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Abstract
A simple and low computational complexity system for bi-
speaker speech separation is proposed in this paper. The sys-
tem is constructed of a voice activity classification (VAC) mod-
ule and an adaptive bi-beamformer module for speech sepa-
ration using a microphone array. The first module identifies
active speaker(s) and allows the system to control the adapta-
tion of the second module automatically. The VAC is based on
a novel classification method containing two steps. The first
step uses a robust VAC method based on our previous work
on beamformer-output-ratio of a bi-beamforming system. The
second step refines the VAC results using a novel method de-
rived from an analytical result on the output power of an adap-
tive beamformer. The system is tested in reverberant environ-
ments with both synthesized and real recordings. The synthe-
sized recordings contain two speakers, a background speech and
noises. The real recording contains two speakers speaking spon-
taneously. The VAC results satisfy a conservative classification
scheme to avoid the signal cancellation problem. The final sep-
aration outputs are compared with the ideal outputs provided
by genie-aided adaptive beamformers which have perfect VAC
knowledge. The results show that the propose automatic system
achieves high performance close to the ideal system.
Index Terms: adaptive beamforming, speech separation, voice
activity classification, beamformer output ratio

1. Introduction
In a multi-speaker environment, such as a meeting room, speech
separation systems target segregating individual speech signals
from mixture recordings. In the last decade, significant ad-
vances in this field have been achieved with a boom in the
number of more powerful algorithms [1–6], which can be cat-
egorized into adaptive optimum beamforming [5], high-order
statistical optimum beamforming [2], independent component
analysis based methods [6]. These methods show promising re-
sults toward practical products [1]. However, as shown in most
speech separation campaigns such as PASCAL Challenge II [7],
CHiMe [8], SASSEC and SiSEC [1], critical prerequisites are
needed for such practical realizations of these methods. While
the automatic source localization (or blind separation) chal-
lenge is commonly addressed, the prerequisite of knowing the
number of active sources in each recording period often remains
as an assumption [1]. To create a truly blind separation system,
this assumption needs to be removed and this is the motivation
of the work in this paper.

The active speaker identification task (or voice activity clas-
sification (VAC)) provides information about the number of cur-
rently active sources and the status of the speakers of interest.
In the nature of human conversation, this status changes and ap-
pears to be unpredictable, therefore if a speech separation sys-
tem requires this knowledge, this information should be contin-

uously updated during the separation process. Especially, for
optimum beamformers such as minimum variance distortion-
less response (MVDR) [5, 9], the status of the wanted speaker
is essential for controlling the beamformer adaptation. MVDR
can sufficiently cancel interference and noise if the covariance
matrix of the unwanted signals can be estimated. Due to long
reverberation time and the non-stationarity of speech signals,
this approximation requires the absence of the wanted signal
during the adaptation. Hence the adaptation is often halted
when the wanted speaker is active to avoid the signal cancel-
lation problem, i.e. the signal of interest is unexpectedly sup-
pressed [2, 10, 11]. This halting strategy is sensible considering
that in a conversation, overlapping periods can be expected to
be considerably less frequent than single speaker periods.

Addressing such practical aspects for speech separation, a
number of multimodal systems have been proposed. In gen-
eral, multimodal systems employ other processing techniques
such as video signal processing, source localization, or speaker
recognition to automatically provide voice activity information
for a speech separation module [12–15]. The extra modules
of these system are often computationally expensive or unopti-
mized for VAC when the number of active sources varies.

