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ABSTRACT In [2] an algorithm was presented for distributed minimum

) o ) mean-squared error (MMSE) estimation of a specific target signal.
In this paper we present a distributed algorithm for MVDR beam-|n, [3] this was extended to a distributed beamformer. The centralized
forming which is based on message passing. The message-passiimator is approximated in [3] by computing iteratively, per sen-
algorithm performs generalized linear-coordinate descent (GLICD}or, a beamformer involving only these signals that the microphone
operations to exchange messages between neighboring microphagiéh obtain from its neighbors computed during the previous itera-
npdes, which converges mcreasmgly fastas the noise correlation Man. However, the approaches followed in [2] and [3] require fully
trix becomes more and more diagonal. The algorithm makes use @bnnected networks or networks with a tree topology. In addition, in
a trade-off parameter which controls the off-diagonal energy of thg3] at every iteration, each node needs to reestimate the correlation
noise correlation matrix. For the case the noise correlation matrix ighatrix in order to estimate the optimal beamformer coefficients.
truly diagonal, the performance of the GLICD algorithm is equiva-These requirements limit their applicability, or, require additional
lent to that of the delay-and-sum beamformer (DSB). The algorithmneasures before being applied in large scale sensor networks.
does not require any constraint on the network topology, is fully scal- ) . .
able and can exploit sparse network geometries, thereby making it A different approach was followed in [4], where a generaliza-

suitable for distributed signal processing in large scale networks. ton of a distributed delay-and-sum beamformer (DSB) was pre-
sented based on randomized gossiping [5]. In contrast to [3] this

Index Terms— beamforming, MVDR, message passing, GLICDa|gorithm does not compute the result of the centralized beamformer
iteratively, but computes the parameters needed to compute the cen-
tralized estimator in a distributed iterative manner. When the WMN
is connected, the algorithm in [4] converges to the centralized beam-
Iggrmer using only local information without any network topology
constraint. Therefore, this distributed beamformer is scalable and ro-
Flust against dynamic networks. However, for the distributed beam-

1. INTRODUCTION

One of the major concerns of most speech processing applicatio
is its speech intelligibility when applied in noisy environments. For
example, consider the use of mobile telephones or hearing aids

noisy environments like a cocktail party or train station. Most recenacross microphones with the possibility of having a different power
hearing aids and mobile telephones are equipped with multiple ml_pectral density (PSD) per microphone. This constraint might limit

crophones, which makes it possible to incorporate spatial selectivit e performance. as in practice acoustical noise will be correlated
in the system by constructing a beam pointing in the direction of in- p . » as in practi ustical noise wi :
terest. This is an effective way to improve both speech quality an Cross ”.“”'“p'e mlcrophones_ when the mlcrophone_s are placed In
speech intelligibility in such noisy environments [1]. However, due e vicinity c_)f each other. Taking these noise cor_rele_ltlons across mi-
rophones into account, e.g. by computing a distributed minimum

n r limitations, for m lications the number of ! ; . .
to space and power limitations, for most applications the numbe C)varlance distortionless response (MVDR) beamformer, requires the

microphones is limited to two or three. . o . . :
. . hallenging distributed computation of the inverse of a matrix (for
Recent developments in the area of wireless sensors enable tfie )
edch frequency bin) [6].

construction of wireless microphone networks (WMNS) consisting
of alarge number of nodes, each having a sensing (microphona), da  In this paper we extend the distributed delay-and-sum beam-
processing, and communication component. In such networks, ddermer presented in [4] to a fully distributed MVDR beamformer.

to the absence of a central processing point (fusion center), nedes uTo achieve this goal, we exploit a distributed message-passing algo-
their own processing ability to locally carry out simple computationsrithm [7, 8] to compute the inverse of a matrix. The message-passing
and transmit only the required and partially processed data to neigl#gorithm performs generalized linear-coordinate descent (GLiCD)
boring nodes. The decentralized and asynchronous settings in whiglperations to exchange messages between neighboring microphone
speech enhancement algorithms then have to be deployed are typedes. The GLICD algorithm converges increasingly fast as the
cally dynamic, in the sense that sensors are added or removed, ugipise correlation matrix becomes more and mode diagonal. In the
ally in an unpredictable way. In those settings, speech enhancemegase the noise correlation matrix is truly diagonal, the performance
algorithms must allow for a parallel implementation, must be easilyof the GLIiCD algorithm is equivalent to that of the DSB. The GLiCd
scalable, must be able to exploit the possible (large) sparse georalgorithm does not need to estimate the noise correlation matrix at
etry in the problem and must be numerically robust against (smallgvery iteration, as required in [3]. Instead, we consider solving the
changes in the network topology. MVDR beamformer directly in a distributed fashion and only need to
estimate the noise correlation at the beginning. The messages of the
The research is partly sponsored by Google Chrome. GLICD algorithm spread the information about the noise correlation

