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ABSTRACT

A desired speech signal in hands-free communication systems is
often degraded by background noise and interferers. Data-dependent
spatial filters for desired speech extraction depend on the power
spectral density (PSD) matrices of the desired and the undesired
signals, which are commonly estimated recursively using a signal
model-based speech presence probability (SPP). The SPP and the
PSD matrix estimates are only accurate, if the statistics of the un-
desired signals vary more slowly compared to the desired signal. In
practical situations with competing talkers, this assumption is vio-
lated. To estimate the PSD matrices of highly non-stationary signals,
we propose a minimum Bayes risk detector based on a model for the
narrowband direction-of-arrival estimates. The performance of the
proposed detector and the objective quality of the extracted desired
speech are evaluated using simulated and measured data.

Index Terms— Speech enhancement, PSD matrix estimation,
signal detection

1. INTRODUCTION

A desired speech signal in practical communication systems, is of-
ten degraded by background noise and interfering speech signals.
Particularly when the system is used in a hands-free mode, the unde-
sired signals severely degrade the communication quality. Modern
systems are often equipped with multiple microphones, which can
be used to compute data-dependent spatial filters that reduce the un-
desired signals, while maintaining low distortion of the desired sig-
nal [1]. Many state-of-the-art spatial filters are implemented in the
time-frequency (TF) domain [2] and require the PSD matrices of the
desired and the undesired signals. Since the work of Ephraim and
Malah and their SPP formulation in [3], different algorithms have
been proposed that estimate the PSD matrices by recursive averaging
controlled by the SPP [4-8]. The SPP-based PSD matrix estimation
methods have been extended to multichannel signals, hence exploit-
ing both spatial and spectral properties of the sound sources [9-14].

Voice activity detectors (VADs) and SPP estimation methods
that are commonly used in single-channel [3, 4, 6, 15] and multi-
channel systems [9, 10, 12] are based on a particular signal model.
For instance, in the multichannel case, the probability density func-
tions (pdfs) of the observation vectors in the short-time Fourier trans-
form (STFT) domain are modeled by complex Gaussian distribu-
tions. To obtain an SPP, the covariances of the Gaussian distribu-
tions are required, which correspond to the PSD matrices of the de-
sired and the undesired signals. Due to the inherent problem that
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the SPP depends on the PSD matrices, and the PSD matrices are re-
cursively updated using the SPP, such systems are only accurate if
the statistics of the undesired signals change more slowly over time
compared to the desired signal. Clearly, when multiple speech inter-
ferers are present, this assumption does not hold and the estimation
accuracy rapidly deteriorates.

Numerous researchers have proposed methods to preserve the
accuracy of the SPP in non-stationary conditions [7,8,12,14,16-18].
The authors in [14, 17] consider an undesired signal that consists of
competing speech sources. To distinguish between desired and un-
desired talkers, they employ narrowband direction-of-arrival (DOA)
estimates for the computation of an a priori SPP. However, in chal-
lenging multi-talk situations with possibly noisy DOA estimates,
such computation of the a priori SPP is not sufficient to compensate
for the estimation errors in the generalized likelihood ratio used to
compute the SPP or a VAD. As a result, the estimated PSD matrices
are inaccurate, leading to a low signal quality after spatial filtering.

To improve the performance in the presence of non-stationary
interferers, we propose a minimum Bayes risk decision rule to de-
tect TF bins where the desired speech is dominant. In contrast to
conventional VADs, the proposed detector is not based on a signal
model, but on a narrowband DOA model. The pdf of all DOA esti-
mates is modeled as a mixture distribution, where the mixture com-
ponents correspond to likelihoods under different hypotheses. A sig-
nal model-based paradigm is utilized only in estimating the mixture
coefficients. To adapt to changing acoustic conditions, the model
parameters are TF-dependent and computed using direct-to-diffuse
ratio (DDR) estimates. The main contribution of the paper is pre-
sented in Section 3 and consists of (i) defining the mixture model
and the mixture components, and (ii) estimating the model parame-
ters. The detection scheme is evaluated in terms of receiver operating
characteristics (ROC) and applied to extract a desired speech signal
in different acoustic conditions.

