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ABSTRA CT

The tradeo� between performance and scalability is a fundamental issue in distributed sensor

networks. In this paper, we propose a novel scheme to e�cien tly organize and utilize network

resourcesfor target localization. Motiv ated by the essential role of geographicproximit y in sensing,

sensorsare organized into geographically local collaborative groups. In a target tracking context,

we present a dynamic group management method to initiate and maintain multiple tracks in a

distributed manner. Collaborative groups are formed, each responsible for tracking a single target.

The sensornodes within a group coordinate their behavior using geographically-limited message

passing.Mechanisms such as these for managing local collaborations are essential building blocks

for scalablesensornetwork applications.

KEYW ORDS

Group management, detection, target localization, target tracking, collaborative information pro-

cessing,distributed sensornetwork
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In tro duction

The study of distributed sensor networks is emerging as an exciting interdisciplinary research

area, including aspects of signal processing,networking, distributed algorithms, and MEMS sensor

technology. A wirelesssensornetwork can be easily deployed in placeswhere there is no a priori

sensing infrastructure. This 
exibilit y has led to an increasing interest in using these networks

for large-scaleapplications such as environmental monitoring, security surveillance,and battle�eld

awareness.In contrast to traditional centralized sensorarray processingwhereall processingoccurs

on a central processor,sensornetworks distribute the computation amongsensorunits. Each sensor

unit acquires local, partial, and relatively crude information from its surroundings. By exploiting

the sensornetwork's spatial coverageand multiplicit y of sensingmodalities, the network can arrive

at a good global estimate.

A key issuein distributed sensornetworks is scalability, in both energyand spatial dimensions.

Desirably, sensornetworks must simultaneously track multiple phenomena,working within tight

communication bandwidth, energy, and processingspeedlimits. Thus, it is critical to distribute the

workload in an equitable way acrossonly the \relevant" sensors,and leave other sensorsavailable

for other tasks. In this paper, we focuson target tracking applications, and present a scalabletrack

initiation and maintenance scheme based on collaboration between sensorsin local groups. The

scheme is built on the basis of our previous work (Zhao et al., 2002; Liu et al., 2003; Chu et al.,

2002)on single target tracking. To set up the proper context, we �rst brie
y introducethe tracking

problem.

Tar get tra cking using distributed sensor netw orks

Tracking is one of the major usesof sensornetworks, essential in many commercial and military

applications, such as tra�c monitoring, facilit y security, and battle�eld situational awareness.
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Assume a two-dimensional sensor �eld and a point target moving in it. The goal of a tracking

system is to estimate the target location x (t ) basedon sensormeasurements.

Each sensornode has a local measurement of the target over time. To be able to incorporate

measurements from heterogeneoussensors,we use a statistical fusion method, where all sensor

measurements are combined probabilistically in a common state space,basedon the observational

likelihood p(z(t ) jx (t ) ). For sensor i , z(t )
i = f z(0)

i ; z(1)
i ; � � � ; z(t )

i g represents its local measurements,

where the superscript indexestime. Let z(t ) = f z(t )
1 ; z(t )

2 ; � � � ; z(t )
n g, where n is the number of nodes.

The sensornetwork collectively computesthe posterior belief p(x (t ) jz(t ) ) through Bayesianinference.

Noticing that the majorit y of the sensor measurements has little contribution to the global

estimation of the target tra jectory, we designedin (Liu et al., 2003)a leader-basedtracking scheme

to minimize resourceusage.At any time instant t, there is only one leader k, which takes a new

measurement z(t )
k and updates its estimate of the target location using sequential Bayesian �lter-

ing (Stark and Woods,1994).Basedon this updated belief, the leaderselects the most \informativ e"

sensor(according to somecriterion measuringinformation gain) from its neighborhood, and passes

it the updated belief p(x (t ) jz(t ) ). This new sensorbecomesthe next leader at time t + � (where � is

the communication delay), the previous leader returns to an idle state, and the processof sensing,

estimation, and leader selection repeats. We call this approach information-driven sensor query

(IDSQ).