ormer presented in [4] it was assumed that the noise is uncorrelated




to every microphone needed to implement the MVDR beamformer. 3. DISTRIBUTED COMPUTATION OF MVDR
In addition, the GLiCD algorithm does not require any constraint on BEAMFORMER
the network topology, thereby making it very suitable for distributed R
signal processing in large scale networks. In this section, we consider computisy = w3 in a distributed
fashion. We assume that the noise-correlation magrixis known
2. NOTATION AND ASSUMPTIONS a-priori. In practice, one has to estimate the correlation matrix using,
e.g., the techniques described in [11].

In this work we consider a WMN of, microphones, whose sig-

nals are windowed and transformed to the spectral domain using&1. Computational Framework

discrete Fourier transform (DFT). We assume the presence of a siq.— . A . . .
: i ; he computation of5, can be carried out in two steps. Fiest=

gle target source degraded by acoustical additive noise uncorrelated =~ " o i

with the source. Let” = [V, ..., ¥,,]", where () indicates matrix Ry " dis computed, after which’, is obtained by

transposition, denote a vector containing the stacked noisy DFT co- *

- . . . A Y

efficients for each of the microphones for a particular time frame S, = S 5)

and frequency bif. Similarly we defineN,d € C™ as the vec- z

tor containing noise DFT coefficients and the (frequency dependentlote that bothR), andd are complex valued. Equation (5) can

propagation vector, respectively. In this work we assumedtiat  be implemented using randomized gossiping algorithms, similar to

given. In practiced can be estimated and adapted using, e.g., [9]. I'what has been presented in [4]. Therefore, in this paper we will focus

addition, we assume that a global timing is available, e.g., by broadsy computing: = Ry d only.

cast. With this, the clean-speech contribution at microphooan e will assume, without loss of generality, that the correlation
be expressed asd;, whereS denotes the target speech DFT coeffi- matrix has unit diagonal elements by rescaling the variables. That s,
cient. Hence, the noisy speech DFT coefficients are given by let T = diagloy! oxt). Instead of computing directly, we
_ LoNh). ,
Y — Sd+ N. consider
N F=J"h, (©)

In order to estimate the target DFT coefficiéhbne can apply  wheres = TR\ T andh = Td. The matrix.J is of unit-diagonal.
a spatial filterw to the noisy DFT coefficients leading to an estimate once is obtained, the vector can be easily computed as= T’
of the clean speech signéll= w"Y’, where ()* indicates Hermitian  sjnceT" is diagonal.
transposition. One particular choice of the filter coefficients is ob-  The approach we take here is based on the observation that the
tained by minimizing the expected power of the outfuinder the  solution (6) is themaximum a posteriori (MAP) estimate of a ran-
constraint that the target source is undistorted, i.e., dom vectorz € C™ with circular symmetric complex Gaussian dis-
ngn w*Ryw, subjecttow”Sd =S, (€))] tribution p(z) o 67%1*]1+Rc(h*z)7 )
leading to the so-called MVDR beamformer, whéte = EYY*  WhereJ - 0 is a Hermitian positive definite matrix arfdis the
the expectation operator. Solving (1) and using the matrix inversionce problem and can be solved using message-passing algorithms,
lemma [10] it can be shown that like (loopy) Gaussian belief propagation (GaBP) [12]. To overcome
numerical problems with products of small probabilities, it is con-
REId @) venient to work with the logarithm of the joint distribution. As a
consequence, finding the MAP estimatexois equivalent to solve

d*Ryd’
) o ) the quadratic optimization problem
Itis well known that the DSB simplifies (2) by setting all the off-

diagonal elements iRy to be zero. By doing so, the computation of . a1l s *
thegmatrix inversion is avoided at tht)a/ costgof degraded F|c))erformance seth fl@) = 2" Jo — Re(h"z). ®)
compared to that of the MVDR. With the above insight, it is natural
to introduce a trade-off parameter, sgayto adjust the off-diagonal
elements oy as