2. PROBLEM FORMULATION

A microphone array consisting of M microphones captures the sig-
nal of a desired speaker, background noise and an unknown number
of interferers. The m-th microphone signal in the STFT domain is
given by

Ym(k7 n) = X77l,d(k7 TZ) + Xm’i(kvn) + Vm(k7 TZ), (1)

where X, q, Xm,i, and V,, denote the signals of the desired
speaker, the interfering speakers and the noise, respectively, and
k and n denote the frequency and time indices. The M x 1 vectors
Y, Td, xi, and v denote the corresponding signals received at all
microphones. The different signals are modeled as zero-mean mu-
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tually uncorrelated random processes, so that the PSD matrices for
each TF bin are related as

(I)y(k7n) = (I’m,d(k,n) + (I)m’i(kvn) + @, (kvn)v 2

where ®(k,n) = E [y(k,n)y" (k,n)] and E[] is the expecta-
tion operator. The remaining PSD matrices are defined accordingly.
We assume that the noise signal statistics vary more slowly than the
desired and the undesired speech signal statistics.

To estimate the PSD matrices, each TF bin needs to be asso-
ciated with the desired or the undesired signal, which can be done
using an SPP or a voice activity detector (VAD) [11, 13, 14]. Signal
model-based approaches for SPP estimation are based on the follow-
ing hypotheses and the associated likelihood pdfs

Ha, f(y|Ha; Pz,a) the desired signal is dominant, (3a)
Hu, f(y[Hu; o)

where Hy = HiUH, and @, = P4 i +P,,. If the PSD matrices are
known, the generalized likelihood ratio can be computed and used to
obtain an SPP [10]. However, as discussed in the introduction, this
procedure is only accurate when the undesired signal is varying at
the slower rate than the desired speech signal. The goal in this work
is to design a detector which can be used for accurate PSD estimation
in scenarios with non-stationary speech interferers.

the undesired signal is dominant,  (3b)

3. PROPOSED DOA MODEL-BASED DETECTOR

For each TF bin, a DOA estimate é(k7 n) is obtained from the signals
y(k,n). The DOA can be estimated e.g. using normalized obser-
vation vectors of an arbitrary planar microphone array, as reported
in [19]. An optimal detector which minimizes the Bayes risk for a
false alarm cost Cy4, > 0 and a misdetection cost C'yq > 0, is given
by the following decision rule [20]
decide Hy = 1 if L00al0) o Cau
f(Hal6) ~ Cua

decide Hq = 0 otherwise.

)

To compute the posterior probabilities f(Ha|0) and f(H.|0) we
start from a mixture model for the narrowband DOA estimates. The
processing steps to compute the detector in (4) are illustrated in
Fig. 1, and detailed in the remaining part of this section.

3.1. Narrowband DOA model
We propose to model the pdf of the observed DOA estimates by the

following mixture distribution
F(0) = aa f(O1Ha) + ai f(O]Hs) + @ fOIHo), (5
where aq, a; and «, denote the mixture coefficients, satisfying
aaq + ai + o, = 1. Given the mixture components, the posterior
probabilities required in (4) can be computed as
A o 0|H
) - e SOH)
aa f(0|Ha) + i f(O|Hi) + o f(O]Ho)
ai f(O1Hs) + o F(O]H.) _
aa f(0]Ha) + i f(O|Hi) + o f(O]Ho)

(6)

F(Hulb) =

(M

3.1.1. Modelling the pdfs f(0|Ha) and f(0|H.).

We propose to model f(6|#.4) by a von Mises distribution, which is
a distribution on the circle, closely approximating a wrapped Gaus-
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Fig. 1. Block Diagram

sian distribution [21]. A von Mises pdf is characterized by a mean p
and a concentration parameter x, and is given by

f(é|Hd; Wy k) = cam (k) et eos(0—m) (8)

The normalization constant caq(k)=[271o(x)] " is derived in [22],
and [ is the modified Bessel function of the first kind. Provided that
the DOA estimator is unbiased, the mean p is equal to the DOA of
the desired source, which is assumed to be known. The computation
of x is discussed in Section 3.2. For k = 0 the distribution is uniform
on the circle. For spatially isotropic noise, the pdf f(0|#.) can be
modeled as a uniform distribution, i.e., f(0|H,) = (2r) .