Through solving the VAC problem, we propose a low com-
putational complexity, yet effective system to separate speech
for two main speakers in an automatic fashion. Our focus
on two speakers stems from the expectation that overlapping
speech of more main speakers rarely occurs in practice. Us-
ing a well-known adaptive beamforming technique such as
MVDR, two beamformers are constructed to simultaneously ex-
tract speech from each speaker. By continuously identifying the
active status of the two speakers in the input, the adaptation of
these beamformers is controlled automatically. This require-
ment is satisfied by employing a novel VAC method that con-
tains two main steps, 1) robust VAC, and 2) refined VAC. The
first step, Section 3.2, is an extension from our previous work
in [16] based on the relative power of beamformer outputs of
two parallel beamformers. The second step, introduced in Sec-
tion 3.3, is derived from the output power behaviour of MVDR
beamformers under different adaptation conditions. The pro-
cessing of the whole system is given in Section 3.4. The per-
formance of the proposed automatic system in comparison with
genie-aided beamforming systems is shown in Section 4 with
high VAC classification and competitive separation results. To
simplify the problem, speaker locations are assumed stationary,
thus they can be estimated only once.

2. Signal Model
Considering an indoor recording environment, an M element
microphone array records multi-path propagation signals from
P speakers (P ≥ 2), and noise sources. Notice that beside
the two main speakers, signals from the other P − 2 speak-
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Figure 1: Automatic adaptation BiBeam speech separation

ers are called background speech. At each microphone, the
recorded time domain signals are segmented into frames and
transformed into the frequency domain (FD) via an Nf -point
fast Fourier transform [17]. The corresponding FD signal model
is Xm(k, q) =

∑
p∈{1,2,..P}Xp,m(k, q) + Vm(k, q) where

Xm are the FFT representation of the recorded signal at mi-
crophone m, Xp,m is the FFT representation of the signal from
speaker p (1 ≤ p ≤ P ) received at microphone m, and Vm is
the noise, k (k ∈ {1, 2, .., Nf}) is the frequency bin index, and
q (q ∈ {1, 2, ...}) is the frame index. Using vector notation, the
FD multi-channel signal model is

X(k, q) =
∑

p∈{1,2,..P}
Xp(k, q) + V (k, q). (1)

In this paper, the term segment indicates a set of consecutive
frames. Two consecutive segments can overlap.

3. Automatic Adaptive Bi-Beam System
Considering a recording with two speakers with known loca-
tions, one wishes to separate speech signals of each individual.
Figure 1 shows the diagram of the proposed system for an auto-
matic adaptation beamforming system for speech separation for
two target speakers. The system contains two modules 1) VAC
module, and 2) a speech separation module. Given a segment of
a multiple channel input signal x, firstly the VAC module iden-
tifies the voice activity status of the two target speakers. This
VAC result is then given to the second module so that the system
can turn on/off the adaptation of the two adaptive beamformers
W 1 and W 2. Finally, each adaptive beamformer can separate
the desired signal from the input. The system provides two si-
multaneous output signals y1,y2. In this work, we use MVDR
beamforming method for this separation step.

We briefly review the well-known adaptive beamforming
method MVDR in Section 3.1, then introduce the novel VAC
method in Sections 3.2 and 3.3. Processing details of the whole
system are presented afterward.

3.1. MVDR Beamforming
Assume that one is interested in separating speech of one
speaker, for example speaker 1, from a multiple channel input
signal given by Eq. 1. For compact notation, the frequency
index is neglected in this section. The MVDR beamforming
method offers an effective solution by designing a beamformer
W minimizing the power output of the interference and noise
while maintaining a distortionless response constraint at the di-
rection of the wanted speaker [5]. Technically, this weighting
vector W is found by solving the optimization problem

min
W

WHRIpNW subject to AH
1 W = 1, (2)

where RIpN is the covariance matrix of the interference and
noise, A1 is the steering vector (or the transfer function) to-
ward speaker 1 [18], [5, Chapter 6]. This optimization problem
can be solved by Lagrange multipliers, yielding the solution

W =
R−1

IpNA1

AH
1 R−1

IpNA1

. (3)
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Figure 2: BOR histograms and fitted Gaussian distributions for
SP1,OVL,SP2 at about 370 Hz. Synthesized data with 300 ms
reverberation, PASCAL Speech Separation Challenge II record-
ing setup [20].