Or ganiza tion of this paper

In theory, the IDSQ algorithm is scalablesince all sensorsexcept one (the leader) are in the idle

state, free to pick up other tasks. Thus, the number of active nodes is proportional only to the

number of targets, and is independent of the sizeof the sensornetwork. However, without proper

ways of initiating new target tracks and maintaining local collaboration groups, scalability cannot

be achieved in practice. We need a mechanism to decide who is responsible for initialization and
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how to handle contention between multiple sensorsdetecting the same target. Furthermore, the

co-existenceof multiple tracks leads to the problem of track maintenance. Special care must be

taken when two targets comeinto the vicinit y of each other.

This paper establishesour solution to track initiation and maintenanceproblemsin the following

steps. Sec. 1 motivates the idea of organizing sensorsinto geographically-basedlocal collabora-

tiv e groups. Collectively, a group is responsible for the initiation and maintenance of one track

(presumably corresponding to a single target). Sec.2 describes in detail how a track is initiated,

including detection and an e�cien t leader election scheme.Sec.3 describesthe algorithm for track

maintenance,handling situations such asmerging and splitting tracks. Overall, sensornodeswithin

the group coordinate their behavior by passingmessages.Sec.4 covers an implementation of the

algorithms and an experiment on target tracking. Finally, we discussin Sec.5 the implications of

distributed group management for more generalsensornetwork applications.

1. Motiv ating Geographically-Based Group Managemen t

A fundamental problem in sensornetwork design is the tradeo� between performanceand scala-

bilit y. Traditional centralized schemesmove all sensordata to a central site and processit. While

this is provably optimal in estimation performance, it exhibits poor scalability. The complexity

of computation and communication grows rapidly with the total number of sensors,making these

schemes impractical for sensor-rich systems. An interesting idea for balancing performance and

scalability is to organize sensorsinto collaborative groups. Take tracking of some physical phe-

nomena as an example. Sensorswhich jointly provide the best information about a phenomenon

should form a group. Sensorswhich are lessinformativ e, or whosedata are redundant, could be left

out. By limiting the collaboration to a small number of sensorsin a limited area, communication
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region A

target A target B

region B

Figure 1. Geographically-based collaborativ e groups. The small circles are sensornodes. The nodes inside a speci�ed

geographical region (e.g., region A or B) form a collaborativ e group.

and computation are made independent of the sizeof network. Sincethe group contains the most

informativ e sensors,impact on the tracking performancewill be limited.

In practical sensornetwork applications, the e�ects of physical phenomenausually attenuate

with distance, producing a decreasingsignal-to-noiseratio (SNR) and lower-quality observations.

This points toward the idea of geographically-basedcollaborative groups. In the target tracking

problem, for example,we can organizethe sensornetwork into geographicalregions,as illustrated

in Fig. 1. Sensorsin the regionaround target A are responsiblefor tracking A, and the regionaround

B handles B . Partitioning the network into local regions assignsnetwork resourcesaccording to

the potential contributions of individual sensors.

Furthermore, the physical phenomenabeing sensedchange over time. This implies that the

collaborative groups also need to be dynamic. As the target moves, the local region must move

with it. Sensornodes that were previously outside of the group may join the group, and current

members may drop out. This requiressomemethod for managing group membership dynamically.

Geographically-basedgroup initiation and management have to be achieved by a light-weight

protocol distributed on all sensor nodes. The protocol needs to be powerful enough to handle

complex situations such as those where data from multiple leadersare contending for processing

resources,and be robust enough to tolerate poor communication qualities such as out-of-order
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delivery and lost or delayed packets. In addition, the propagation region of group management

messagesshould be restrained to only the relevant nodeswithout 
o oding the entire network. This

is not trivial considering that the group membership is dynamic as the targets move, and that

the network is formed in an ad hoc way such that no nodes have the knowledge of the global

network topology. The di�culties are tackled in our approach by taking advantages of two facts:

1) a leader-basedtracking algorithm where at any time each group has a unique leader who knows

the geographicalregion of the collaboration; and 2) recent advancesin geographical-basednetwork

routing (Ko and Vaidya, 1999; Yu et al., 2001) that do not require the leader to know the exact

members of its group.