3.1.2. Modelling the pdf f(0|H;)

If for each TF bin the number and the DOAs of the interferers were
known, a multimodal distribution on the circle would be a good
model for f(f|H;). In practice, the number of interferers and their
DOAs are often unknown and may vary quickly. Therefore, we pro-
pose to use a distribution that is nearly uniform at directions which
are sufficiently far from the desired source (i.e., interferers can be
anywhere with approximately equal probability), and has an anti-
mode centered at the DOA of the desired source. We construct such
distribution as follows: consider a function g(0, p, k) given by

9(0, 1, k) = —e" 07 Lo ©)

which attains a minimum value g(0, i, x) = 0 for 6 = p. As 6
deviates from p, g(6, i, k) approaches a uniform function. To make
it a valid pdf, g needs to be normalized by a constant c 4 such that

/cA g9(0,p, k) dO = CA/—e“OS(Gf“) +e"do=1. (10)

The integral of the first term is equal to the normalization constant
cam of the von Mises distribution, and the second term is an integral
of a constant, evaluated on the circle. Therefore, the normalzation
constant and the resulting pdf are given by

ca(r) = [=2n(Io(r) + )], (11)
FO|His iy 5) = ca(r) (—emes0m oy, (12)
3.2. Parameter estimation

To evaluate the detector in (4), the mixture coefficients aq, «; and
a,, and the concentration s need to be estimated. We propose to
compute these parameters for each TF using the DDR and a signal
model-based SPP. In this manner, the DOA model f(6) is time-
varying and adapted at each TF bin, while the SPP provides prior
information to detect TF-bins where only noise is present. Note that
time-varying models have also been used for a signal model-based
VAD in [23], where several candidate models are used to character-
ize the distribution of the spectral coefficients at a given time.




3.2.1. Estimating mixture coefficients aq, o and ow,

To detect noise-only frames, an SPP ps,(k,n) which indicates the
presence of any speech signal (desired or undesired) is required.
Hence, psp(k,n) should be high when a speech signal is present,
and low when only background noise is present. As discussed in
Sections 1 and 2, the Gaussian signal model proposed in [10] pro-
vides a reliable SPP estimate if the noise statistics vary more slowly
than the speech signal statistics. Therefore, we use the two hypoth-
esis model in (3), where the PSD matrices of the Gaussian distri-
butions in (3a) and (3b) are Py q + Pz ;i and P, respectively. In
addition, to improve the accuracy of the SPP, different methods to
compute the a-priori SPP exist [8, 12, 16]. In this work we use the
DDR-based approach from [12], which relies on the assumption that
the speech signals are more coherent across the microphone array
than the background noise.

Once an SPP as described above is available, the mixture coeffi-
cients can be computed as follows

oy (k,n) =1—psp(k,n)
ad(k,n) = ai(k,n) = 0.5 psp(k, n).

13)
(14)

In this manner, in the TF bins where the SPP is low, the noise mix-
ture coefficient o, attains a large value, whereas when the SPP is
high, the speech mixture coefficients aq and «; attain large values.
The coefficients aq and a; are set to be equal, as we have no prior
information on whether the detected speech corresponds to a desired
or an interfering source.

3.2.2. Estimating concentration parameter k

If the DDR is high at a given TF bin, the estimated DOA accurately
indicates the true DOA of the direct sound. In such cases, f(0]zq)
and f(0]z) should have their mode and anti-mode with high con-
centration. If the DDR is low, the mode and the anti-mode should
spread due to the possible errors in the DOA estimates. Based on
this observation, we propose compute the concentration parameter
using a DDR estimate f(k, n) per TF bin. In particular, we used the
following sigmoid-like function

10cp/1()
10¢¢/10 4 D' (k, n)P

where lmin and lmax determine the minimum and maximum values
of the function, ¢ (in dB) controls the offset along the I" axis, and p
controls the steepness of transition region.