To maintain a high speech separation performance, the MVDR
weighting vector should be adapted regularly with updated co-
variance matrix RIpN using new data. In practice, for each frame
q (q = {1, 2, 3...}), the matrix RIpN should be updated if the in-
put signal contains only interference and noise [5]

RIpN(q) = X(q)XH(q) + µRIpN(q − 1), (4)

where µ (µ ∈ (0, 1)) is the forgetting rate to exponentially re-
duce the impact of the data in the past. Under the presence of
the wanted speaker in the input signal, the adaptation should be
halted to avoid the signal cancellation problem.

3.2. Gaussian BOR for Segment-level VAC

Given a segment of the input signal, VAC is done for this seg-
ment and this step is called segment-level VAC (sVAC). Consid-
ering two target speakers, four possible voice activity cases are
1) noise-only, 2) only speaker 1 is active (SP1), 3) overlapping
speech (OVL), and 4) only speaker 2 is active (SP2). Assuming
that the noise only case can be detected in a pre-processing step
by a noise detector, Figure 1, the last three cases can be clas-
sified using beamforming-output-ratio (BOR) as introduced in
our work at [16, 19]. This method is called BOR-VAC.

Let {W̃ 1(k), W̃ 2(k)} be two fixed weighting vectors of a
BiBeam at frequency k, the BOR for a segment is [16]

r(k, q) =

1
|Ql|

∑
q∈Ql

|W̃ 1(k)HX(k, q)|2
1
|Ql|

∑
q∈Ql

|W̃ 2(k)HX(k, q)|2
, (5)

where l ∈ Z+ is the segment index, Ql is the set of frame
indexes in segment l, and |Ql| is the size the set. The log BOR
is calculated as rL(k, q) = 10 log10(r(k, q)).

When the two beamformers {W̃ 1, W̃ 2} can enhance
speech of speaker 1 and 2 respectively, such as by using conven-
tional beamforming (CVBF) [5], one can expect that the output
ratio follows the ratio of the signals of the two speakers in the
input. Hence, BOR can indicate active speaker(s). Technically,
given an input segment, BORs are calculated for selected bins
and are compared with pre-specified thresholds to identify the
active speaker(s). In [16], theoretical probability distributions
of BORs have been derived. Based on these statistics, frequency
bins and thresholds can be automatically chosen for a given er-
ror probability pre-specified for a VAC system. However, this
method requires perfect knowledge about the signal propaga-
tion, which is often unavailable in practice.

To provide a practical realization for this method, Gaus-
sian distributions are assumed for the log BOR of two CVBF
beamformers. Figure 2 shows examples of fitted Gaussian dis-
tributions matching the BOR histograms of the three voice ac-
tivity cases. Also notice that the histograms of the SP1/SP2
cases are well separated, yet each overlaps with the OVL his-
togram. In general, Gaussian approximation may not always
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have a good fit and lead to degradation in the classification.
However, through experimental results, it appears to be a rea-
sonable and sufficient compromise for practical systems. In the
proposed system, this approach is used for robust VAC. The sec-
ond method will be developed later to refine the VAC outputs.

Using the Gaussian distribution approximation for log
BOR, a bin and threshold selection scheme can be derived in
the same fashion as the scheme in [16]. The classification for
SP1-OVL-SP2 is constructed as two sub-classification prob-
lems: SP1-OVL and OVL-SP2, and each can be solved using
one frequency bin and one threshold. Firstly we consider the
SP1-OVL classification. Letting OVL be the null hypothesis,
the classification rule is to select SP1 if r(k̄1, , q) > θ1 and
OVL otherwise, where k̄1 and θ1 are the bin and threshold one
needs to select. The selection of these parameters is as follows.