2. Distributed Detection and Track Initiation

Considera distributed sensornetwork monitoring a large �eld. When there is no target in the �eld,

the sensornodesshould be in an energy-saving mode. They should watch for possibletargets using

only low-cost computation and a minimal amount of communication. When a target enters the

sensor�eld, the nodes need to elect a leader and give it an initial belief state p(x (0) jz(0) ). In this

section, we describe an e�cien t geographically-basedgroup formation scheme to accomplish this

task. The algorithm is sketched out below, with more details in Secs.2.1 | 2.4:

1. Each individual sensorperformsa stand-alonedetection by comparing the measurement with a

precomputed threshold corresponding to the likelihood ratio test (LRT) described in Sec.2.1.

2. Nodeswith detections form a collaborative group and elect a single leader.

3. The leader suppressesall nodes in the collaborative group from further detection in order to

prevent creation of multiple tracks for the sametarget.

4. The leader initializes the belief state p(x (0) jz(0) ) and starts the tracking algorithm.
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Throughout the algorithm's development, we assumethat the nodesare globally time-synchronized

up to somereasonable(e.g., sub-second)accuracyand communication betweennodesare relatively

reliable, though the group management schemeis designedwith somerobustnessagainst occasional

packet losses.We also assumenodesare aware of their one-hopneighborhood.

2.1. Tar get detection on individual nodes

In many practical applications, activit y within the network is sparse,and most of the sensornodes

spendthe majorit y of their time in the low-duty-cycledetection mode.Only whena target enters the

regiondoesthe sensor�eld becomeactively involved in tracking. Sincedetection is the most frequent

mode, the detection algorithm must be light-weight in terms of computation and communication.

This helps maintain the longevity and stealth of the sensornetwork.

In distributed sensornetworks, onecan combine the measurements of multiple sensorsto reach a

detection decision,asdonein (Li et al., 2002),but such approachesrequire communication between

multiple sensornodesall the time. The communication cost is signi�cant becauseof the frequency

of the detection operation. Here we take a simple standalone target detection approach, where

each individual sensordetects independently of the others. The group collaboration scheme takes

e�ects only after interesting phenomenahave been detected. Much of the bene�t of multi-no de

detections can also be realized by a two-stagedetection process,with the �rst stage being single-

node detectionsset conservatively to minimize missedtargets, and the secondstageverifying these

detections using a multi-no de processto minimize falsealarms.

In single node detection, each node needsa decision rule to decidewhether a target is present

within some pre-speci�ed detection range Rdetect of itself. For this task, a common approach is

LRT, which comparestwo hypotheses:

H0: target not present, or outside of the detection range, i.e., d(x; L sensor ) � Rdetect, where

x is the target location, L sensor is the sensorlocation, and d(�; �) measuresthe Euclidean
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distance. The possibility of target not present is equivalent to d(x; L sensor ) = 1 , henceis

included in this hypothesis.

H1: target present in the detection range, i.e., d(x; L sensor ) < Rdetect.

Assuming the two hypothesesare equally probable (i.e., no prior knowledge about whether the

target is present or not), the decisionrule takes the form:

p(zjH0)
H 0

�

H 1

p(zjH1); (1)

i.e., detection is declared if the presencehypothesis is more likely than the absencehypothesis.

This decision rule guarantees the smallest probabilit y of error. Besidesthe standard LRT, other

decisionrulesarealsoapplicableand havesimilar forms. Dependingon the application requirements,

one might use the Neyman-Pearsonrule (see,e.g., (Poor, 1994)), which maximizes the detection

probabilit y while keepingthe falsealarm probabilit y below a speci�ed value,or the minimax decision

rule (Poor, 1994), which is more conservative and optimizes for worst casescenarios.