WMVDR =

The off-diagonal elements of correspond to partial correlation co-
efficients [13]. The fill pattern of thus reflects the Markov structure
of the Gaussian distribution in the sense #hat) is Markov with re-

Ry = (1 —7)Rn + ydiag(ox,, -, on,), (3)  spect to the grapti’ = (V, E) whereV = {1,...,n} denotes the

) . o vertex set and® = {(i,5) | ri; # 0} the set of edges representing
whereoy, = EN;Nj, the jth diagonal element offy. Corre-  the connections between the nodes. By the Hammersley-Clifford

spondingly, (2) can be generalized to theorem [13], the quadratic functiof(z) can be decomposed in a
) pairwise fashion according to pairwise cliquegafthat is,
wy = x4 (4)
v = T
d*Rytd @)=Y fil@w)+ > fulw ), ©)

wherevy = 0 corresponds to the MVDR solution aRd= 1 results eV .)€l

in the DSB solution. The parameterintroduced in (3) can thus \here thelocal objective functionsf; and f;; are called the node

be used to balance the beamformer performance and computationgid edge potential functions, respectively. As a consequence, the

complexity. minimization problem (8) can be solved iteratively using GaBP, in
1in this paper we assume that DFT coefficients are independeossa which case the z_algori_thm Is referred .to as the-sum algorithm.

time and frequency and, therefore, neglect time and frequimtiges for  IN particular, at iteratiork, each nodej keeps track oimessages

ease of notation. m* (x;) from each neighbor, € N(j) 2 {j € V : (i,5) €

u—j




of transmitting two parameters, we only have to transmit one param-
eter per iteration, thereby saving approximatel§&6f the transmit
power. The next subsection briefly describes the GLICD algorithm.
For a detailed explanation, the reader is referred to [7, 8].

The GLICD algorithm defines messages ﬁé"ij(xj) =

—foj.)mj, where(T) denotes complex conjugation. With this, the

estimatez!" of 7; becomes

~(k k
PP ]

u€eN ()

~ (k) . ) . . - )
X, =argmin| f,(x,)+ Z Re(lﬂﬁﬂ,(xj)) The messages‘ are de§|gned ina vyay that, upon recelvmgka+rll)ew mes

i ueN(j) sage from nodé € N/ (j), a new estimates df;, denoted byt

is made as
Fig. 1. lllustration of the message-passing algorithm. L (k k k
9 ge-p gag x.§|i+1) =h; + Z zf”-) + zz-(jﬂ), (20)
wEN (§)\i

E}. Incoming messages are combined to compute new outgoinguch that the pai@(kﬂ) i(k-}—l)) minimizes a local cost function

messages and an estimaté’ of the optimal solutiors is computed ) iy 7l o
as L;;’(zi,x;), see [7, 8]. The subscripigj and;j|i indicate that the

estimates of; andz; are only based on information of nogland:,
" . respectively. Hence, at iteratigh + 1), we obtain|\/(j)| estimates
& ) = arg H%ivn fi(zy) + Z Re (milj (mj)) , JEV. if Z, at nodej, one for each neighboring node, which all should
)

weN (5) converge to the same valde. In [8] it is shown that

The algorithm converges ifim #*) = #, wherez® = (%) ... 2

e algorithm converges fim & oo wnerer S ) _ Wl whi+w > 25+ (1 —w)i)
:%‘(‘k)‘)‘. Figure 1 illustrates the message-passing algorithm. At itera- "’ 1 —w?|Jy? NN al
tion k, nodej receives messages from all of its neighbors (nades
andw in the example at hand), which are used to make an estimate Jis R
. (k) . P - ) . —— Y | whitw Z z,(k-) +(1- w)x(k) ,
23" of the optimal solutioni;. At the same time, new messages 1 —w?|Ji5]2 eV ils
are computed to be sent out at the next iteration. This procedure is uEN (NS
executed in each and every nade V. where0 < w < 1 is a parameter that controls the rate of conver-

