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Abstract—Microphone leakage occurs in multichannel close-talk audio
recordings of a meeting, when speech of an active speaker couples
into both the dedicated target microphone and all other microphone
channels. For an automatic transcription or analysis of a meeting,
the interferer signals in the target microphone channels have to be
eliminated. Therefore, we apply a frequency domain adaptive filtering-
based multichannel acoustic echo cancellation (MAEC) method, which
typically requires clean reference channels. We consider a wide range of
different speech-to-interferer ratios and evaluate two cascading schemes
for the MAEC, which leads to an improved speech component quality and
interferer reduction by up to 0.1 MOS points and 0.5 dB, respectively.
However, the purpose of this work is not to improve the MAEC
method, but instead to show that it can be successfully applied to
microphone leakage reduction, such as in meetings with headset-equipped
participants. Therefore, we analyze and point out why the MAEC method
is able to cancel the interferer signals in this scenario even though the
reference signals are themselves disturbed by interfering speech portions.

Index Terms—speaker interference reduction, Kalman filter, meeting,
social signal processing, crosstalk, microphone leakage

I. INTRODUCTION

Social signal processing denotes the automatic analysis of inter-
personal communications, relationships, and behaviors [1–3]. These
analyses are commonly based on a meeting of more than two
people, since meetings are a natural form of communication. An
automatic analysis of such a meeting contains a lot of challenges like
spontaneous speech, multi-talk or the audio recordings themselves,
which is why ”nearly every problem in spoken language recognition
(and understanding) can be explored in the context of meetings” [4].

With the aim of analyzing audio signals, it is common to use
a single table-top microphone, a microphone array, or personalized
close-talk microphones (e.g., headsets as depicted in Fig. 1) to record
a meeting [5, 6]. In this work, we focus on multichannel close-
talk recordings to obtain high quality and robust speech even in
interactive meetings, in which the participants are free to stand up
and use the entire room (e.g., for using the flip-chart). However,
the microphone channel of the target speaker is still disturbed by
interfering speech from all other participants coupling into the target
microphone channel with a non negligible level. This effect is
known as crosstalk or microphone leakage [4, 7–9] and requires a
reduction of the interferer speech signals to improve the speech
intelligibility and to allow further signal processing, especially in
multi-talk situations [10, 11].

Microphone leakage is also well known in live music performances
and recordings [12, 13] or in call-centers [14]. Hence, several ap-
proaches have been published in the last years, dealing with the
enhancement of the target microphone channel in such a scenario:
Adaptive filtering in time [12] and frequency domain [9, 13–15] are
popular solutions, using additional information like a speaker activity
detection or a signal-to-interferer ratio (SIR) in order to control

Table

P1

1

P2

2

P3
3

Fig. 1. Considered meeting scenario with three persons (P1, P2, P3), all
wearing a headset and talking to each other.

the adaptation. Furthermore, [9, 12, 14, 15] use the crosstalk-resistant
adaptive noise canceler (CTRANC) scheme [16]. It describes the
cascading of individual filters for each channel in order to obtain
crosstalk-free interferer channels for further processing. Opposite to
that, in [13] a frequency domain Wiener filter approach is proposed,
which is based on power spectral densities to estimate the target
and interfering speech portions. Thereby, all enumerated approaches
assume that the interfering crosstalk level is lower than the target
speech component, which can lead to problems in practice. Further
methods are based on nonnegative matrix factorization [17] or ma-
chine learning [18]. For the sake of completeness it may be mentioned
that the field of blind source separation is also related to our problem
formulation [19].

Based on our previous work and findings in [20, 21], in this paper,
we apply a frequency domain adaptive Kalman filter [22, 23], which
was developed for multichannel acoustic echo cancellation (MAEC),
directly to our microphone leakage problem. We investigate various
crosstalk levels of the interfering speech signals and analyze why the
MAEC approach can be applied to this complex scenario, even in
conditions with negative SIR [dB] and without using the CTRANC
scheme or similar. Moreover, we compare the performance of the
MAEC to an idealized scenario, in which the reference (interferer)
channels are not disturbed, and thereby quantify an upper perfor-
mance bound. Finally, we evaluate two cascading strategies including
both MAEC and a CTRANC scheme to improve the performance in
our scenario.

The paper is organized as follows: We introduce our considered
meeting scenario in Section II. Afterwards, we describe briefly the
applied MAEC algorithm and different cascading strategies in Section
III. The experimental evaluation is done in Section IV, before we
conclude this paper with some remarks in Section V.