Let us illustrate a LRT using a sensingmodel similar to that in (Liu et al., 2003). Assume

a sensornetwork consistsof microphone-basedacoustic sensors.The sound wave received at the

microphone takes the form:

f (t) =
S(t � � )

d(x; L sensor )
+ n(t): (2)

where t indexes time, S(t) is the wave emitted by the target, � is the wave propagation delay,

and n(t) is the measurement noise.The model is justi�able from the physicsof wave propagation,

assumingit is losslessand isotropic (Kinsler et al., 1999). We further assumethat signal and noise

are statistically independent. The signal has energy denoted as E s, and the noisesequencen(t) is

white with zero mean and someknown variance � 2
n .

Acoustic energy sensorscompute the sound energy z = 1
N

P N
t=1 jf (t)j2, where N is the bu�er

size.Basedon z, the sensordecideswhether a target is present. Under the sensingmodel described

above, by the Central Limit Theorem (see,e.g., (Stark and Woods, 1994)), the observation p(zjx)

is approximately Gaussianwith parameters:
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� mean= Es=d2 + � 2
n .

� variance = 2� 4
n =N + 4 � (Es=d2) � � 2

n=N .

Under this observational model, the decision rule (1) boils down to a simple comparison of z to

a decision threshold � : if z > � , the sensordeclaresa target detection; otherwise no detection.

The decision rule formalizes the intuition that when the perceived sound is loud enough, there is

probably a target nearby.

The threshold � is the dividing point which satis�es

p(� jH0) = p(� jH1): (3)

It is computed numerically. From p(zjx), one can compute the likelihoods p(zjH 0) and p(zjH 1) by

numerical integration. Fig. 2 plots the likelihoods. It can be shown that p(zjH 0) and p(zjH 1)

intersect at only one point, which is � . Although the computation of � is nontrivial, it only

needsto be computed infrequently { at deployment time if the observation model is stationary,

or during idle periods for background noise levels which change slowly. During detection, each

sensornode periodically checks for detection simply by taking a measurement and comparing to

the precomputed � .

2.2. Gr oup f orma tion and leader election

The single node detection scheme described above ignores the correlation between sensormea-

surements. It is very likely that multiple nodes detect a single target at roughly the sametime.

However, the leader-basedtracking algorithm suggeststhat a single leader should be su�cien t for

the tracking of any individual target. Multiple sensornodes with detections causecontention for

leadership. In this section, we describe a geographically-basedgroup management scheme which

resolvescontention and electsa single leader via messageexchange.
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Figure 2. Single node LRT. The horizontal axis is the energy measurement z, and the vertical axis is the value of the

hypothesis lik elihood functions p(zjH 0) (the solid curve) and p(zjH 1) (the dashed curve).

First consider the ideal initialization condition: we have a sensornetwork covering a �eld in

which the target has never appeared before. If sound propagates isotropically and attenuates

monotonically with distance, the sensorsphysically closer to the target are more likely to detect

than the sensorsfar away. One can compute an \alarm region", similar to a 3-� region of a

Gaussiandistribution, such that most (e.g., 99%) of sensorswith detections fall in the region. This

is illustrated in Fig. 3. Sensornodes are marked with small circles; the dark oneshave detected

a target. Assume the target is located at x (marked with a \+" in the �gure), the alarm region

is a disk centered at x with someradius R, where R is determined by the observation model. In

practice, we useRdetect plus somemoderate margin (to account for target motion during the sample

period) as our choice of R.

Ideally, nodes in the alarm region should collaborate together to resolve their contention and

elect a single leader from the region. However, the exact location of the alarm region is unknown

since the target position x is unknown. Each node with a detection only knows that the target is

within R distance of it, and a possiblecompetitor could be another distance R from the target.
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Figure 3. Detection and collaborativ e regions

Thus, in the absenceof a \messagecenter", a node noti�es all nodeswithin a radius 2R of itself,

which are potential \competitors" for leadership,of its detection.

Upon detection, each node broadcasts a DETECTIONmessageto all nodes in this alarm re-

gion containing a time stamp recording when the detection is declared, and the likelihood ratio

p(zjH1)=p(zjH0). The higher this ratio, the more con�dent the detecting node is of its detection.

