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ABSTRACT

In this paper, we propose a multi-microphone joint optimal
estimation of the direction of arrival (DOA) and the source
speech signal through newly introduced EM beamforming.
This produces a posterior PDF for the DOA, based only on the
reliable speech spectrum. By maximizing over the posterior
PDF of the DOA, we achieve maximum a posteriori DOA es-
timation. After convergence, the estimated source spectrum
through weighted sum in the Bayesian sense is a maximum
likelihood estimate (MLE). This is a sufficient statistic for
minimum mean square error (MMSE) optimal estimation us-
ing a subsequent single channel MMSE filter.

Index Terms— optimal speech enhancement, direction
of arrival, multi-microphone, EM beamforming, Bayesian
beamforming.

1. INTRODUCTION

Beamforming has been a versatile technology in various
fields of applications including radar, sonar, and speech en-
hancement. However, due to the fact that everyday speech is
a non-stationary broad-band signal contaminated with rever-
beration and noise, the application of beamforming for speech
enhancement has been a unique issue. Recently, minimum
mean square error (MMSE) multi-microphone optimal speech
enhancement has been theoretically shown to be achieved
using minimum variance distortionless response (MVDR)
beamforming, which is a maximum likelihood estimation
(MLE) of the source speech [1], followed by an MMSE post-
filter, under the assumption of perfect knowledge of channel
responses from source position to the positions of multiple
microphones [1, 2]. However, the underlying assumption is
not realistic, because perfect blind channel response identifi-
cation is infeasible.

Standard beamforming follows a two-step procedure: (i)
direction of arrival (DOA) estimation; and (ii) beamforming
based on the best estimation of DOA [3]. However, mis-
match between the “real DOA” and “estimated DOA” causes
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challenging robustness problems. In this paper, we derive
an expectation-maximization (EM) algorithm, where we con-
sider the DOA as an invisible observation with a posterior
PDF given the array measurements and source estimate in the
previous EM step. Due to the fact that the speech signal is
sparse in the short-time spectral domain, a large percentage
of frequency bins are corrupted by the coexisting noise and
reverberation. We only use the speech-dominant reliable fre-
quency bins to update the DOA posterior. Because we avoid
using the contaminated bins to estimate the DOA posterior
PDF, the proposed approach provides more robust DOA es-
timation than the conventional methods based on the whole
band. In fact, after convergence, the estimated source spec-
trum is the maximum likelihood estimate (MLE). This is a
sufficient statistic for an MMSE estimation using the subse-
quent single channel MMSE filter such as the Wiener filter.
The proposed EM beamforming turns out to have a similar
form with the Bayesian beamformer [4], but takes only the
reliably estimated frequency bins into account to update the
posterior PDF. Note that through iterative updates of both esti-
mates of source DOA and signal, we introduce an explicit link
between the source signal estimate and the DOA estimate.

To validate the proposed method, we performed a sim-
ple experiment using real recordings inside the IBM smart
room from four microphones arranged into a T-shape array
configuration. In this setting, the distance between the mi-
crophones is 0.26 m, which means that spatial aliasing is un-
avoidable above 654 Hz. However, unlike the radar applica-
tion, for speech inside smart rooms we often have video as a
supplemental modality that can be used for DOA estimation
with limited time and spatial resolution. For example, [5] re-
ports 3D tracking of the speaker’s head position every second.
Therefore, we may have an acoustic viewfinder with narrow
beam angles as candidate DOAs, and need only refine them
to accommodate higher temporal resolution in the audio side
(e.g. 16 ms frame rate). We obtained maximum a posteriori
estimation of DOA and compared it with two baselines (GCC-
PHAT and MUSIC based) by plotting DOA estimation per
frame with the ground truth at every second. The proposed
method produces smoothly changing maximum a posteriori
estimation of the DOA around the ground truth, which yields
better spectral enhancement at the high frequency range.



2. MULTI-MICROPHONE SPEECH
ENHANCEMENT

2.1. Problem formulation

Multi-microphone speech measurements in a reverberant
acoustic space with background noise can be modeled in the
time domain by

xi[n] = hi
d,θ[n] ∗ s[n] + hi

r[n] ∗ s[n] + di[n] , (1)

where xi[n] is the measured signal, hi
d,θ[n] and hi

r[n] denote
the early room impulse response (RIR) and late RIR from the
speech source to the ith microphone, s[n] is the source signal,
di[n] is the noise, and i varies from 1 to N , where N repre-
sents the number of microphones. Note that only h i

d,θ[n] is
assumed to be dependent on the DOA parameter θ. In this
paper, we use the direct path response as the early RIR, as
in previous research where the statistical reverberation model
has been successfully employed [6]. The direct path can be
modeled as

hi
d,θ(t) =

1
di

θ

δ(t − tiθ) , (2)

where di
θ and ti

θ denote the distance and time delay between
the source and the ith microphone, respectively. The time
domain representation of (1) yields a frequency domain rep-
resentation as

X i[ω] = Hi
d,θ[ω]S[ω] + Hi

r[ω]S[ω] + Di[ω]

= Hi
d,θ[ω]S[ω] + N i[ω] , (3)

where N i[ω] is the noise. Hereafter, we omit ω for conve-
nience. Our objective is to jointly estimate the source speech
and the DOA given the multi-microphone measurements
together with the statistical assumptions about the source
speech, late room impulse response, and the additive noise.
We make the following statistical assumptions:

• The spectrum of the source speech follows a normal
distribution with zero mean, i.e., S(ω) ∼ N(0, σ2

ω) [7].

