, but they must first
learn the reverberant acoustic channels between the sources and
microphones, which is difficult in the noisy environments where
speech separation is most useful. In this work, we consider a
conversation between several talkers of interest positioned near
a microphone array in a noisy environment, such as a cafeteria,
that also includes many unwanted sound sources.

Because individual devices often struggle in challenging
acoustic environments, researchers have proposed distributed
systems that aggregate data from multiple devices [3-6]. For
example, smartphones have been used to augment a microphone
array in a meeting room [7]. Wearable devices such as head-
phones are especially promising for speech separation because
they are physically attached to talkers and move with them. The
most direct approach to distributed source separation is joint
beamforming, in which signals from all microphones in the net-
work are coherently combined to form a spatial filter [4, 8, 9].
Unfortunately, wireless devices can suffer from network delays,
packet loss, and sample rate offsets that make it difficult to
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Figure 1: Microphones in wearable devices such as earbuds
can complement traditional microphone arrays in noisy envi-
ronments. In the experiment, three talkers with wearable micro-
phones sat around a circular table with an eight-microphone
array while loudspeakers generated background noise.

coherently combine signals from different devices [7, 10-14].
Wearable devices also move relative to each other, causing se-
vere phase uncertainty at high frequencies [15].

Although wearable devices might not be useful for co-
herent spatial filtering, they can still help to estimate parame-
ters. Time-frequency magnitude and speech presence probabil-
ity (SPP) features are robust against small sample rate offsets
and motion and so can be used for nonlinear source separation
in an asynchronous array [16-18]. In real-time applications
such as hearing enhancement, a distributed array can be used
to estimate parameters for linear separation filters within each
device [19]. Similarly, a well-positioned external microphone
can be used to estimate the relative transfer function between a
source of interest and the microphones of an array [20-22].

In this work, we propose a cooperative speech separation
system that combines the strengths of a fixed array and of wear-
able microphones. The array has excellent achievable perfor-
mance but needs help to learn the acoustic channel model. The
wearable devices have poor signal-to-noise ratio (SNR) on their
own, especially at high frequencies, but are useful for distin-
guishing between different sources because of their known po-
sitions relative to the talkers. The proposed system uses the
wearable devices to estimate SPP values, which are then used
to learn the second-order statistics for each source at the mi-
crophones of the fixed array. The array separates the sources
using an adaptive linear time-varying spatial filter suitable for
real-time applications. This work combines the cooperative ar-
chitecture of [19], the distributed SPP method of [18], and the
motion-robust modeling of [15]. The system is implemented
adaptively and demonstrated using live human talkers.
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Figure 2: The proposed system uses a fixed microphone array
for adaptive linear separation. The parameters are updated us-
ing speech presence probabilities estimated with a set of asyn-
chronous wearable devices.

2. Time-frequency signal model

A group of N talkers of interest, each wearing a device contain-
ing one or more microphones, converse with each other near a
fixed microphone array, as shown in Fig. 1. Let x[t, f] € CM
be the vector of short-time Fourier transform (STFT) signals
captured from all M microphones, where ¢ is the time index
and f is the frequency index. The input vector can be parti-
tioned into vectors captured by each of the devices, as shown in
Fig. 2: xT[t, f] = [xZ[t, f], xE1[t, f], ..., x5 N L, f]], where
Xa[t, f] is from the fixed microphone array and Xwm[t, f] is
from wearable device m.

The observed signal is a linear combination of speech sig-
nals from the N talkers and unwanted noise. Let ¢!™[t, f] €

C™ be the component due to talker n forn = 1,..., N and let
¢ DL, £] be the noise, so that
N+1

€y

f1=> ™[t f].

The goal of source separation is to extract the signal component
due to each talker from the mixture x[t, f]. The desired outputs

are ynl[t, f] = efc(m[t, flforn = 1,... N, where e] =
(1,0,...,0].