We rely on the routing mechanisms to e�ectiv ely limit the propagation of the detection messages

to the speci�ed region, a capability of critical importance for the algorithm to be scalable.

After sending out its own detection message,the node checks all detection packets received

within an interval of tcomm . The value of tcomm should be long enough for all messagesto reach

their destination, yet not too long so that the target can be consideredapproximately stationary.

Thesemessagesare then comparedwith the node's own detection. The node winning this election

then becomesleader immediately, with no needfor further con�rmation. The election procedureis

as follows:

� If none of the messagesare timestamped earlier than the node's own detection, the node

declaresitself leader.
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� If there are one or more messageswith an earlier time stamp, the node knows that it is not

the leader.

� If none of the messagescontains earlier timestamps, but somemessagecontains a time stamp

identical to the node's detection time, the node comparesthe likelihood ratio. If the node's

likelihood ratio is higher, the node becomesthe leader.

Ideally, this algorithm will elect only one leader per target. In real networks, this algorithm

is imperfect due to unreliable wireless links, and in somecircumstances,multiple leadersmay be

elected.For example, if the DETECTIONpacket with the earliest detection time stamp fails to reach

all the destination nodes,multiple nodesmay �nd that they are the \earliest" detection and each

may initiate a track. Since these tracks correspond to the sametarget, it is likely that they will

collide with each other in the near future. This calls for methods to mergeredundant tracks. Merging

tracks is handled by the track maintenanceschemediscussedin Sec.3.

2.3. Suppression within the collabora tive gr oup

Once the leader is elected, it initializes a belief state p(x (0) jz(0) ) as a uniform disk of radius R

centered at its own location. The disk contains the true target location with high probabilit y. This

belief provides a starting point for the tracking algorithm.

The leader plays a key role in maintaining the collaborative group. As the target moves, the

sensorswhich did not previously detect may begin detecting. These sensorsare potential sources

of contention. The systemusesSUPPRESSIONmessagesto minimize this. Basically, a SUPPRESSION

messageis a claim of group membership. The leader sendsout SUPPRESSIONmessagesto notify

the recipient nodes to abandon detection and join the group. The messagegoes out to a region

known as the suppressionregion, which should contain potential sourcesof contention. Assuming

the actual target position is contained in the belief state, the suppressionregion should cover all
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Figure 4. Suppressionand unsuppression regions.

locations within R distance to the belief state. The actual implementation of this may depend on

the belief representation used. In the caseof the grid-basednonparametric representation used in

(Liu et al., 2003),this region wasfound by starting with the bounding box containing all probabilit y

grids above a preset threshold level and adding margins of size R to all sides.Alternativ ely, one

could identify a region containing the target with a speci�ed probabilit y and add margins of size

R to that. The key factor is that the region must contain, with high probabilit y, all nodes which

might detect the target. In the special caseof the original detection, as discussedin Sec.2.2, the

initial belief is a radius R disk centered at the leader, hencethe suppressionregion is initially a

concentric disk of radius 2R.

As leadershipmoves in the network and the belief state is re�ned by successive measurements,

the suppressionregion changes,and the group membership needsto be updated. Fig. 4 shows the

two suppressionregionsat time t and t + 1. The two regionsare not identical, but overlap. We can

further reduce network tra�c by only notifying the delta{regions, that is, the regions containing

nodeswhich areaddedto or removed from the group. Three geographicalregionsneedto behandled

separately:

� The unsuppressionregion which contains nodeswho are suppressedat t but not t + 1. This is

pictured in Fig. 4 as the crescent-shaped region on the left hand side.The leader sendsto this
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Figure 5. Finite state machine on nodes

region an UNSUPPRESSIONmessagewhich basically reversesthe e�ect of the SUPPRESSIONmes-

sage,equivalent to a dismissalfrom the collaborativegroup. Nodesreceivingthe UNSUPPRESSION

messageare freed, and go back to detection.

� The new suppressionregion which contains nodeswho werenot suppressedat t but suppressed

at t + 1. This is pictured in Fig. 4 as the crescent-shaped region on the right hand side. The

leader sendsSUPPRESSIONmessageto claim membership.

