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Abstract—We propose a distributed algorithm for single signal or the TDOA. TDOA based localization methods require
acoustic source Ioc_alization. The _algorithm is based on the local sensor synchronization. When nodes are spatially separated
estimate of time-difference-of-arrival (TDOA) at each pair of and connected by a wireless network, achieving precise syn-

sensors, and the distributed implementation is based on the hronization i hall ing task. | | hronization
projection onto convex sets (POCS) principle. Convergence of the chronizafion 1s a challenging task. In general synchronizatio

algorithm in the is discussed and an approximate closed form algorithms require a heavy signaling payload in the network,
expression is given in the projection problem. Simulation results which implies a significant energy consumption at each node
show the performance of the algorithm compared to a centralized and a consequent reduction in node lifetime. The scheme
approach. We have implemented and tested this algorithm on a ,5565ed in this paper does not require full synchronization
wireless sensor network test-bed. The test-bed is based on the . . - .
measurements of a set of microphones, pairwise synchronized rather Only_synChron!Zed sensor pairs. This can b? achieved
and connected via anad-hoc wireless network, and performs DY connecting two microphones to the same sampling board.
real-time single source localization in a low reverberant room The localization algorithm was implemented in a testbed used
with no need for offline processing. for video camera steering. Experimental results show that the
algorithm quickly identifies the rough location of the source.
The paper is organized as follows. In Section Il, we define
Acoustic localization with microphone arrays has been ahe TDOA based localization problem and introduce a cen-
active research area for many years. However, it is still tealized non-linear least-squares (LS) estimator. In Section I,
challenging task to develop efficient algorithms that approaele formulate the localization problem as a convex feasability
the performance of standard methods but perform the dat@blem and propose a distributed localization algorithm.
processing in a distributed, robust and scalable way. In this Section IV, we present simulation results comparing our
paper we propose a distributed algorithm for single-sourseheme to the LS centralized method. Finally, in Section V we
acoustic localization based on the TDOA. Distributed locapresent a distributed Windows-based testbed we implemented
ization is a research area that is still largely unexplored. for single source localization and camera steering applications.
this class of algorithms there is no notion of fusion cent&xperimental results are presented.
that collects information from other sensors. Instead, sensors
exchange information to localize the source in a distributed !'- CENTRALIZED SOURCE LOCALIZATION PROBLEM
way. A distributed implementation of the incremental gradient In this section we introduce a centralized LS-based lo-
algorithm for energy based localization is proposed in [1alization estimator. We consider an acoustic source located
In [2], energy based localization problem is formulated da at some unknown locatiom, = [r,, 7, rs.|T. We
a POCS problem, and a distributed implementation of tlessume to hav&R microphones divided into pairs, where
POCS problem is shown. In this paper, we follow the sammicrophones in a pair are separated by a fixed distarce
POCS approach and show a decentralized implementationToie received signals at each pair of microphones are sampled
the localization algorithm based on the TDOA. Our algorithraynchronously at frequency.. Each pair is located at some
is characterized by very low complexity and can be used fenown global locationr; = [r;, r;, ri. T, i=1,...,2R.
quickly providing a rough estimate of the source location, thélfe denote asj; and j, the two sensors in thgth pair.
can be possibly used for initiating a centralized localizatiowe are interested in estimating the location of the acoustic
algorithm. Our distributed approach is scalable, since tleurce, given the received samples and the location of each
localization error decreases with the number of nodes in teensor;, i =1,...,2R. We assume that an estimalg of
network, while the computation requirement at each senstDOA is available at the i-th microphone pair. The estimate
node remains constant. Thus, this approach is well suitedn be computed, for instance, with algorithms based on the
for performing acoustic localization in large scale wirelesSeneralized Cross Correlation function (GCC) [3], defined as
networks. the time cross-correlation function of filtered versions of the
Various methods can be used for localizing an acoussensors’ received signals. The TDOA estimates of each pair of
source, e.g. the angle-of-arrival, the energy of the receivednsors are sent to a fusion center. The central node uses the