The parameters of the mapping function were empirically de-
termined by analyzing the distribution of the DOA estimates for the
given DOA estimator under different acoustic conditions. Based on
this data, we computed the maximum likelihood (ML) estimates of
the concentration parameter ~ [21]. The mapping function parame-
ters were chosen such that the mapping function closely follows the
behavior of the ML estimates of « for different DDR values. The
investigation resulted in the following parameter values: lmin = 0,
lmax = 8,c=15,and p = —1.2.

k(k,m)

lmin + (lmax - lmin) ) (15)

4. PERFORMANCE EVALUATION

4.1. Experimental setup

We evaluated the proposed detector with simulated and mea-
sured data, focusing on the following aspects: (i) detection perfor-
mance in terms of ROC, and (ii) objective quality of an extracted
desired signal when the detector is applied for spatial filtering. The
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scenarios used for the simulations and the measurements are as illus-
trated in Figure 3. The objective at each array is to detect the TF bins
where the signal of the nearest talker is dominant and subsequently
enhance that signal. In the scenario in Fig. 3(a), the distance between
each source and the nearest array is 0.7 m, whereas in Fig. 3(b), the
desired source and the interferer are located at 0.75 m and 2 m from
the array, respectively. Each array consists of three omnidirectional
microphones forming a uniform circular array with diameter 3 cm.

In the simulated scenarios, a room impulse response (RIR) for
each source-microphone pair was computed by the image source
model [24] and convolved with clean speech. Diffuse noise was sim-
ulated as described in [25]. The microphone signals were obtained
by summing the convolved speech signals, the diffuse noise signal
and an uncorrelated noise signal. Measurements were done for sce-
nario as shown in Fig. 3(a), using omnidirectional DPA miniature
microphones. To generate approximately diffuse sound, ten loud-
speakers were placed facing the walls of the room. For the evalua-
tion, clean speech signals were convolved with the measured RIRs
for the three sources. To add background noise, different babble
speech signals were convolved with the measured RIRs of the ten
loudspeakers. The processing was done at a sampling rate of 16 kHz,
with an STFT frame length of 64 ms with 50% overlap.

4.2. Evaluation of detection performance

The performance of the proposed detector is first evaluated using
ROC curves. As a comparison, we evaluated the signal model-based
SPP used in [17], where narrowband DOAs are used in the a priori
SPP. The SPP as computed in [17] is used to obtain a minimum
Bayes risk detector in (4). We denote our proposed DOA model-
based detector as Dam, and the signal model-based detector as Dy, .
For the application to spatial filtering, it is important that the detec-
tor can operate at very low false alarm rates. The reason for this
requirement is that false alarms quickly lead to distortion of the de-
sired signal as the look direction of the spatial filter is erroneously
modified. Therefore, we focus on the performance only at the oper-
ating region with sufficiently small false alarm rates.

We first investigated the effect of reverberation in a simulated
scenario illustrated in 3(a). Values of 0.2 s, 0.35 s, 0.5 s, and 0.65 s
were used for the 7o, resulting in four ROC curves for each of the
two detectors [Fig. 2(a)]. The ROC curves shift upwards as the re-
verberation time increases. Each array is used to detect the nearest
source, while considering the remaining two sources as interferers.
The detection performance is averaged over the three sources. Un-
correlated sensor noise and diffuse babble noise were added to the
signals, such that the signal-to-noise ratio (SNR) at the reference mi-
crophones was 35 dB for the sensor noise and 7 dB for the babble
noise. To evaluate the detector for different DOAs, we simulated the
scenario in Fig. 3(b), where the interferer initially had the same DOA
as the desired source. The simulation was repeated as the interferer
was moved clockwise with steps of 10 degrees. The reverberation
time was 10 = 0.35 s and the SNR was as in the previous exper-
iment. The ROC curves for several DOAs are shown in Fig. 2(b),
and shift upwards as the difference between the DOA of the desired
and the undesired source decreases. Finally, we applied the detector
to a measured data in a room with Tg0 = 0.16 s, for the scenario
in Fig. 3(a). To investigate the effect of background noise, we re-
peated the experiment with SNRs in the range [-14,12] dB. The ROC
curves shift upwards as the SNR decreases, as shown in Fig. 2(c). As
shown in Fig. 2, the proposed detector Dy, provides an advantage
over the signal model-based detector Dgy, for all acoustic conditions
that were investigated. Although slight performance degradation



for increasing reverberation and noise is observed in Fig. 2(a) and
Fig. 2(c), the performance is similar for different DOA even when
the interferer and the desired source have the same DOA [Fig. 2(b)].
This is due to the fact that the DDR information helps in distinguish-
ing a distant interferer from desired speech source, even if they have
the same DOAs.