• The spectrum of the late room impulse response fol-
lows a normal distribution with zero mean, i.e., H(ω) ∼
N(0, ΣH(ω)) [6].

• The spectrum of the additive noise follows a normal
distribution with zero mean, i.e., D(ω) ∼ N(0, ΣD(ω)) [7].

The underlined variables denote vectors of N variables, and
Σ is an N by N covariance matrix.

2.2. Background: Optimal multi-microphone speech en-
hancement with known RIR

Balan and Rosca showed that MVDR beamforming is a suffi-
cient statistic for obtaining an optimal MMSE estimate [2]:

E [f(S) |X, H ] = E
[
f(S)

∣∣SML|X,H

]
, (4)

where

SML|X,H =
H∗Σ−1

D X

H∗Σ−1
D H

, (5)

and f(·) is an arbitrary function. However, it is not a practical
assumption to assume a priori RIR knowledge, because it is
difficult to blindly estimate such RIRs, and naturally RIRs
are time-varying. Nevertheless, note that MLE followed by
MMSE is the way of achieving MMSE optimality in multi-
microphone scenarios.

In this paper, we decompose RIRs into two parts: a deter-
ministically treatable direct path and a statistically treatable
late response. Based on this model, we develop EM beam-
forming as an alternative sufficient statistic to (5), with ΣX

instead of ΣD. This is a minimum power distortionless re-
sponse (MPDR) beamformer, which can be shown to be the
same with MVDR under the assumption of known DOA [8].

3. SUFFICIENT STATISTIC: EM BEAMFORMING

Our goal is to iteratively estimate S given the complete obser-
vation of Xk and incomplete observation θ with the updated
PDF p(θ|X1, · · · , XK , S). This situation fits well into the
EM setup by introducing the functional

Q(Si
k, Si−1

k ) = Ep(θ|X1,...,XK ,Si−1
k )[log p(Xk, θ|Si

k)], (6)

where Si−1
k and Si

k denote the kth frequency bin estimate at
the previous and current step, respectively. Hereafter without
the subscript k, all the terms are assumed to be in the same
frequency bin. p(Xk, θ|Si

k) is decomposed as product of a
likelihood PDF given θ and a priori PDF of θ.

p(X, θ|Si) = p(X |θ, Si)p(θ|Si), (7)

where the likelihood PDF is a Gaussian PDF under the as-
sumption of (3),

p(X|θ, Si) ∼ 1
πN |ΣH + ΣD|Si|2| (8)

· exp−[X−Hd,θSi]∗[ΣH+ΣD |Si|2]−1[X−Hd,θSi].

In the maximization step, we estimate S i
k of the current step:

Ŝk
i

= argmaxSi
k
Q(Si

k, Si−1
k ) (9)

�
∫

Θ

p(θ|X1, · · · , XK , Si−1
k )

· H∗
d,k,θ(ΣDk

+ ΣHk
|Si−1

k |2)−1Xk

H∗
d,k,θ(ΣDk

+ ΣHk
|Si−1

k |2)−1Hd,k,θ

dθ .

Note that we have used |S i−1
k |2 instead of |Si

k|2 in the covari-
ance term in (9), which avoids solving the original intractable
maximum likelihood estimation. Eq. (9) is a weighted aver-
age of MPDR beamformers, weighted by the posterior PDF of
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Fig. 1. DOA estimation with ground truth (every 1 sec marked
as red star): Proposed method (top), MUSIC (middle), GCC-PHAT
(bottom)

θ rather than a single specific MPDR beamformer with single
DOA estimation, where the weights are given by the a poste-
riori PDF of θ. Therefore, (9) constitutes a more general for-
mulation of the conventional MPDR beamformer. Note that if
we can assume no inter-channel correlation for the noise co-
variance matrix, which is not achievable especially in the low
frequency region, with a single DOA estimate it becomes the
well-known delay-and-sum beamformer. The proposed ap-
proach is similar to the case of the previous Bayesian beam-
former [4], except that we are currently taking the current
estimate of the source spectrum into consideration, and we
are dealing with a broad-band sparse signal. In fact, the co-
variance term in (8), (9) can be estimated using the sample
covariance matrix ΣX . Statistical reverberation Hr plays the
role of increasing the covariance from noise only to noise plus
reverberation, and it also affects the a posteriori PDF of θ.