I. INTRODUCTION



TDOA estimates along with knowledge of the sensor positiomghere {o ;) }x>0 IS @ sequence or relaxation parameters (a
to arrive at a source location estimate. GivBr, the sound sequence of numbers (0;2)), j(k) = k£ mod R is a cyclic
sourcer, must lie in a three dimensional hyperboloid withcontrol sequence over the index et ..., R, andPc,(r) is
two sheets given byi(r; —ry) —d(r;, —rs) = D;, where the orthogonal projection of the pointonto the convex set
d(x,y) indicates the Euclidian distance between vecioand C;:
y. Let us denote wittD = [D; ... Dg]” the set of distances Pc,(r) = arg min [r — p|. (5)
from the source to every sensor pair. The vedoidentifies ‘ pER?
a set of hyperboloids and, as a consequence, the locationrof9], it is shown that in the consistent case the POCS methods
the source must be the unique intersection point of this setasfnverges to a point i€, while in the inconsistent case it
hyperboloids. However, errors in the TDOA estimation magonverges to a cyclic subsequence. In [6], a convergence result
introduce errors iD, and there might not exist a point whichfor the inconsistent case is shown, under some conditions on
interpolates all the hyperboloids. So, givBsensor pairs, we the POCS parametess . If the TDOA estimates are perfect,
estimate the source location as the vedétowhich minimizes the set of hyperboloids intersects in a point corresponding
the LS error with the vectoD. Thus, the source location isto the source location, and the convex feasibility problem
estimated as is consistent. Fig. 1(a) shows a two-dimensional view of the
R algorithm, where three pairs of sensors are located on the walls
f, = arg min Z ld(r;, —r) —d(rg, —r) — Di|2 (1) of a 3m x 3m room with the sound source located at [-2.1m,-
rer? 1.7m]. Each pair identifies an hyperbola, the set of possible
The non-linear LS minimization problem in (1) is not convexSoUrce locations given the measured TDOA. The hyperbolas

and standard methods like the incremental gradient are 232“?1 I('jn?) are weI.I apfproxmated q by Fh.e. ";‘SV”TptOte lines
guaranteed to converge to the global minimum. Depending §ifshed line). Starting from a random initial estimate,,

the initial condition in the iterative algorithm used, a methof2!" numbﬁr 3 compute(%?l 23 thebolrthorfjonal pgojeﬁt'on gf q
can converge to a local optimum or a saddle point. Rs,_o onto the corresponding nyperbola, 1 1€n Sen sthe up ?te
estimate to pair number 2. Similarly, pair number 2 uses its

local measurements to compuig .. The location estimate is
passed from pair to pair and the estimate eventually converges

The algorithm proposed in this section solves the localizi the intersection of the three hyperbolas.

tion problem based on TDAO in a distributed manner. A pair However, the TDOA estimates are always subject to estima-

of microphones computes locally an estimate of the SOUTE8n errors, due to quantization, reverberation etc. In general

Ioc_atlon using the. TDOA_‘ measurement and the knOWIG(,ng‘?e hyperboloids do not intersect. Thus, the POCS problem
of its global coordinates in the network. The source locatig n be inconsistent and converge to a cycle, i.e. each sensor’s

Iestlr?ate 'St_ pa?sed _fror_rt1 ||3a|r It?rggl,& Each pair UFt)datgsth rce estimate converges to a different value. In this case,
ocation estimate using Iis loca measurement an can use the result in [6, Theorem 18] to guarantee the

passes the updated estimate to the next pair. We formulateé ﬂvergence. I,y goes to O as increases, in a way that
acoustic localization problem based on TDOA as a convex 3 (k) '

IIl. DISTRIBUTED LOCALIZATION ALGORITHM

feasibility problem, i.e. as the problem of finding a point in lim o) /0jk+1) = 1 and E (k) = 00, (6)
. . . . k}HOO
the intersection of a family of convex sets. Consider the lo- &
calization problem in the absence of measurement noise: gghl, jerative algorithm converges to a point that minimizes

TDOA estimate identifies a locus of possible source locatiofy, sum of the distances to the convex @ty = 1 R
=1,...,R.

a hyperboloid. Then, the localization problem can be solvggh\ca in the inconsistent case our source location estimator
by finding the intersection point of a set of hyperboloids. Lt jcfined as

us define theconvexhyperboloid identified by thgh pair as R
Ci={reR?:d(rj, —r)—d(rj, —r) < D;}. (2 f“s:afgrfél%z_:lU—ch(r)L (7)
Then, the convex feasibility problem consists of finding the ) ! .
point The relaxation parameters can be set as follow. Initially all
R the POCS parameters are set equal to one. At each iteration,
ifeC= ﬂ C;. (3) consistency of the POCS is checked. If convergence to a cycle
j=1 is detected, then the relaxation parameters are decreased at a
S . . te of 1/k. This relaxation sequence satisfies (6) and thus
If th feasibility probl lled ten{? Juence satl “
¢ # 0 the convex feasibility problem is called consisten ds to convergence to the point defined in (7). Conditions 6

otherwise it is inconsistent. The problem can be solved usi I lowd in th te of the algorith
standard techniques, e.g. the method of successive orthogé &y a slowdown In Ihe convergence rate ot the aigorithm.