II. SCENARIO MODEL AND NOTATIONS

The considered meeting scenario is depicted in Fig. 1, in which
three persons (P1, P2, P3) are sitting around a table and talking to
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Fig. 2. MAEC approach in the meeting scenario for speaker m = 1.
The RIRS H1,2(`, k) and H1,3(`, k) of interferer signals S′2(`, k) and
S′3(`, k) are estimated (Ĥ1,2(`, k), Ĥ1,3(`, k)). Afterwards, microphone
signals Y2(`, k) and Y3(`, k) are multiplied with Ĥ1,2(`, k) and Ĥ1,3(`, k),
respectively, and are then subtracted from the source signal Y1(`, k) resulting
in Ŝ1(`, k). By means of the error signal E1(`, k) the estimation of the RIRs
is adapted. In order to obtain Ŝ2(`, k) and Ŝ3(`, k), the inputs are changed
accordingly.

each other. In order to obtain good and robust close-talk speech
quality, all persons are equipped with a headset and are recorded
in an individual channel. However, microphone leakage occurs. In
the following, we define the considered person as target speaker
m ∈ M = {1, 2, ...,M}, and µ ∈ I = {1, 2, ...,M |µ 6= m} as
interfering speaker. The microphone channels ym(n) of the related
target speakers m are modeled as

ym(n) = sm(n) + nm(n) +
∑
µ∈I

dm,µ(n), (1)

with sample index n and nm(n) being some noise in channel ym(n).
Furthermore, sm(n) = s′m(n) ∗ hm,m(n) defines the convolution of
the target speech signal with the room impulse response (RIR) of the
acoustic path between the mouth and microphone of target speaker m.
On the contrary, dm,µ(n)=s′µ(n) ∗ hm,µ(n) denotes the interfering
signals, which are convolved with the corresponding RIR from the
mouth of interferer µ to the microphone of target speaker m.

III. FDAF-BASED MAEC

In this section, we briefly introduce the MAEC approach in
the context of our meeting scenario and propose subsequently two
iterative schemes in order to improve the performance of the MAEC.

A. Algorithmic Approach

On the basis of the clean reference signals s′µ(n) (loudspeaker
signals), the MAEC algorithm estimates the RIRs hm,µ(n) resulting
in ĥm,µ(n). Thereby, d̂m,µ(n)=s′µ(n) ∗ ĥm,µ(n) can be calculated
and afterwards used in order to enhance ym(n) to ŝm(n) by sub-
tracting d̂m,µ(n) from ym(n). The algorithm is based on a Kalman
filter and estimates hm,µ(n) in the frequency domain by means of a
prediction and a correction step. The ability to detect and distinguish
near-end speech from the reference signal is a certain strength of
this method. For reasons of space, the authors refer to [22–24] for a
detailed mathematical description of the MAEC.

In analogy to the MAEC problem, we interpret the two interfering
speaker signals s′2(n) and s′3(n) as reference signals in order to
cancel them out of our target speaker’s microphone signal ym(n).
However, s′2(n) and s′3(n) are not available. Therefore, we use
the only available signals y2(n) and y3(n), which themselves are
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Ĥ1,2(`, k) Ĥ1,3(`, k)
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Fig. 3. MAEC(1)/MAEC topology for speaker m= 1. In order to obtain
ŝ2(n) and ŝ3(n), the inputs are changed accordingly.

disturbed by each other, and, even worst, by the target speech,
respectively, as the reference signals for the MAEC algorithm as
depicted in Fig. 2. Furthermore, each channel m ∈ M has to be
enhanced and is independently processed by a basic MAEC approach,
depicted by the |M|=3 instances in Fig. 2.