The a posteriori PDF follows Bayes’ rule:

p(θ|X1,..., XK , Si−1
k ) ∼ p(X1,..., XK |θ, Si−1

k )p(θ|Si−1
k ),

(10)
where p(θ|Si−1

k ) is the a priori PDF of θ, reflecting our prior
knowledge of the possible source DOAs. In the expectation
step, we calculate the likelihood

p(X1,...,XK |θ,Si−1
k )∼

K∏
k=1

N(Hd,k,θS
i−1
k , ΣDk

+ΣHk
|Si−1

k |2),
(11)

because regardless of frequency, the source should have the
same DOA. However, note that because of speech sparsity,
we only use the reliable bins to obtain (11) based on the flat-
ness of posterior PDF of each frequency bin and by excluding
bins having the maximum at the boundary. For probability
multiplications, and to prevent underflow, we apply a heuris-
tic rescaling per each bin. For prior p(θ|S i−1) we might be

Fig. 2. Spectrogram: unprocessed channels (top), EM beamform-
ing with one iteration (middle), EM beamforming + MMSE-logSA
(bottom)

able to simply use real prior information about θ based on the
application scenario. Note that because we are implement-
ing the proposed algorithm in the short-time Fourier trans-
form domain, we use the overlap-addition method to synthe-
sis back to a time domain signal with a hanning window and
50% overlap.

4. EXPERIMENTS

In our experiment, we used the real 3 horizontal channels of
the 4-microphone measurements, which come from one of the
four T-shape microphone arrays of the IBM smart room [5].
5-second long speech is arbitrarily selected with the 1 sec-
ond rate of head tracking results from video data taken as
the ground truth. We set the search DOA angle from 31 to
71 degrees with 0.5 degree increase based on the head track-
ing result. Initial estimation on speech spectrum has been
performed by average MPDR based on uniform distribution
among the candidate DOAs. The sampling rate was 16 kHz
and the room geometry was roughly 7 m × 6 m × 3 m. The
detailed configuration can be found in [5].

Fig. 1 shows the DOA tracking results every 16 ms with
the ground truth marked as a red star every 1 second. Figure
2 shows the spectrograms of one of the 3 channel measure-
ments, the output of the EM beamforming based on the re-
sult of Fig. 1, and the MMSE-logSA [7] estimate on the EM
beamforming output. Finally, Fig. 3 depicts the correspond-
ing time-domain signals.

We first observe that the DOA tracking result of the pro-
posed method produces a reasonably smooth trajectory con-
necting the ground truth angles, compared to conventional
methods. Instantaneous update of DOA based on MUSIC
produces severe perturbations due to the unreliable covariance
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Fig. 3. Time-domain results: unprocessed channels (top), EM
beamforming with 1 iteration (middle), EM beamforming + MMSE-
logSA (bottom)

matrix estimation at noise-dominant frequency bins. To per-
form GCC-PHAT, the nearer two channels have been used.
Again we observe the more severe jittering due to the same
reason, namely that we do not have the ability to exclude the
unreliable frequency portion in the short-time spectral rep-
resentation. We do not introduce a conventional trajectory
smoothing method such as Kalman filtering, but the proposed
method can be combined with it easily because we can obtain
the DOA observation likelihood by default.

The DOA estimate performance can be evaluated not
only by smoothness of the trajectory but also by the en-
hanced spectrogram in the high frequency range. As we see
in the spectrogram, the estimated DOA actually boosts the
speech spectrum (darker yellow) up to the relatively high
frequency range around 4 kHz and attenuates the region of
silence (darker blue) effectively, which is ultimately further
suppressed by the MMSE post-filtering. Note that the wave-
length of 4 kHz is around 8.5 cm, therefore enhancement in
the high frequency can only be achieved with more accurate
DOA estimates. The speech spectrum has been boosted and
this boosted spectra remain after the MMSE process. Note
also that during non-speech regions, the DOAs have been
reported as -10, which is an arbitrarily assigned number when
there exist no reliable frequency bins at a specific frame, with-
out relying on conventional voice activity detection (VAD)
algorithms.

5. CONCLUSIONS AND FUTURE WORK

In this paper, joint optimal estimation of the DOA and the
source spectrum is proposed through a newly derived EM
beamforming algorithm. The EM beamformed spectrum
constitutes a realistic sufficient statistic for MMSE post-filter.

The maximum a posteriori PDF of DOA is obtained after
convergence by taking the maximum of the updated PDF.
An experiment on real data shows that the proposed algo-
rithm represents a realistic way to achieve good speech signal
estimation with reasonable instantaneous DOA estimation
even at the high frequency range. The proposed method is
a general approach which can be accommodated with any
microphone array configuration. Combination with trajectory
smoothing based on temporal dynamics will be studied in the
near future.
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