� The region which seesno changesin group membership. No messagesneed to be sent to this

region. The nodesin this region remain suppressed.

2.4. Gr oup management pr ocess on nodes

The protocol described in Secs.2.2 and 2.3 can be implemented on each sensornode using a �nite

state machine. Fig. 5 shows the group management processon each node. The actual implementa-
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tion was more complicated in order to be robust against packet loss and out-of-sequencemessage

arrivals.

The node has four states:

� Detecting: the node is not in any collaborative group, and periodically monitors its measure-

ment for detection of possibletargets.

� Leader: the node takesmeasurements, updates the track and the collaborative group.

� Id le: the node belongsto a collaborative group, and is passively waiting for a hando� from the

leader.

� Waiting-for-time-out : intermediate states waiting for potential detections to arrive from other

nodes.

There are four types of messagesin the process.In addition to DETECTION, SUPPRESSION, and

UNSUPPRESSIONmessagesdescribed in previous sections,HANDOFFmessagescarry the belief state

usedin tracking. They contain a time stamp, a belief state, the senderand the receiver's IDs, and a


ag indicating if the track is successfulor lost. A track is consideredsuccessfulif the uncertainty of

the track is under somespeci�ed tolerancelevel, and lost if otherwise.All nodesin the collaborative

group corresponding to a lost track dismiss their membership and restart detection immediately.

3. Distributed Track Main tenance

With collaborative group management, each group associated with tracking of a single target. The

co-existenceof multiple tracks in the network can be readily handled as long as the the tracks are

far apart and the collaborative regionsare non-overlapping.
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In practice, however, collisions betweentracks are possible.For example,as brie
y discussedin

Sec.2.2, redundant tracks corresponding to the sametarget are very likely to collide asthe tracking

algorithm advances.In tracking of multiple targets, targets crossingeach other's path will cause

the collaborative regions to collide. In these cases,nodes in the overlapped collaborative regions

needto resolve the ambiguity of which leader to follow, especially when the multiple leadersdictate

con
icting actions. There are numerousways collisions can be handled. Here we describe a simple

method for maintenanceand management of multiple tracks.

First, in order for the tracks to be distinguishable, each track is assigneda unique ID. A simple

choice is the time stamp (in microseconds)when the track was initiated. This choice does not

require global knowledgesharedthroughout the network beyond rough time synchronization. The

chanceof multiple tracks being assignedthe sameID is very small. The ID is carried along with the

track and shared among the nodes in the collaborative group. All messagesoriginating from the

group are tagged with it. When a node receives a message,by examining the ID, it knows which

group (and hencewhich track) the messagerefers to.

Now consider a node which belongs to multiple collaborative groups. Each node keepstrack

of its multiple membership basedon the received SUPPRESSIONand UNSUPPRESSIONmessages.A

non-leadernode (\follo wer" in the group) can be suppressedby any leader, but freeing it requires

UNSUPPRESSIONmessagesfrom all the local leaders. In other words, a node is free only when no

leader claims ownership over it.

For a leader node, a received SUPPRESSIONmessagewith a di�eren t ID than its own is a clear

indication of multiple groups colliding. Without the help of a suitable target classi�cation method,

the nodes cannot tell whether the collision is due to multiple targets crossingover, or redundant

tracks for the sametarget merging. Furthermore, the maintenance of overlapping tracks requires

sourceseparation and data association, which are in generalnotorious inverseproblems and hard

to implement in distributed networks. In view of the di�culties, we proposea simple track merging
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Figure 6. Track merging and splitting when multiple targets crossover. The collaborativ e groups are plotted ascircles

or ellipsoids. The labels t1, t2, and t3 are track IDs.

approach: One of the tracks survives;others are dropped. The collaborative groupsmergetogether

into a single group.