From a training set, the mean and the variance of fitted
Gaussian distributions are obtained for the SP1 and OVL BORs
on each frequency bin, denoted as µz(k) and σ2

z(k) where
z ∈ {1, 0, 2} denotes the voice activity type, ({SP1,OVL,SP2}
respectively). We recall the Gaussian cumulative distribution
function

gz,k(θ) =
1

2

[
1 + erf

(
θ − µz(k)√

2σ2
z(k)

)]
, (6)

where erf(.) is the error function [21]. Hence, on frequency
bin k, if a threshold θ(k) is used for the classification, the type
I error probability (mis-detecting OVL) is ε1,I(θ(k)) = 1 −
g0,k(θ(k)) [22]. The type II error probability (mis-detecting
SP1) is ε1,II(θ(k)) = g1,k(θ(k)).

The selection idea is that by pre-specifying a type I er-
ror probability ε̄1,I , the frequency bin and threshold are cho-
sen to minimize the type II error probability. This is done via
four steps. Firstly, on each frequency bin, a potential thresh-
old is calculated to satisfy the type I error by solving the Eq.
ε1,I(θ(k)) = ε̄1,I for θ, yielding the solution

θ(k) =
√

2σ2
0(k)erf−1(2ε̄1,I(k)− 1) + µ0(k). (7)

Secondly, the type II probabilities ε1,II(θ(k)) corresponding to
the potential thresholds are calculated for all bins.

Then, a best bin is selected

k̄1 = arg min
k
{ε1,II(θ(k))}. (8)

Finally, the corresponding threshold is chosen θ1 = θ(k̄1).
The scheme for OVL-SP2 is derived similarly. After the

thresholds and bins are selected, when receiving a new segment
of input signal, one can calculate the log BOR, then carries out
the two classifications. If SP1-OVL classifies the voice activity
of a segment as SP1, the sVAC result is SP1. Similarly, if the
SP2-OVL output is SP2, the sVAC result is SP2. Otherwise, the
sVAC result of segment is OVL.

3.3. Inverse Power Check
The proposed selection scheme allows suitable thresholds be
chosen for the BOR-VAC method given the VAC error proba-
bilities. For adaptation control in speech separation, VAC aims
to provide a low probability of OVL misdetection to avoid the
wanted-signal cancellation problem. One approach is to accept
large type II error probabilities which eventually leads to avoid-
ing adaptation. A more effective approach is to use a check-
ing method that can fix VAC mis-detection errors created at the
BOR-VAC step, so that the type II error probabilities remain
low while the type I errors are reduced.

To derive the checking method, we firstly derive the follow-

ing result on the output power of a MVDR beamformer under
different adaptation conditions. In a fixed frequency bin, we
consider an MVDR beamformer W that always adapts using
the coming signal, i.e. W is calculated using Eq. (2) with the
interference and noise correlation matrix RIpN is replaced by
the correlation matrix of the input signals R. Hence, the beam-
former output power is [5, 23]

|WHX|2 = 1/(AHR−1A). (9)

We define the inverse power function as

ζ(A,R) , 1/|WHX|2 = (AHR−1A). (10)

Note that this function is calculated using the CVBF W̃ = A
instead of the beamformers W .

With correct adaptation, i.e. the input contains only the in-
terference and noise, R = RIN , the output inverse power is

ζ(A,RIN ) = (AHR−1
INA). (11)

When adaptation is incorrect, i.e. the input also contains the
wanted speech, R = RW + RIN where RW is the matrix of
the wanted speech. Using the matrix inversion lemma [5, 11],
the inverse of the matrix R can be written as R−1 = R−1

IN −C
with C being positive definite. Thus, the output inverse power
is

ζ(A,RW + RIN ) = ζ(A,RW )−AHCA. (12)

Note that AHCA > 0 as C is positive definite and hence

ζ(A,RW + RIN ) < ζ(A,RIN ). (13)

In other words, the inverse output power reduces when the
input is OVL. Based on this result with an assumption that the
signal powers in the input do not severely fluctuate, the check-
ing method can be used as follows. If an input segment is iden-
tified as SP1 by the BOR-VAC method, on a selected frequency
bin dedicated for the SP1-OVL sub-classification, the inverse
power function calculated for the segment is compared with a
pre-defined threshold. If the result is lower than the threshold,
the VAC classification is changed into OVL. A similar check-
ing scheme is applied for the SP2 case. The thresholds and the
bins are selected in a training stage in a similar fashion as the
selection scheme for BOR-VAC.