B. Iterative MAEC Topologies

Since the classical MAEC relies on clean reference signals without
any distortion (here: interferers), it is obvious that a reduction of the
crosstalk level in the reference signals, which contain speech portions
of the target and the other interfering speakers, will lead to improved
results. Therefore, we apply two iterative cascading schemes:
• MAEC(i): All microphone channels m ∈M are successively and
iteratively improved, whereby the index i= {1, 2, . . . } denotes the
number of iterations. Thus, MAEC(1) is identical to the standard
MAEC as depicted in Fig. 2, while MAEC(2) uses the enhanced
output signals ŝm(n) of MAEC(1) as input signals.
• MAEC(i)/MAEC: Only the interferer channels µ ∈ I are
iteratively improved by the already introduced MAEC(i) and are
then used, along with the original target microphone signal ym(n)
as input of the MAEC (cf. Fig. 3). Thereby, i ∈ {1, 2, . . . } indicates
the number of iterations regarding the improvement of the interferer
channels. For i = 1, this structure is very close to the CTRANC
scheme in [16]. However, each additional iteration of the interferer
channel improvement is itself based on the original interferer signal
yµ(n) instead of x̂µ(n) in order to prevent too much loss of the
speech component quality. The interferer channels x̂µ(n) as improved
by MAEC(i) are only used as reference inputs for both MAEC(i+1)
and the final MAEC as depicted in Fig. 3.

IV. EXPERIMENTAL VALIDATION

The experimental validation is two-fold: First, we explain why the
MAEC is able to deal with microphone leakage of the target speaker
in the reference signal, and second, we evaluate the performance of
the MAEC with and without cascading schemes.

A. Experimental Setup

For the investigations of the MAEC approach, we recorded a set
of RIRs in a common meeting room of size 6.6 m×5.8 m×2.5 m
(length × width × height) between the microphones of the three
considered persons according to [25]. The acoustic source and
sink are represented by a Yamaha HS80M studio monitor and a
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Beyerdynamic MM1 microphone, respectively, whereby the mi-
crophone was placed close to the mouth of a head-and-torso simulator
to simulate the considered meeting scenario with close-talk headsets.
A more detailed description can be found in [21, 26].

By using the measured RIRs and the NTT multilingual speech
database [27], we are able to generate an artificial dialog between
three persons according to Fig. 1. In this work, we focus on tripe-
talk (all persons speak at the same time), since this is the most
challenging case for the applied MAEC. Furthermore, we assume
hm,m(n)=δ(n) due to the considered close-talk scenario. Thus, the
target speech signal sm(n) = s′m(n), while the interfering signals
s′µ(n) are convolved with the corresponding RIRs hm,µ(n). The
target speech signals are generated by concatenating 15 NTT speech
samples including some speech pauses for each speaker, which are
adjusted to an active speech level (ASL) of −26 dBov. We further
investigate different interferer levels from −16 dBov to −46 dBov
with a step size of 2 dB and add a Gaussian noise floor with a level
of −75 dBov to each microphone channel ym(n) simulating some
sensor noise. All applied signals are sampled with 16 kHz, level
adjustments are done according to ITU-T P.56 [28], and the parameter
configuration of the MAEC is in line with [23].

B. Quality Measures

All experiments are evaluated by means of a black-box signal
separation method according to [29, 30], which decomposes the
enhanced target signals ŝm(n) into its components. Thus, we obtain
s̃m(n), d̃m,µ(n), and ñm(n) referring to the target, interferer, and
noise signals from ŝm(n), respectively. Furthermore, the black-box
approach carries out a delay compensation of ŝm(n) w.r.t. sm(n),
and is applied with a frame length of 1024 samples, a frame shift of
128 samples and a periodic Blackman window [29].

Based on these components, we determine four measures to evalu-
ate the MAEC experiments. Due to the fact that we enhance |M|=3
microphone channels in the considered meeting scenario, we define
the measures w.r.t. one target channel, but report in the evaluation
the average over all processed microphone channels m ∈ M. First,
the improvement of the signal-to-interferer ratio (SIR) is defined by

∆SIRm = oSIRm − iSIRm [dB], (2)

with oSIRm and iSIRm being the output SIR after black-box
processing and the input SIR for channel m, respectively. Both
are measured according to ITU-T P.56 [28]. Second, the segmental
interferer attenuation is determined by

IAseg
m =

1

|L(dm)|
∑

`∈L(dm)

10 log10

∑
n∈N`

∑
µ∈I

d2m,µ(n)∑
n∈N`

∑
µ∈I

d̃2m,µ(n)
[dB], (3)

with L(dm) being the frame index set, which contains the indices
of all speech-active frames of dm(n). Furthermore, samples n of
frame ` are indicated by sample index set N`. Third, to evaluate
the speech component quality of ŝm(n), we consider a segmental
speech-to-speech distortion ratio through

SSDRseg
m =

1

|L(sm)|
∑

`∈L(sm)

min{max{SSDR′m(`), Rmin}, Rmax},

(4)

with L(sm) comprising the speech-active frame indices of sm(n),
Rmin and Rmax being −10 dB and 30 dB, respectively, and

SSDR′m(`) = 10 log10

∑
n∈N`

s2m(n)∑
n∈N`

(
sm(n)− s̃m(n)

)2 [dB]. (5)

Finally, we analyze speech distortion by measuring the mean opinion
score MOSLQO of the target speech component s̃m(n) w.r.t. sm(n)
using wideband PESQ according to ITU-T P.862 [31].

