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Abstract. Today, there exist many algorithms and proto cols for con-
structing agregation or dissemination trees for wireless sensor networks
that are optimal (for dierent notions of optimal, i.e. under dierent

cost metrics). However, all these schemesdi er from one common failing

- they construct an optimal tree for a given xed subset of the sensors.
In most practical scenarios, the sensor group is continuously and dy-

namically varying - consider for example the set of sensorsscattered in

a forest that are sensingtemperatures above some specied threshold,

during a wild re. Given the limited computational and energy resources
of sensornodes it is impossible to either prestore the optimal tree for
every conceivable group or to dynamically generatethem onthe y.

In this paper we propose the novel approach of constructing a single
group-independernt spanning tree (GIST) T for the network and then

letting any sensorgroup S usethe subtree induced by S on T, Ts asits

group aggregation tree. The important question is, how doesthe quality
of the subtree Ts compare to the optimal tree, OPTs, acrossdierent

groups S. We consider two well-accepted measures- aggregation cost
(sum over all links) and delay (diameter). We show that in polynomial

time we can construct a GIST that simultaneously achieves O(log n)-

approximate aggregation costand O(1)-approximate delay, for all groups
S.

To the best of our knowledge GIST is the rst construction with a non-
trivial and provable performance guarantee that works for all groups. We
provide a practical and distributed protocol for realizing GIST that re-
quires only local knowledge.We show an  (n) lower bound for commonly
accepted solutions such as MST and SPT (i.e. there exists a group for
which the induced subtree performs poorly) and demonstrate by sim-
ulation that GIST is good not just in the worst case- it outperforms
SPT and MST by between 30 and 60 per cert in realistic random sce-
narios. GIST is an overlay construction and for the special caseof grids
we presert GRID-GIST, a physical tree that usesonly grid edgesand
achievesthe same performance bounds.

1 Intro duction

Wirelesssensornetworks have emergedat the forefront of applications involving
the measuremen of physical phenomena, ervironmental monitoring, medical



instrumentation, and building monitoring in warehousesand homes.A wireless
sensornetwork is comprisedof hundreds or thousandsof sensornodesnetworked
through wirelesslinks for collecting and processingervironmental data. Sensor
networks have stringent energy restrictions, and are typically deployed in high
density to ensurecoverageand fault tolerance.

Fig. 1. In the above network, a spanning tree T is depicted by solid edges.A subsetS
consists of the two square nodes. A subtree of T induced by S is depicted by the thick
edges.Clearly, the subtree is far from optimal, which includes the two dotted edges.

With the advent of large-scalesensornetwork applications, there is consid-
erable interest in a database abstraction for sensornetworks, in which users
program the sensorsusing a high-level declarative language[16,31,38]. A user
issuesa query to the network, and every sensornode that meets the criteria
de ned in the query replies with the desired data reading. In the reply phase,
data can be aggregatedin-network to reduce communication complexity, and
henceenergy consumption [28,31]. Data aggregationis usually performed using
a reversemulticast tree, in which ead intermediate node receives padkets from
its children, aggregatesthe information, and sendsone padket to its parent. As
shown in multiple studies, this can lead to considerablesavings in energy con-
sumption over an approadc that doesnot usein-network aggregation[16,28,31].

Consider a sensornetwork deployed in a large forest for monitoring forest
res. A usermay issuethe following query (written in a variant of SQL) to the
whole network:

SELECTMAX(temperature), location FROMensors
WHEREemperature > threshold
DURATIONhow,how+3600s)

EVERY30s

In the above declarative query, the user asksfor the maximum temperature
and its location, every 30 secondsfor a duration of an hour, if this maximum
temperature is above a certain threshold. Due to temperature changesin di erent
areas of the forest, the group of sensorssatisfying the threshold criteria may



changecortinually. Therefore, the aggregationgroup (the group of sensorsthat
needto sendreadingsto the user) changesin an unpredictable mannerovertime,
and the total number of such groups is large. In sud a scenario, the following
dilemma seemsunavoidable:

{ Sincethe number of dierent groupsis large { exponertial in the number
of sensors,in the worst case{ it is prohibitiv ely expensiwe for the energy-
constrained, distributed and multi-hop sensornodesto compute e cien t
aggregationtrees for eat group.

{ On the other hand, if a communication-optimized data aggregationstructure
is not used,the aggregationitself can be expensiwe.