To decide which track to retain, each leader comparesthe ID of the incoming SUPPRESSION

message,tsuppr ession , with its own, t leader. We refer to the track corresponding to the incoming

SUPPRESSIONmessageas the incoming track. Betweenthe incoming track and the track the leader

currently has, the older one is retained. This is based on the intuition that an older track has

already incorporated many measurements, hence is in general more accurate and reliable. The

leader performs a comparison:

� If tsuppr ession < t leader, i.e., the incoming track is older, the leaderdrops its own track, and relays

the incoming SUPPRESSIONmessageto its collaborative group, then gives up leadership. By

this message,the two collaborative groups mergeinto one, obeying the leader of the incoming

track.

� If tsuppr ession � t leader, the leader's track survives. The leader sendsa SUPPRESSIONmessage

to the leader of the incoming track.

This mechanism works well in merging multiple tracks corresponding to a single target. In the

casewhere two (or more) targets approach each other closely, it basically tracks the superposition
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of the two targets as if the two targets could be regarded as a single \virtual" target. Without

an accurate source separation scheme in place, the tracking algorithm is unable to tell the two

targets apart. Once the targets separate, the secondtarget will be re-detected as a new target.

Fig. 6 illustrates this merging and splitting of tracks. As targets A and B approach each other,

their groups merge,and then separateagain. This exampleshows that track merging and splitting

enablesthe tracking of multiple targets, but cannot maintain the identities of either targets.

Alternativ ely, we can assign a new group ID when multiple groups merge into one. A time-

contiguous seriesof location estimateswith a consistent identit y is consideredas a \trac klet". For

example,Fig. 6c contains four tracklets, two beforethe merging and two after. We can reacquirethe

target identit y of each tracklet using classi�cation schemes,and assemble tracklets into complete

tracks.

The distributed track initiation and management scheme,combined with the leader-basedtrack-

ing algorithm described in (Liu et al., 2003), forms a scalablesystem. The system works well in

tracking multiple targets when the targets are not interfering (i.e., far apart), and can recover from

inter-target interferenceoncethe targets move apart.

4. Exp erimen t

Webuilt a sensornetwork for multi-target tracking using the group management scheme.The sensor

nodes in the experiment consistsof 17 WINSNG 2.0 sensornodes designedand manufactured by

SensoriaCorp. Each node is essentially a Hitachi SH-4basedLinux PC with acousticsensorinputs.

Two type of sensorsare used:

� Acoustic energy sensors.Theseoutput sound energy over a 256-samplewindow and estimate

target distance basedon the physicsof sound attenuation.

19



1D

2

3D

4

5

6

7D

8

9

10D
11

12D 14

13

16

15D

17

Alcove
PARC
parking
lot

W

N

450 feet

Figure 7. Sensor network layout. The solid line plots the service road. The sensor nodes are marked with small

squares.Labels with a \D" are DOA sensors.The dashed lines picture the connectivit y between nodes.

� Direction-of-arrival (DOA) sensors.They arearrays of 4 microphonesattached to a singlenode,

and usebeamforming techniques (Chen et al., 2001) to determine the bearing to the target.

The nodes in our experiment included 6 DOA sensorsand 11 energy sensors.This diversity in

sensingmodality helps to balance the systematic biasesof individual sensorsto obtain accurate

target location. The nodesare placed along a serviceroad outside the PARC building, as plotted

in Fig. 7. Neighboring nodestalk to each other via 802.11b-basedwirelesslinks.

The geographically-basedgroup management is built on top of the directed di�usion (USC/ISI,

2002) network protocol. To avoid unnecessary
o oding of network packets, we use the GEAR

(Geographic and Energy Aware Routing) protocol, which is an implementation of geo-casting(Ko

and Vaidya, 1999)in directed di�usion. The protocol allows data to besent to a speci�ed geographic

region, and limits messagepropagation outside of the destination region by optimizing the routes

to gradually approach the region. Only the destination region is 
o oded with data. To cope with

the constraint in GEAR that the geographicregions has to be speci�ed as rectangles,we use the

rectangular bounding boxes.In our experiment, the leader-electiontime-out t comm is set to 1 second,

and the detect range R = 45 feet.