C. Results and Discussion

Fig. 4 depicts the results of our different MAEC topologies
regarding an iSIR of −10 to 20 dB for ∆SIR [dB], IAseg [dB],
SSDRseg [dB] and MOSLQO. In accordance with most other work
in this field, we assume that the target speech component is dominant
against the interferer signals in the target microphone channel. Hence,
the iSIR range of 0 dB and 20 dB is most relevant for the investiga-
tions of our meeting scenario. However, in order to understand and
verify the usefulness of the MAEC approach in the meeting context,
we consider, as already mentioned, a wider range.

For each of the four measures in Fig. 4, the common MAEC(1)
performs best for 5 dB< iSIR<20 dB, but even for iSIR=−10 dB,
MAEC(1) can still enhance the target microphone signal with an
adequate speech quality. This is interesting, since the interfering
signals dm,µ(n) are in this case dominant in the target’s channel
ym(n). The target’s speech signal is in turn dominant in it’s own
reference channels, i.e., the interferers’ microphone signals yµ(n).
Hence, it could be expected that the target speech of the target micro-
phone channels would be eliminated by the MAEC. Furthermore, by
comparing MAEC(1) with an oracle MAEC, which processes the
same target microphone channels, but with crosstalk-free reference
channels, two things can be observed: First, ∆SIR and IAseg are
substantially higher for the oracle MAEC (up to 7 dB and 6 dB,
respectively). Second, the speech component quality of the enhanced
target signal is quite comparable (except for very low iSIR conditions)
in terms of SSDRseg, and even equal w.r.t. MOSLQO. Since an
increase of the iSIR leads to a decrease of the performance gap
between the oracle MAEC and MAEC(1) w.r.t. all four measures,
it is obvious that the crosstalk level in the reference channels has
a strong influence on the performance. But since the MAEC(1)
indicates no significant loss of the target’s speech component over
the whole iSIR range, and moreover, is still working for negative
iSIR values, there has to be a second cause besides the interference
level, why the MAEC does not dramatically degrade the target speech
components in the target microphone channels.

In line with our work in [21] and to comprehend this behavior, we
have to analyze the influence of a RIR on the interferer source signals.
Therefore, we consider a single-talk scenario with an adjusted ASL of
−26 dBov for each speaker and convolve the speaker signals s′m(n)
with different fundamental components of a RIR, before coupling as
interferer signals into the non dedicated microphone channels yµ(n).
For this purpose, we first break down a RIR to the fundamental
characteristics with an impulse α · δ(n− n0):
• Attenuation: α < 1, n0 =0
• Amplification: α > 1, n0 =0
• Delay: α=1, n0 > 0

With the aid of these impulses, any discrete RIR can be modeled
by superposition and concatenation including reverberation, which
corresponds to a sequence h(n), with n ∈ N0 and h(n) ∈ R. We
thus define five RIRs hm,µ(n) as acoustic path from the mouth
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of interferer speaker µ to the microphone of target speaker m:
hm,µ(n) = δ(n) (no RIR), an attenuating and amplifying RIR of
−5 and 5 dB, respectively, a delaying RIR with n0 = 100 samples,
and a reverberating RIR with T60 = 5 ms. The latter is truncated
after 6.25 ms (i.e., after 100 samples) and simulated with a random
sequence, which is shaped by an exponentially decreasing function.
Moreover, we still assume hm,m(n)=δ(n).