In multichannel source separation, it is common to use lin-
ear estimators of the form ¢, [t, f] = wi [t, f]x[t, f]. In this

work we restrict our attention to the linear minimum-mean-
square-error (LMMSE) estimator, also known as a multichan-
nel Wiener filter (MWF), which is derived from the second-
order statistics of the signals. Each mixture component c™
is modeled as a zero-mean time-varying random process with
covariance R_)[t, f]. The sources and noise are assumed to
be mutually uncorrelated so that the covariance of the mixture
x[t, f] is given by

N+1

Z Rc(") t f

Assume that Rx[t, f] is invertible, which is typically true in
practice due to spatially diffuse noise. The MWF estimates are
given by

Gnlt, f] = e

Rx[t, f] = (€3

R [t, fIR'[t, fIx[t, f], n=1,...,N.
3

To implement the MWEF, the system must estimate the source

and mixture covariance matrices, which depend on the reverber-

ant acoustic paths between each source and each microphone.
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3. Second-order statistics

The challenges introduced by wearable devices, including sam-
ple rate offsets and relative motion, can be characterized by their
effects on the second-order statistics of the signals. When us-
ing synchronous, nonmoving microphone arrays, it is common
to assume a rank-one covariance model for each source of in-
terest, where R _(») is proportional to the outer product of an
acoustic transfer function vector that depends on the source and
microphone geometry and room acoustics. In such a rank-one
matrix, the signals from a given source observed at all micro-
phones are perfectly correlated with one another. Sample rate
offsets and relative motion reduce this coherence.

3.1. Sample rate offsets

In a distributed microphone array comprising multiple devices,
each device uses a slightly different sample rate, causing rela-
tive time compression or expansion. Because these offsets tend
to be small, on the order of parts per million (ppm), they can be
modeled in the STFT domain as phase shifts [10, 11]. Suppose
that the devices are coarsely time-aligned, e.g. to within several
sample periods, so that the real-world time intervals of their
corresponding STFT frames strongly overlap. Let x3m, [¢, f] be
the signal that would have been captured by wearable device m
if it used the same sample clock as the fixed array. The asyn-
chronous signal is well approximated by

abync[t f] ~ 6J27Tf06m synC[t .ﬂ (4)
where ., [t] is proportional to the sample rate offset of device
m relative to the array.

In this asynchronous system, the covariance between the
signals from wearable device m and from the array becomes

[t, fl]~E tfl, ©®

where E denotes statistical expectation. In some cases the offset
can be estimated and this phase shift can be explicitly tracked
[7,13,23]. If the offset is unknown, however, then it reduces
the coherence between devices, especially at high frequencies.
In particular, if the phase shift is treated as a uniform random
variable on (0, 27), then the expectation in (5) is equal to zero.
Then the between-device covariance becomes

R [t f]1 =0, (6)

XaXwm
By the same argument, the signals from different wearable de-
vices are also uncorrelated with one another.

R

XaXwm

RAYC

XaXwm

[e—j%fam ]

m=1,...,N.

3.2. Relative motion

Wearable devices are also susceptible to unpredictable motion.
Doppler effects are mathematically equivalent to sample rate
offsets, but they vary unpredictably over time [14]. It has been
shown that even small motion such as breathing can harm mi-
crophone array performance at high frequencies [15]. Consider
an anechoic environment with a single sound source and as-
sume that relative motion between microphones causes the time
differences of arrival between devices to vary according to a
normal distribution with variance o2. Then it can be shown that
the inter-device covariance is given by

o Rnf’ld

XaXwm

Rmovm;,

XaXwm

[t, f] = e~ It, 1, %

where R is the covariance if the microphones did not move
[15]. As with sample rate offsets, the effects of relative mo-
tion are stronger at high frequencies. If the uncertainty due to
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Figure 3: Magnitudes of sample correlation coefficients be-
tween microphones in a fixed array and three pairs of earbuds.
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motion between two devices is large compared to the acoustic
wavelength, then the signals become uncorrelated and the de-
vices cannot be used for LMMSE estimation.