It has been shown that, if the min-sum algorithm converges, igence. For sufficiently small, the GLICD algorithm converges.
computes the global minimum of the quadratic function [12, 14]. In

particular, in [12] a convergence condition is established where th
information matrix.J is required to be diagonally dominant. More
recently, [15] introduced avalk-summable framework for pairwise In this section we discuss experimental result obtained by computer
quadratic graphical models, where they showed that the algorithrsimulations. The microphone network consisted bfx 11 micro-
converges ip(|K|) < 1 with K = J — I, p(-) denotes thepectral phones lying on D rectangular grid, as depicted in Figure 2. The

8.3. Experimental setup

radius, defined ag(A) = max; |A;|, whereAi, ..., A, are then distances between neighboring microphones were set to 2 meters.
real or complex eigenvalues of € C"*", and if A, B € C"*" Note that the microphone field covers a large region. We consid-
thenB = |A| = b;; = |ay;| foralli, j =1,...,n. ered the scenario that there were one speaker and three noisessource

Since the local objective functions are quadratic, the messagesithin the microphone field. Their locations were generated ran-
in the min-sum algorithm are quadratic as well and can, thereforedomly, as illustrated in Figure 2. We usé¢o denote the speaker and
be parameterized by two parameters [16]. In our WMN setting, this] to denote the three noise sources. The parameters in the exper-
means that at every iteration, each node has to transmit two pararment were set as follows. The sampling frequency Wias= 16
eters to neighboring nodes. In order to reduce the number of paHz. Each frame contained 400 samples, corresponding to a speech
rameters to be passed between nodes, we can use iterative meskgment of 25 ms. A 3@-overlapped Hanning window was used.
ods that transmit only one parameter per iteration to neighboringlote that if the relative delay values ihexceed the frame length,
nodes. One such example is the Jacobi algorithm, which convergéise associated frame segments would be misaligned. To avoid this
if p(|K|) < 1. However, although being attractive because of itsissue, eight microphones were selected around the speaker such that
simplicity, the Jacobi algorithm is known to converge slowly, eventhe maximum relative delay value ihwas less than 8 ms. In our

when used with a relaxation parameter [10]. experiment, the above operation leads to selecting the eight micro-
phones lying within the dashed shape depicted in Figure 2. One of
3.2. The GLiCD Algorithm the eight microphones is denoted byor reference.

To overcome the above mentioned problems, the GLIiCD algorith : .

[7, 8] has recently been introduced to minimize (9). The GLiCD alrj}"‘l' Simulation results

gorithm is a message-passing algorithm where messagesiagara  The three noise sources were simulated by independent white Gaus-
function of the node variables, while still having convergence propsian noise sources. The noise correlation matriggsfor differ-

erties comparable to the min-sum algorithm. This means that insteaght frequency bins were estimated beforehand. A speech signal of



Microphone Field

Fig. 2. A microphone network withl1 x 11 microphones, each
microphone indicated by.
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Fig. 3. The impact of the trade-off facter on the beamformer per-
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formance and the convergence speed of the GLICD algorithm for

frequency bin 201.

20 s was processed by the GLICD algorithm. The SNR for mi-
crophonea in the network is around -11 dB. The eight selected
microphones to implement the MVDR beamformer formed a fully[

(10]

(11]

12]

connected graph for running the GLICD algorithm. For each fre-

quency bin within each frame, the iterations of the GLICD algorithm

stopped when the maximum difference of two consecutive estimatgg3]

was less than0 3. The parametew was empirically chosen to be
w = min(m, 1).

(14]

The simulation results are presented in Figure 3 for, in this case,
bin 201. Other bins show similar behaviour. The left subplot demon-
strates how the output SNR of the beamformer changes as a function
of the trade-off parameter. The right subplot demonstrates the av- [15]
erage number of iterations needed for convergence (only shown for

frequency bin 201) as a function of differepvalues. Note that ag

increases from 0 to 1, the beamformer performance decreases fr({lG]

that of the MVDR to that of the DSB beamformer. At the same time,

the number of iterations decreases with increasinglues, thereby

reducing the transmission power and saving computation time. In

practice, one may adjust thevalue depending on the transmission

capacity of the network.
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