Tab. I shows the MAEC results for a single-talk scenario with the
five different RIRs hm,µ(n) w.r.t. the four objective measures (c.f.
Sec. IV-B). By means of the SSDRseg and MOSLQO measures, it can
be seen that the target speech signal is attacked and almost eliminated
by the MAEC if no RIR or only an amplification or attenuation is
applied to the interfering signals. Thus, we can exclude that these
RIR characteristics are the reason why the MAEC can be applied
to our meeting scenario without eliminating the target speech signal.
Nevertheless, we already know from the results of Fig. 4, that the
interferer level has an effect on the MAEC performance during multi-
talk, which corresponds to the results in Tab. I, where the attenuating
RIR achieves a better result than both no RIR and the amplifying
RIR. However, the main reason why the MAEC works seems to
be the delay, which is evident in Tab. I by the obtained positive
∆SIR result and the achieved high speech quality of 10.77 dB and
3.94 MOS points for SSDRseg and MOSLQO, respectively. The
obtained performance is also comparable to the MAEC result in Fig. 4
for iSIR=0 dB. This is due to the fact that the interfering (crosstalk)
signals, which are emanated from target speaker m, are delayed in
the reference channels for target microphone channel m. Thus, the
MAEC would have to estimate a RIR with negative delay to eliminate
the target speech portions in the target microphone channel m, which
is physically not possible. As a result, the MAEC interprets the target
speech as near-end speech (as mentioned in Sec. III-A) and therefore
leaves it untouched. For that reason, the MAEC can be successfully
applied to microphone leakage reduction in multichannel close-talk
recordings, which is confirmed by the results in Fig. 4. Furthermore,
it is consistent that the MAEC obtains also adequate results for the
RIR inducing reverberation, since it consists of a combination of
delay and amplification/attenuation.

TABLE I
MAEC performance results IN CASE OF A SINGLE-TALK SCENARIO WITH

|M|=3 SPEAKERS WITH VARIOUS RIRS.

RIR ∆SIR IAseg SSDRseg MOSLQO

[dB] [dB] [dB]

No RIR -0.73 28.03 0.26 1.69
Amplification -19.90 27.49 0.08 1.61
Attenuation 15.25 27.43 1.86 2.12
Delay 5.82 21.05 10.77 3.94
Reverberation 5.90 21.04 5.13 3.73

This insight leads to the conclusion that the dedication of the
microphones to the sound sources is based on the shortest distance
between source and microphone, instead of the highest signal energy
level of a source in the microphone channel (even though it has
some influence on the overall performance). Thus, both (wireless)
headsets and lapel microphones, which depict the typical equipment
for close-talk recordings, should work robustly in a meeting scenario,
in which the participants can move freely (e.g., to use the flip
chart), w.r.t. a crosstalk reduction based on the MAEC. In addition,
the MAEC should also operate well in typical multichannel audio
(live) performances and recordings of multiple instruments, since it
is common to apply close-talk in this field. In comparison to state-
of-the-art methods such as the multichannel Wiener filter approach
of Kokkinis et al. [13], we showed in [20, 21] that the MAEC can
achieve quite similar results w.r.t. the crosstalk reduction and the
remaining target speech component quality over a wide iSIR range
in a meeting scenario.

We now focus on the comparison of the various MAEC topologies
in Fig. 4. MAEC(1) delivers in the iSIR-range of 0 to 20 dB suitable
∆SIR results of about 5 dB on average and for iSIR≥15 dB even
equal to the performance of the oracle MAEC regarding all reported
measures. This is consistent, since the reference channels of the
MAEC(1) and oracle MAEC converge with an increasing iSIR. The
performance of the interferer reduction can be further improved by
the iterative MAEC(i>1) scheme, which is illustrated in Fig. 4 with
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a blue solid line. Two and three iterations of the MAEC are shown
with circle and asterisk markers, respectively. While the interferer
reduction is getting better with a higher number of iterations, the
speech component quality of the enhanced target signal is getting
poorer with each iteration. This is because the target microphone
channel of MAEC(i>1) is already enhanced and has thus already
a little bit of speech distortion, which cannot be reversed. In contrast
to this, MAEC(i)/MAEC, which is plotted in dashed-dotted red
lines, improves both interference reduction and speech quality of all
our applied measures over the whole relevant iSIR range by up to
0.5 dB and 0.1 MOS points, respectively. Moreover, a higher number
of iterations has a slightly positive effect on the interferer reduction,
while maintaining a comparable speech component quality.

V. CONCLUSIONS

In this work, we used an approach for multichannel acoustic
echo cancellation (MAEC) to reduce the speaker interference in
multichannel close-talk audio recordings of a meeting. Thereby, we
improved the performance of the MAEC w.r.t. both interference
reduction and speech component quality by using an iterative cas-
cading scheme. Moreover, we investigated why the MAEC is able
to eliminate crosstalk in a meeting scenario, in which the reference
channels are disturbed by the target speech. Thereby, we showed that
the delay of the interfering signals, which is induced by the room
impulse responses, is the reason why the MAEC can be applied to a
microphone leakage reduction in meetings.
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