Figure 3 demonstrates the adverse effects of sample rate
offsets and relative motion for wearable devices on human sub-
jects. Each matrix shows the magnitudes of the sample cor-
relation coefficients between signals at a fixed array of eight
microphones and three pairs of earbuds for a single talker, av-
eraged over a 60 second recording. The left column shows
synchronous recordings and the right column shows the same
recordings with simulated sample rate offsets between —50 and
+50 ppm between the four devices. The eight microphones of
the fixed array are always strongly correlated with one another,
as are the two microphones in each pair of earbuds. However,
the coherence between devices depends on frequency and syn-
chronization. At high frequencies, relative motion and sample
rate offsets reduce the between-device coherence to nearly zero
so that the covariance matrix is approximately block diagonal.

3.3. Linear estimation with uncorrelated devices

To ensure robustness against sample rate offsets and motion,
we adopt a conservative statistical model and set the between-
device covariances to zero:

Rxaxwm [t’ f] = 07 (8)
Rxwﬂxww [t7 f] = 0’ (9)

The overall covariance matrix R is therefore block diagonal,
with each block corresponding to one device. Applying (8) and
(9) to the MWF (3), the filter coefficients are zero for the mi-
crophones of the wearable devices. Therefore, each source esti-
mate is given by

gn [t7 f] = e?chn) [t, f]R;: [t7 f]xii[t> f]7

m=1,...,N
l#m.

(10)

which uses only the microphones of the fixed array. Because it
does not use the wearable microphone signals to generate the
output, this system is also less susceptible to network latency
and packet loss compared to a coherent distributed beamformer,
so it is appropriate for real-time applications such as hearing
enhancement.

The wearable microphone signals cannot be used directly
by the linear estimator, but they are still useful. Speech signals
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Figure 4: Average input SNR of wearable microphones for the
wearer’s speech.

are not Gaussian, so although the signals of different devices are
uncorrelated, they are not independent. For example, the STFT
magnitudes are robust against sample rate offsets and motion
and convey useful information about speech presence at each
time-frequency index. In [18], an offline algorithm aggregated
SPP estimates from several wearable arrays to perform nonlin-
ear source separation. Here we are interested in online process-
ing, so the wearable microphone data is instead used to update
the time-varying parameters of a linear separation filter.

4. Cooperative parameter estimation

If the wearable devices had excellent SNR for their respective
talkers, then the wearable microphone signals could be used
directly as source references to learn acoustic channel param-
eters [20-22]. In the group conversation scenario considered
here, however, the users are close together and so the wearable
devices suffer from significant cross-talk, especially at high fre-
quencies. Figure 4 shows the input SNR at one microphone
of the array and at headset, lapel, and earbud microphones on
the talker of interest. Only the headset microphone, which is
mounted just in front of the mouth, would be suitable as a ref-
erence signal for an adaptive separation filter. Our experiment
used earbuds, which are ubiquitous among consumers, but at
high frequencies the earbud microphones receive more speech
energy from other talkers than they do from the wearer.

4.1. Adaptive covariance estimation

Because the wearable microphones have poor SNR and low
between-device coherence, the source and mixture second-
order statistics are tracked only for microphones of fixed array.
First, the covariance of the mixture is updated recursively by

Ra, [t, f] = (1 — )R, [t — 1, f] + pxal[t, f1x2[t, ], (1)

where (i is a tunable step size parameter. In our experiments, it
was 0.01, corresponding to a 1/e time of about 2 seconds.

To estimate the statistics of the speech sources, we can
take advantage of the sparse structure of speech in the time-
frequency domain [24]. At each [t, f], the mixture is assumed
to be dominated by a single speech source, so that x[t, f] =
W IBIDIE f] for some n*[t, f] € {1,...,N + 1}. Single-
microphone methods such as time-frequency masks often sepa-
rate speech by assigning each time-frequency index of the mix-
ture to a single source [25]. Multichannel systems can also take



advantage of this sparsity property, applying the same time-
frequency mask to each microphone in the array and using the
masked signals to estimate the second-order statistics [7,9,26].
Let vy, [t, f] be the SPP for source n at time-frequency index
[t, f]. Treating the SPP as a soft mask for speech separation,
we have ¢ [t, f] ~ ~n[t, f]x[t, f]. The source covariance
matrices at the array microphones are recursively estimated as

R o [t, /] = (1= )R oo [t 1, f1+pmlt, SIxalts x2S,
(12)
forn=1,...,N + 1.