POCS [4]. The POCS method is given by the algorithmfén alternative estimator consists in computing the average
iterative sfep of the points in the cyclic convergence. An example of the

convergence of the POCS is shown in Fig. 1(b). Initially, the
Tsk+1 = sk + 0j(k) (PC,-<k)(1”s.,k) —rs,k)~ (4) algorithm converges to the cycle A-B-C. Then, the POCS



at (—L,0,0) and (L, 0,0) respectively, according to a local
coordinate systeniX,Y,Z);. The pair's global coordinates
are supposed known, as well as the mapping for expressing the
local coordinates in terms of global coordinates. Denote this
mapping asl;, and denote a%! the inverse mapping from
global coordinates to local coordinates. Given the distance
measuremenb;, we saw that the source lies on a hyperboloid.
The hyperboloid can be expressed in the Iocallcoordinates of
the jth pair as the setX,Y, Z) satlsfylng _ Y42z 1,

co

wherec; = l} andcy; = L . The hyperboI0|d is well

approximated by the con@ Sy :gZ Thus, the convex set
in (2) can be approxmated as

X2 Y2 + 72
C1 C2 ’

cs {r eR3: (8)

The equation of the cone can also be expressed in local
parametric equations dX,Y, Z] = [c1u, cou cost, cau sin t].
From the sign ofD; and the location in the room, the local
node knows whether is positive and whethet belongs

to [-Z,Z] or [Z,2Z]. For simplicity, we assume here that
D; >0,u>0andt € [-F, 7] The pair receives an estimate
ry = [z, yr, zx]T Of the source location. This is first con-
verted into local coordinates &y, = Tjry = [Xg, Yi, Zi] 7.
Next, the new estimate is computed as the projectioR pf
on the coneCs. This problem has a closed form solution:

(b) Noisy case. Riyi1 = [u*,u* cost*, u* sint*]T, where
Fig. 1. 2D Example of convergence to a fixed point. t* = arctan é
Yy
- ut = 71 1 Xi +c \/m
parameters are modified to guarantee convergenck;to, 3+ 3 12k T2\ Tk k|-

the point that minimizes the distance from the three convex
sets identified by the three hyperbolas mnally, 1
) Mg41 = Tj_ Rk+1. (9)
Given this closed form expression, it is clear that the
The POCS method as formulated in (4) requires, at eacbmputation requirement at each step of the iterative algorithm
iterative step, the solution of a minimization problem assods extremely small.
ated with the projection (5). The projection of a point onto
the set in (2) does not have closed form solution. In this IV. SIMULATION RESULTS
section, we provide an approximate close form expressionThe main objective of the simulations presented in this
for the projection operator in the POCS. The idea consists séction is to evaluate the performance of the distributed algo-
approximating the hyperboloid identified by the TDOA with aithm under noisy TDOA estimate. We simulate a distributed
cone, and computing the projection of a point onto a cone. icrophone network in a 6 m long, 2.5 m wide, and 3m
the application we are targeting, the source can be assumedolmm. The dimensions of the room are set to match the
lie at a distance which is great compared to the microphonegperimental setup used in Section V. There Breairs of
spacing, i.ed(r;, —r) >> D, i = 1,2,..., R. Under such an microphones located randomly on the walls of the room. One
assumption, the direction of the source is given by the hypeaeoustic source is located randomly in the room. Each pair
boloid asymptote. Fig. 1(a) illustrates the 2D case, where themples the received signal at frequenty Each TDOA
hyperbolas identified by the TDOA are approximated by linesstimate is subject to a quantization error due to the finite
the hyperbola asymptotes. In the 3D case, the hyperbolgidmpling frequency. Hence, each pair's measurement is the
can be approximated with the cone generated by rotating thee TDOA plus a quantization error term that is uniformly
asymptote line about the axis of each pair of microphonedistributed in[—+-; +]. The performance of the distributed
In this case, the localization problem reduces to finding tlagorithm descn{)ecf in Section Il is compared to that of a
intersection of a set of cones. Let us considerjthepair of centralized approach, where the location estimate is obtained
microphones at thé&th iteration of the distributed algorithm. solving (1). This is solved using the steepest descent method
Assume that the microphongs andj, of the pair are located initiated from the middle point of the room. The projection