The tracking and group management algorithms run on the node in real time. Each node runs

a processsimilar to that described in Sec. 2.4 to decide which sensingmode to use. Two non-

20



(a) (b)

(c) (d)
Figure 8. Snapshots of tracking. The rectangular boxes correspond to the collaborativ e regions. Nodes in red are

leaders.

interfering targets are tracked. One is a military truck, and the other is a speaker playing a recorded

sound of an amphibious assault vehicle (AAV). The ground truth of target locations was measured

using di�eren tial GPS, which reports an averageaccuracyof 6 | 10 feet. To measurethe tracking

performance,we have computed the displacement betweenthe location estimatesproduced by the

tracker and the GPS-measuredground truth. The standard deviation averaged over a complete

run is about 19 feet. Given that GPS measurement error and tracking error are independent, the

tracking accuracyof our system is actually better than the reported 19 feet.

Fig. 8 shows a few snapshotsof the tracking result. The belief statesarepictured usinggreyscales.

A bright cell indicates that a target is very likely to be on the cell location, and a dark cell suggests

otherwise. In Fig. 8a, the �rst target is detected as it enters the sensor�eld from the parking lot.

The secondtarget has not appearedyet. The rectangular box enclosingthe belief state represents
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the suppressionregion. The nodes inside the region (nodes 12 | 16) form a collaborative group,

led by node 14. The rest of the network is doing standalonedetection. Fig. 8b tracks the �rst target

as it movesalong the road (south bound) to the alcove end. Its collaborative region contains nodes

1 { 5. The secondtarget has just been detected. Nodes 11 { 14, 16, and 17 form a collaborative

group.

Fig. 8c and d tracks two targets simultaneously. The respective collaborative regionsare plotted.

The sensorsare organizedinto independently coordinated groups,which enablesthe co-existenceof

multiple tracks and the simultaneoustracking of multiple targets. Tracking of two targets which are

occasionallyinterfering hasalsobeentested in our experiment. The tracking systemcansuccessfully

recover from mutual interferencevia track merging and splitting. Overall, by restricting message

broadcasting to be within the collaborative region (rather than 
o oding the whole network), the

network tra�c is reducedby 40% in this experiment. The tra�c reduction will be more prominent

for larger sensornetworks.

5. Discussion

The paper focuseson the group management method for track initiation and maintenancein target

tracking applications. While we have experimentally validated the basicstructure of the group man-

agement algorithm, through extensive simulations and �eld experiments on sensornodes,a number

of important theoretical and experimental characterizations remain as immediate future research

tasks. For example,we have not characterized how the performanceof the algorithm, measuredas

the frequencyof spurioustrack initiation or track loss,variesastarget speedincreasesor parameters

such as tcomm changes.The current implementation is also limited in its capability to maintain

information about multiple targets once they closely approach each other. It might, however, be

viewed as a key stepping-stonetowards future systemswith thesecapabilities. Modules to perform
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data association, classi�cation, and sourceseparation may be added, and di�eren t sensorselection

approaches may be chosen,but the concept of organizing sensorsin local collaborative groups to

control information propagation is essential to each of these modules, and hencefundamental to

the scalability of the entire system.

Collaboration between sensorsis especially important in caseswhere individual sensorsare of

limited capability, for example,on the Berkeley motes. Individually motescan only perform simple

tasks, and only through collaboration can more sophisticated sensingtasks be accomplished.

A similar group management method is described in (Fang et al., 2003),wherea group is de�ned

as thosenodesthat satisfy a membership predicate conveyed by messagepassingamongneighbors.

Using a target counting problem as an example, sensorsin a network attempts to determine the

number of distinct targets (i.e., sourcesof signals) in an areausing strictly local measurements. The

collaborative groups correspond to local regionsdominated by energypeaksinduced by the target

sources,and the groups are formed basedon local communication and simple detection amplitude

comparison.The interesting feature of this method is that the geographicgroupsare only implicitly

de�ned, i.e., no geographicregions need to be speci�ed, and a geographicgroup is self-organized

as a result of the underlying signal �eld the network is sampling. An interesting future research

direction is to generalizethe geo-speci�ed and physics-speci�ed group management methods to the

more genericattribute-based group management protocols.
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