Most existing algorithms and protocols for constructing data aggregation
trees have drawbadks in that one aggregation tree has to be constructed and
maintained for one group of sensors[3,19,27,31]. Such aggregation protocols
are not suitable for large-scalesensornetworks serving aggregation queries at
high frequencies.We refer to these protocols as group-dependen data aggrega-
tion protocols. Group-dependence,or group-awareness,makesthe optimization
of communication cost possible, however only for a single group. Therefore, in
sensorapplications where the sensorgroups of interest evolve constartly or dif-
ferent queriesareissuedon a frequent basis,new solutions are desiredto support
e ectiv e in-network aggregation.

We proposeGIST (Group-Independert Spanning Tree) for data aggregation
in sensornetworks. A GIST, T is a single spanning tree that is \oblivious" to
any aggregationgroup in the sensethat the aggregation structure adopted for
any group is simply the subtree of T induced by the group. The performance of
GIST for agivengroup is measuredby comparing the cost of this induced subtree
with the costof an optimal aggregationtree for that group. Figure 1 illustrates a
group-independent spanningtree and its subtreeinduced by a subsetof nodes. It
is not clear a priori that it is possibleto nd suc a group-independert tree with
good guarantee. Two natural candidatesfor GIST are the minimum spanning
tree (MST) and the shortest-paths tree (SPT). However as shown in [22], they
both have (n) worst caseperformance.

1.1 Main results

{ We proposethe group-independent tree paradigm for providing e ectiv e un-
derlying structures to support data aggregationin wirelesssensornetworks
that performs well in terms of aggregation cost and delay. The worst-case
performance of common tree structures such as MST and SPT is shown to
be (n) times the optimal in terms of aggregationcost.

{ We propose an algorithm for constructing GIST in sensornetworks, suc
that the cost of the tree induced by any group is within O(logn) factor of
the cost of the optimal cost for that group, and delay is within O(1) factor
of the optimal delay. We also presert a distributed protocol for constructing
our GIST, performing data aggregation,and for maintaining GIST asnodes
join or leave the network.



{ We prove that our upper bound of O(log n) is nearly tight by preseriing a
lower bound of O(log n=loglogn) for aggregation cost, for any polynomial
time algorithm that approximates the problem.

{ Through extensive simulations, we show that our GIST algorithm outper-
forms both MST and SPT by 30 60%in terms of both the communication
cost as well as averagedelay.

Our GIST protocol reducesthe tree construction overhead, and ead node
in GIST only needsto memorizea single parent. Also, our GIST protocol hasa
provable O(log n) performance guarantee for aggregation cost and the delay is
within a constant factor of all induced subtrees.

The remainder of this paper is organizedas follows. In Section 2, we survey
related work. Section 3 preseris our modelsand basicassumptions.In Section4,
we give the formal de nition of GIST and presert the GIST algorithm. In Sec-
tion 5, we give a distributed implemertation of our GIST algorithm. In Section6,
we evaluate the performanceof our GIST algorithm by simulations. In Section7,
we discussfuture work and somelimitations of our scheme, and proposean al-
gorithm for constructing physical GIST on grid networks.

2 Related work

A number of data aggregation algorithms and protocols have been proposed
for wirelesssensornetworks over the past seweral years. Directed di usion [20]
is proposedas a data certric communication paradigm for sensornetworks. In
directed di usion, subscriptionsuse o oding to spreadinterest. Initially , the data
is sert to the sink along multiple paths; however, better aggregation paths are
gradually enforced. SAFE [25] usesgeographically limited o oding to forward
query to nodes.Due to expensive 0 oding operations, it is not suitable for large
sensornetworks. TTDD [39] exploits local o oding within alocal cell of a grid to
facilitate large scaledata dissemination. However, whenthe sink movesout of the
cell, the dissemination path hasto be reconstructed. In [18], a regional- o oding
based multicast scheme for the problem of mobicast is proposed, where high
sensornetwork density is exploited for delivery guarantee as well as satisfying
certain temporal requiremerts.