4.2. Speech presence probability

Because they are attached to the talkers, the wearable micro-
phones are well suited to perform SPP estimation. Assume
a conditionally Gaussian model so that each ¢(™[t, f] has a
normal distribution given its covariance R (»)[t, f]. Then the
log-likelihood of the observation x[¢, f] given that source n* is
present is given by

Inp(x|n*) = —xHR;(iL*)x —In det(ﬂ—MRc(n*) ). (13)

Because the covariance matrix is block-diagonal, the log-
likelihood statistics can be computed independently within each
wearable device and then summed:

N
Inp(x|n®) = Z I ;iﬁ)xwm — Indet (7™ R_(n"),

wm
m=1

(14
where M,, is the number of microphones in device
m.  Finally, assuming uniform prior probabilities over
the sources, the posterior probabilities are n[t, f] =
p(x[t, flln)/ St p(x[t, f]1€) forn =1,..., N + 1.

The array microphones are excluded from the SPP estimate
(14) because their statistics are unknown at this stage. The
statistics of the wearable devices can be reliably measured in
advance because the microphones are always in the same posi-
tion relative to their wearers.

5. Experiment

The proposed system was evaluated using three human subjects
seated around a circular table, as shown in Fig. 1. Each wore
a pair of omnidirectional lavalier microphones on the ears to
emulate earbuds. An eight-microphone circular array with di-
ameter 10 cm was positioned in the center of the table. Each
subject read aloud for 60 seconds. Background noise was gen-
erated by six loudspeakers playing clips derived from the VCTK
corpus [27]. All microphones were recorded synchronously at
48 kHz and processed at 24 kHz. Simulated sample rate off-
sets between —50 and +50 ppm were applied to the wearable
microphones using the interpolation method of [23].

To evaluate separation performance, the individual talkers
and the background noise mixture were recorded separately.
These recordings were summed to form the noisy mixture used
for parameter estimation. The first 10 seconds of the recordings
were used to calibrate the earbuds and the last 50 seconds were
used for separation. The output SNR was computed by apply-
ing the time-varying separation filter separately to each source
component, calculating SNRs in half-octave bands, and averag-
ing over the three target sources. To allow the adaptive filters
to converge, the first ten seconds of output were excluded from
the SNR calculation.
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Figure 5: SNR improvement from a linear separation filter using
SPP estimates from different devices on each talker.

Figure 5 shows the average SNR improvement of the three-
talker separation filter relative to the input SNR at the tabletop
array. The curves correspond to different SPP estimates used to
update the filter: one using ground-truth source magnitudes, one
using the three binaural pairs of earbud microphones, and one
using only one earbud per talker. All filters perform similarly at
low frequencies, where magnitude differences are reliable fea-
tures for classification. At high frequencies, the multichannel
classifier outperforms the single earbuds because the binaural
pairs can better distinguish between speech from the wearer and
from other talkers. However, the output SNR of the filter based
on single-earbud classifiers still greatly exceeds the input SNR
of the earbuds alone.

The experiment was repeated with and without simulated
sample rate offsets. The separation results are indistinguish-
able, showing that the proposed method works without precise
synchronization between devices.

6. Conclusions

The experiment demonstrates that wearable devices can be used
to estimate acoustic channel parameters for a microphone ar-
ray in a noisy environment. Noisy wearable devices, such as
earbuds, cannot be used directly as source references but can
help to compute source presence probabilities. Because the
SPP estimates are computed independently within each wear-
able, the proposed system is robust against small sample rate
offsets and relative motion. Furthermore, because the wearable
microphones are used only for adaptation, this cooperative ar-
chitecture is suitable for real-time processing even with severe
network delays.

The system combines the strengths of each device: The
fixed microphone array has excellent spatial resolution and can
achieve strong linear separation performance, but cannot easily
learn the source statistics in a complex acoustic environment.
The wearable devices have poor individual SNRs at high fre-
quencies, but have known positions relative to the talkers. By
working together, the devices can learn the acoustic parameters
of the sources and perform reliable separation in noise.
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