3.4. Automatic Speech Separation
By integrating the proposed VAC method into the adaptation for
MVDR beamforming, the proposed system becomes feasible to
automate. In this section, processing details of the whole sys-
tem, as shown in Figure 1, are presented. Given a segment of
a multiple channel input signal x, the target of the system is to
simultaneously provide two outputs y1,y2 which are the sep-
arated speech signals for speaker 1 and speaker 2. The overall
processing of the system has the following steps:

1. A noise detector detects if the input contains only noise
2. If not only noise in the input, beamform using the CVBF

beamformers {W̃ 1, W̃ 2}
3. Segment-level VAC via two steps: 1) robust VAC using

Gaussian BOR-VAC and 2) refined VAC using the in-
verse power check (IPC) method

4. Frame-level VAC (fVAC) to identify a voice activity case
for each frame of the input

5. The adaptation control (AC) module decides suitable
adaptation modes for the two MVDR beamformers
{W 1,W 2}

6. Speech separation using {W 1,W 2} for two speakers.
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ID ε̄1,I iSINRs VAC Results ABS - Final Results Genie-aided Results
(= ε̄2,I ) ε1 ε0 ε2 oSINRs LSDs oSINRs LSDs

1 0.01 (−1,−2) 0.2 0 0.1 (17.4, 13.3) (0.87, 1) (17.4, 14.8) (0.87, 0.95)
2 0.005 (−2.6, 0) 0.1 0 0.1 (13.8, 19) (0.86, 0.93) (14.5, 19.5) (0.86, 0.93)
3 0.002 (−3,−0.3) 0.1 0 0.13 (12, 17.2) (0.9, 1) (12, 17.3) (0.981.02)
4 0.1 - 0.01 0.07 0.24 - (1.17, 1.26) - (1.16, 1.26)

Table 1: Input parameters and ABS final outputs, VAC outputs in comparison with ideal outputs.

fVAC is the last step in the VAC module, see Figure 1. It
makes classification decisions for individual frames based on
the sVAC of the segments containing the current frame. To
avoid the signal cancellation problem, the fVAC decision is a
conservative scheme favouring the OVL case by only approving
the single-speaker cases if the majority of the involved segments
have that result. This conservative scheme may result in less ac-
curate VAC, however it is beneficial for speech separation as the
adaptation is halted during OVL periods.

The final outputs of the VAC module are sent to the AC
component in the speech separation module. AC can simply
turn on/off the adaptation of each beamformer frame by frame.
The adaptive BiBeam simultaneously implements the separa-
tion process in the two beamformers and provides two outputs.

4. Simulation Results
This section presents simulation results for the performance of
the proposed system in both synthesized and real recordings.
The results include VAC accuracy, and quantitative assessment
of the final outputs. Audio samples, time domain plots for the
inputs/outputs and details of the room setups can be accessed at
our webpage [24].

The synthesized recordings use signals and the room setup
of the PASCAL Speech Separation Challenge II [20] with an
eight-element circular microphone array (10 cm radius) at the
center of a table. Speakers sit around the table with the distances
to the arrays being about 80 cm. Angle separation between
speakers is from 50◦− 180◦. The signal propagation is synthe-
sized with 0.3 s reverberation time, using software from [25].
Each recording includes two speakers, a background speech,
computer fan and white noise. Each recording contains about
three minutes of mixture of single speaker and overlapping pe-
riods. Each type is about one minute in total.