In [28], data-certric routing protocolswerecomparedwith traditional address-
certric protocols, and the authors showved that data-certric routing o ers sig-
ni cant performance gains in a wide range of operational scenarios.In [2,24],
the authors considerthe problem of data dissemination from a sourcenode to
multiple mobile sinks. In their algorithm, a mobile sink is attached to a static
sensoraccesspoint closeto it, and a multicast group consistsof a set of such
accesgpoints that requestthe sameinformation from a sensorregion. Their al-
gorithm is based on the construction of minimum Steiner trees. In [27,31],
data aggregation algorithms are designedto reduce the rounds of transmitted
data from sensorgto sink. In-network data aggregationhas also beenconsidered
in [3,27,31]. We however note that none of the proposed schemesis able to
achieve a provable performanceguarantee.



In [21], the authors developed a polynomial time algorithm for computing
a spanning tree with O(log* n=loglogn) stretch on arbitrary metrics. For Eu-
clidean metrics, an O(log n)-stretch spanning tree is preserted. The O(log n)-
stretch spanningtree construction of [21] requiresthe whole network to be known
a priori, and the algorithm is certralized and not suitable for a distributed net-
work. In addition, the algorithm only speci es the initial construction of the tree,
and does not considerthe maintenance of the tree in presenceof node failures.
Note that the scheme of dividing the Euclidean plane into recursively small re-
gions is a commonly used technique, and has been consideredin [30]. Schemes
that take into accourt both edgecost and network diameter are also considered
in [32].

Multicast communication algorithms are also consideredin the context of
ad hoc networks. The authors in [19] construct a publish/subscribe spanning
tree acrossthe network. A location-aware Steiner tree basedalgorithm is pro-
posedin [10] for multicast in ad hoc networks. Geocasting [26], where multicast
algorithms are tailored for sendinginformation to a geographicalarea, is stud-
ied in [26]. In [14], hierarchical multicast routing protocols are proposed. The
authors adopted an overlay-driven approad for supporting hierarchical routing.

A number of overlay multicast protocolshave beenproposedin the context of
IP multicast. In [37], a proactive approach is consideredfor reconstructing over-
lay multicast trees.In [4], the authors considerthe trade-o0 betweenpath length
and the load on nodesin overlay multicasting, and proposedan application-layer
mininum delay multicast algorithm. Related studiesidentify network structures
that optimize other metrics. In [8,9], the authors proposedalgorithms for con-
structing routing structures that minimize network congestionat nodes.In [7],
the problem of routing for minimizing transmissionenergyunder the relay model
is studied.

3 Mo dels and assumptions

3.1 Network model

Unit disk graphs . We model a wirelesssensornetwork as an undirected unit
disk graph G = (V; E) on the Euclidean plane, whereV is the set of nodes,and
E is a set of edgeson V. (We remark that our GIST algorithm can be easily
extendedto 3-dimensionalspace.)A edge(u; V) exists betweenu;v 2 V if both
nodes are capable of exchanging messageover the distance juvj. We assume
that eadt node is aware of its own geographicallocation. This can be achieved
by either a GPS device, or a location service such as the position estimator
in [1,5].
No de densit y. The focus of this paper is on large-scaledensesensornetworks,
where scalability is the main challenge for data aggregation. We assumea de-
ployment of n sensorsrandomly placed in the 2-D plane, with a density of
(logn) nodesper unit area, assumingunit transmission range for all nodes. It
is well-known that an n-node network is disconnected(assumingunit transmis-
sion range) with high probability if the density is O(log n) [15,33].



As discussedn Section 1, our main performancemeasuresare the total com-
munication cost and the averagedelay. The total communication cost for an
aggregationis measuredby total number of hops usedin the aggregation, while
the delay is the number of hops betweenthe root and the farthest node being
aggregated. Through standard probabilistic analysis, it has beenshaown that if
the density is  (log n) (for a suitably chosenconstart hidden in the  notation),
ead cell of a su cien tly small constart areais occupied [15]. In such a dense
network, the network hop distance is well-approximated by the Euclidean dis-
tance (within a small constart factor). This correlation hasalsobeenestablished
by meansof an in-depth experimental study in [18]. In our performanceanalysis,
we adopt the Euclidean distance as our measureof the hop metric since these
are equivalent up to small constart factors and the Euclidean metric is more
conducive to our analysisfor establishing provable bounds.

We emphasizethat the correctnessof our protocol does not rely on any

assumptionsabout the sensomode density; our protocol works for any connected
network.
Routing . Our generalGIST algorithm constructs an overlay tree on the underly-
ing physical graph G = (V; E). An edgein the overlay tree correspondsto a path
in the underlying graph. Therefore, an underlying routing servicefrom a source
to a destination is required. Note that the idea of using overlay trees for data
dissemination and aggregationis not new and has been consideredin [2,6,24]
for wireless sensornetworks and in [13,36] in the context of ad hoc networks.
Sud underlying paths can be shortest paths, or paths computed by geographic
routing protocols[23,29], etc.