A. Conic approximation
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problem in the distributed algorithm is solved using the closéd Experimental setup
form expression (9). We select the order of the sensors in theNe implemented the testbed as a Windows-based wireless
cyclic control sequence randomly. We increment the numbersdnsor network. The hardware system consists of eight mi-
sensorsk from 10 to 50, running 200 Monte Carlo simulationscrophones, five laptops and one video camera. The testbed
at each step. Figs. 2(a) and 2(b) summarize the results of Hes been used for a real-time camera steering application,
simulations. The average localization errors of the nonlinear distributed version of [9]. Each pair of microphones is
LS estimator and the POCS estimator are shown for sampliegnnected to the line-in of a laptop running Windows XP.
frequency of 8KHz and 44KHz. As shown in the figuresThe microphones in each pair are plade@5m away from
performance of the LS estimator cannot be achieved by tbach other. Microphone locations are pre-measured and stored
POCS algorithm. However, the estimation error of the POGS each laptop. All the signal processing is implemented
method decreases with the number of sensors. Since iheMatlab. The remaining laptop is used as an information
complexity in each node (evaluation of (4) and (9)) does nsink for the centralized implementation of the localization
increase with the number of nodes in the network, the schemilgorithm. The central node is connected to the video camera,
is well suited for deployment in large scale sensor networksvhich is steered towards the speaker. When the algorithm
is distributed, the central node is only used for steering the
V. REAL-TIME TESTBED camera. The camera we tested is a Sony EVI-D71. Nodes
communicate through a TCP/IP connection, via Wireless LAN.
In this section, we describe the implementation of a reajye connected the laptops through aairhoc802.11a wireless
time acoustic distributed localization system for a singleretwork. The testbed was implemented in a typical office room
source in moderate reverberant environments. The applicatiQRich is 6 m long, 2.5 m wide, and 3 m high, with various

we are targeting is the localization of a speaker in a coBncased and protruding spaces. The level of noise in the room
ference room [7]. A video camera is steered according thgys comparable to typical office noise level.

position information. The testbed we developed is completel )

automated and performs real-time signal processing, i.e Ro Experimental results

offline processing is necessary for localization. At this stage, We conducted several experiments to demonstrate the effec-
we only assume that the sensor locations are known. tiveness of the testbed in real-time localization. Two types of
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algorithm were considered, namely a centralized scheme that o ;
solves the non-linear LS problem in (1) and the distributed EE
algorithm described in Section Il using the approximate of
closed-form expression for the projection problem (9). In our

experiments a single acoustic source (a loud speaker) playing
pre-recorded music is placed somewhere in the room. Each
node periodically (period of 250ms) samples the received =
sound signals at the two microphones with sampling frequency o
of 44KHz and performs the TDOA estimation using the

GCC/PHAT method. If the centralized localization algorithm

is used, one estimate per period is sent to the central node.

@
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o
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The central node solves the LS problem whenever an updated xaxis ]

TDOA is received, and sends a steering command to the (a) Distributed algorithm (1).
video camera. If the distributed algorithm is used, then each ; ; ; ; , ,
node updates the location estimate using its local TDOA I ‘

measurement and then passes the updated estimate to the
next pair using thead-hoc network. Each pair of micro-
phones is assigned a number and the cyclic control for the Wt
POCS method is selected in accordance to the order of the
nodes. The experimental performance of the centralized source
localization results are shown in Figs. 3(a) and 3(b). The
plots collect several experimental results, where the speaker is

y axis [m]
o
oo

placed in six distinct locations in the room. For each speaker A
position, we play10s of the pre-recorded sound and plot
fifteen consecutive localization estimates produced solving T s

x axis [m]

the LS problem at the central node. We note that since the
microphones are placed on the walls of the room, the source
is always inside the convex hull of the microphones location. Fig. 4. experimental results using distributed algorithm.

We are considering a three-dimensional localization problem,

yet the plots only represent the points on they) plane. We

note that the localization error does not change significantly VII. ACKNOWLEDGMENT
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