The real recording uses a uniform linear array of six micro-
phones in an 9.5m×12 m laboratory. The inter-element spacing
of the array is about 14cm. Two speakers are located at about
1.3m from the array, and are asked to answer two questions
without preparation. Noises are mostly from air conditioner
vents in the ceiling. Two close-talking microphones recorded
reference signals from each speaker. The recording is two min-
utes long containing all voice activity types.

CVBF and MVDR beamformers are initiated with given
speaker locations. However the real recording has location er-
rors (≈ 20−30 cm). The MVDR beamformers use a forgetting
rate of 0.85 [3]. BOR-VAC segment length is 60 frames for the
300 ms reverberation length, and 90 frames for the real record-
ing. In both cases, two consecutive segments overlap about
80%. The frame length is about 30 ms with 50% overlap for
BOR-VAC and about 60 ms for the MVDR beamformers. For
each setup, BOR-VAC is trained using one minute of data of
each BOR type. The BOR-VAC thresholds are selected using
the proposed scheme in Section 3.2. The noise-only detection
for the real recording uses a simple signal-to-noise threshold as
the noise is stationary.

The two objective assessments, output-input signal-to-

interference-and-noise-ratio (oSINR-iSINR) and log-spectral-
distortion (LSD) are used [3] for the separation outputs. LSD
measures the distortion between the outputs and the ideal sig-
nals, which are the reference signals. SINRs and LSD are sep-
arately calculated for each speaker, i.e. when speaker 1 is of
interest, speaker 2 is considered as an interferer and vice versa.
In the real recording, only LSD is available. The outputs of the
proposed automatic system are compared with the ideal outputs
provided by genie-aided adaptive beamformers in which perfect
knowledge about voice activity is given.

Besides, VAC performance has been examined via the mis-
ditection errors. The mis-detection error of each voice activity
type is εz = Ñz

Nz
where Nz is the number of frames that have

voice activity z, and Ñz is the number of frames with incorrect
VAC result for voice activity type z.

The results are shown in Table 1. The SINRs and LSDs
are written in pairs of (beamformer 1, beamformer 2) outputs.
The first part of the table shows the input SINR and the spec-
ified error probabilities used for the threshold selection. The
first three tests use synthesized signals and the setup 4 is the
real recording. The VAC outputs have no OVL mis-detection
and the SP1/SP2 mis-detections are from 0 − 0.24. These er-
rors are expected as the type I error probabilities are set to low
values, i.e. 0.002 to 0.01. Overall, the VAC results satisfy the
conservative classification to avoid signal cancellation.

The last four columns of the table show the output SINR
and LSDs of the automatic systems and of the genie-aided sys-
tems. The automatic systems perform close to the ideal re-
sults. The differences are due to the mis-detection for the single
speaker cases (SP1,SP2) as these mis-detections lead to missing
adaptation opportunities. In the real recording case, the higher
LSD for the output of speaker 1 is also due to errors of the noise
detection step (0.001% error).

In general, the experimental results show that the use of the
IPC module to refine VAC becomes essential in real recordings.
Without the inverse power checking method, the outputs in the
setups 1 − 3 are slightly affected. However, the performance
in test 4 drops significantly (LSD of the first output increases
to 1.24) as the VAC errors increase (ε0 = 0.07). Besides, IPC
helps by relaxing the selection for the pre-specified type I error
probability since it can fix OVL-misdetection errors.

5. Conclusion
In this paper, an automatic adaptive speech separation system
for two speakers has been derived. The system relies only
on beamforming techniques with low computational complex-
ity. The Gaussian BOR-VAC combined with the inverse power
checking method provides reliable VAC results at a segment
level, and the final results are at a frame-level using multiple
segments. These novel methods are integrated with the adap-
tive beamforming system and follow a conservative VAC deci-
sion scheme to avoid the signal cancellation problem for speech
separation. The effectiveness of the whole system is confirmed
for spatially-stationary scenarios by both synthesized and real
recordings. The outputs show that the proposed automatic sys-
tem can perform closed to the equivalent genie-aided systems.
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