In Section 7, we proposean algorithm, GRID _GIST, which is not dependert
on any underlying routing service.In a GRID _GIST, all edgesare physical edges
in the underlying graph G. In location-based services,the deployment regions
can be divided into a number of small geographicareassud that two nodesin
neighboring areascan communicate with ead other. In ead area, a leadercan
be selected,and a GRID _GIST canbe constructed for all the leaders.Whenewer a
node want to participate in the data aggregationprocess,t rst sendsmessages
to its leaderin the area, then the GRID _GIST is employed to transport and
aggregatedata to the sink.

3.2 Aggregation functions

In this study, we assumedistributiv e aggregation functions [28,31], where in-
termediate nodes compute and transmit one single output packet as the result
of aggregating over multiple input packets. In such aggregates,the size of the
partial state record is the sameasthe nal aggregate.Thus, ead transmitted
padket is of the samesize.Computing maximum, minimum, average,sum, count
are examplesof this classof aggregationfunctions. Assuming distributiv e aggre-
gates,it canbe easily seenthat givena group S of sensornodesand a root node
(information sink), the minimum cost (total number of transmissions) data ag-
gregation tree is a minimum Steiner tree, where the Steiner set consists of the
information sink and all the data sourcesinvolved [2,10,24]. Therefore, the cost



of using an aggregationtree can be measuredby simply courting the number of
edgeson the tree, sinceead node transmits only once.

3.3 Simulation model

In our simulation, we rst evaluate our algorithm on densesensometworks where
all nodesin the network are capable of sensing,aggregating and transmitting
data. We refer to this model as SNM (SensorNetwork Model). We comparethe
performance of GIST, MST and SPT under two metrics: aggregation cost and
aggregationdelay. As discussedn the preceedingsection,aggregationcostcanbe
measuredby the number of edgeson the tree, assumingdistributiv e aggregation
functions. We measureaggregationdelay by the maximum tree depth rooted at
the sink node, sincethis represens the maximum number of hops for a packet
to reach the sink. Note that delays causedby padket collision are not considered.

In addition to the above model, we considersensometworks consisting of reg-
ular sensornodes, as well asa densecollection of cooperative \relay" nodes[17,
34]. Relay nodes are only capable of routing and forwarding; they do not par-
ticipate in data aggregationand other higher-layer sensornetwork applications.
In [17], the authors show that given a certain energy budget, it is more e cien t
to deploy additional relay nodesthan increaseenergyin existing nodesin order
to extend the life time of the network. Our bound on the performanceof GIST
requiresa densenetwork of the combined sensorand relay deployment. We refer
to this model as SRNM (Sensorand Relay Network Model).

4 A provably near-optimal group-indep endent spanning
tree

The optimal data aggregationtree problem can be reducedto the classicmini-

mum Steiner tree problem, assumingdistributiv e aggregatefunctions. The min-

imum Steiner tree problem is NP-complete [12], but can be easily approximated

to within a constart factor in polynomial time, giventhe xed group of vertices
that needto be connected[35]. As discussedin Section 1, however, in many

sensornetwork applications, the group of relevant sensorsthat needsto be ag-
gregatedmay ewlve constartly. Thus, it is infeasiblefor the resource-constrained
sensornodesto compute e cien t multicast trees for the many groups (poten-

tially, exponertial in the number of sensors)on-line. Motiv ated by this [21], one
can considerthe following natural variation of the Steiner tree problem, univer-

sal Steiner tree problem: Given a root noder 2 V, is there a spanningtree T

connectingr to all nodesin V  frg, such that for any subsetS of V the cost
of tree inducedby S+ frgon T is \close" to that of an optimal Steiner tree for

the setS+ frg? If algood" universal Steiner tree exists and can be computed
ecien tly, it is an excellert candidate for group-independen data aggregation,
with the information sink asthe root. We now presert a formal de nition of the

universal Steiner tree problem [21].