4.3. Evaluation in a speech enhancement task

To demonstrate the applicability of the proposed detector for spatial
filtering, we used the detector to extract a desired signal in several
scenarios. Standard recursive PSD estimation was performed [11,
12], where if Hq = 1, the desired signal PSD matrix is updated with
an averaging constant of 0.8, and if #4 = 0, the undesired signal
PSD matrix is updated. We used the costs Cgq, = 2 and Cg = 1.
The spatial filter performance was evaluated for an ideal detector
Dia, the signal model-based detector Dsm, and the proposed detec-
tor Dam, in terms of segmental background-and-sensor-noise reduc-
tion (segNR), segmental interference reduction (segIR), and speech
distortion index vsq. The performance measures are defined in [13].
The desired signals were extracted using a minimum variance dis-
tortionless response (MVDR) filter. The ideal bin-wise detector is
set to one if the instantaneous power of the desired speech at a given
TF bin is larger than the instantaneous noise power, and if it consti-
tutes at least 90% of the total instantaneous speech power (desired
and undesired) at that TF bin. Otherwise, the ideal detector is set to
zero, and the PSD matrix of the desired signal is not updated.

The results for the scenario in Fig. 3(a) using measured data
are given in Table 1, for desired signal-to-background noise ratios
of 7.5 dB and 0.5 dB. When using the proposed detector Dam, all
talkers are extracted with very low distortion and significant segIR
and segNR in several scenarios, approaching the performance of the
ideal detector D;q. Although the speech distortion when using the
signal model-based detector Dsy,, remains low as for Dgy,, using
Dsm results in much lower and insufficient interference reduction.
An MVDR filter to extract the desired signal was also applied to
the scenario in Fig. 3(b), when the interferer and the desired source
have the same DOA. The results shown in Table 2, demonstrate that
also in such scenario, the proposed detector outperforms the signal
model-based, as indicated by the ROC curves as well. Nevertheless,
due to the identical DOA of the sources, the interference reduction
deteriorates for all detectors in general. Note that the performance
loss is also related to the inherent subspace overlap between the PSD
matrices when the sources have same DOAs. A recent study on this
was published by the present authors in [26].

I
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45m 45m
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Fig. 3. Scenarios used in the evaluation.
SNR 7.5 dB SNR 0.5 dB
Did Dsm de Did Dsm de
segNR [dB] 6.4 3.8 6.5 7.8 2.6 8.1
segIR [dB] 12.8 1.7 11.3 115 1.4 10.5
Ved 0.01 004 0.03 001 004 0.04
segNR [dB] 6.8 2.3 3.6 9.5 1.4 3.8
segIR [dB] 13.0 1.8 9.7 11.6 1.8 8.1
Ved 0.01 003 001 001 003 0.02
segNR [dB] 2.2 3.8 5.9 4.0 2.3 7.5
segIR [dB] 11.3 2.3 9.5 10.0 1.8 8.6
Ved 0.01 003 0.03 001 002 0.04

Table 1. Results for Talkerl (top), Talker2 (middle), and
Talker3 (bottom). The signal-to-interference ratio at the reference
microphone of each talker is 3.5 dB, 2.9 dB, and 3.6 dB, respectively.
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Table 2. Simulated scenario where the desired and interfering talker
have the same DOA: segNR (left), segIR (middle) and vgq (right).

5. CONCLUSIONS

We proposed a minimum Bayes risk detector based on a narrow-
band DOA model which can be applied for the estimation of PSD
matrices in spatial filtering. In contrast to classical signal model-
based VADs and SPP estimation frameworks, the proposed detector
can operate with very low false alarm rates in non-stationary scenar-
ios with multiple speech interferers and high levels of background
noise. The robustness of the detector was demonstrated by ROC
curves, and by objective evaluation of extracted desired signals in
different scenarios and various acoustic conditions. Audio samples
with extracted source signals can be found at http://www.audiolabs-
erlangen.de/resources/2015-ICASSP-DOAdet.
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Fig. 2. ROC curves for the two detectors with simulated [Figures (a) and (b)] and measured data [Fig. (c)]. The different lines in each plot
correspond to different 750 values in Fig.(a), different DOAs of the interferer in Fig.(b), and different background noise levels in Fig.(c).
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