De nition 3.1 An instance of the universal Steiner tree problem is a triple
hv; d;ri where (V;d) forms a metric space,and r is a distinguished vertex in V
that we refer to asthe root. Let jjTjj denotethe cost of tree T. For any spanning
tree T of V, de ne the stretchof T asmaxs v jjTs+trglj=iOPts+trgji, Where
Ts+trg denote the tree induced by S+ frgon T and Opts, ¢4 is @ minimum
Steiner tree for subsetS + frg. The goal is to determine a spanning tree with
minimum stretch.

Two natural candidatesfor a universal Steiner tree are the minimum span-
ning tree (MST) and the shortest-pathstree (SPT). In Section4.1, we show that
both MST and SPT have (n) stretch, thus making them poor choicesfor group-
independert aggregationin the worst-case.The main focus of this sectionis a
new algorithm for constructing GIST that achievesO(log n) stretch in Euclidean
metrics, and can be e cien tly implemented in wirelesssensornetworks.

4.1 Lower bounds for MST and SPT

MST and SPT [11] are polynomial time computable structures that are often
used for optimizing the overall tree cost or individual cost of eadh node com-
municating with the root. However, when usedas a GIST, MST and SPT can
perform arbitrarily bad. We have the following,

Theorem 1 The worst-case stretch of both SPT and MST in Euclidean plane
is (n), wher n is the number of verticesin the metric.

Due to spaceconstraints, the proof of the above theorem is included in the
full version[22].

4.2 GIST for wireless sensor networks

Our GIST algorithm will adopt the following approachesto addressthe issues
discussedin the preceding section. First, we assumethat ead sensornode is
aware of its geographicallocation. This can be achieved by adopting a location

servicesudh asthe position estimators in [1,5]. We also assumethat eath node
also knows the location of the root node (information sink). Given such location

information, our GIST algorithm divides the whole deployment region into re-
cursively small regions (levelg, and tree construction computation is limited to

the subsetof nodesin ead such region. Second,our GIST algorithm constructs
an overlay tree, i.e., an edgein this overlay tree can be a path in the original

unit disk graph. Each node in the overlay tree represerns a geographicalregion
it residesin, and is referred to as a leader of this region. This enablesGIST to

be constructed without full knowledge of the network. Finally, leader election,
aswell as node joining/leaving the tree will be implemented on the overlay tree
structure, which will also be the basis for handling communication failures in

unreliable sengprnetworks.

The value ~ 5 is usedto ensure communication betweentwo nodes at the
opposite end of a 2 1 rectangle (consisting of two neighboring squares). Let



Algorithm 1 GI ST (v; (x1;y1); (X2; Y2))

1. if jx2 xij> R= 5 then

2: Divide the square region marked by (x1;y1) and (Xz;y2) into 9 equally-sized
smaller square regions (Figure 2);

else
return;

end if

Within ead squareregion, selectany node not selectedbeforeto be a leader, except

for the square region where v resides (for which v shall still be the leader);

Output an edgebetween eact selectedleader ™ and v;

8: For eadh square region, invoke GI ST(; (x3;y?); (x3;y2)), where ~ is the leader of
the square region, (x2;y?) and (x3;y?) are the coordinates marking the square
region;

~

R be the transmission range of sensornodes, and let D be the maximum dis-
tance between any node in V  frg and r. (Recall that r is the root node.)
Without lossof generality, let the coordinate of r be (0; 0). Algorithm 1 preserts
the formal de nition of our GIST algorithm. It takesasinput a root node and
a squareregion speci ed by two diagonally-opposite locations, and computesa
spanningtree connecting the root node to nodeswithin the square.To compute
a nal GIST tree, GIST(r;( D; D);(D;D)) isinvoked.Our algorithm adopts
a top-down approach: In ead recursion, a set of new leadersrepreserting certain
geographicalregions are selectedand connectedto their parent; ead new invo-
cation of the algorithm divides a squareregion into smaller piecesand repeats
the sameleaderselectionprocess.Note that a selectedleaderfor a squareregion
will also be the leader for one of the 9 smaller square regions. This applies to
root node r. Let T be the GIST computed by our algorithm. For any subset
SV, we use aggegation cost to refer to the total edgedistance of the tree
inducedby S+ frgon T, and useaggegation delayto denote the length of the
path from a nodeto the root. We have the following theorem for the aggregation
delay,

Theorem 2 (Aggrgation Delay) Let T be a GIST genemted by Algorithm 1.
The distance from any nodev 2 V to r on T is within a constant factor of the
Euclidean distance between v and r.

For the aggregationcost, we have the following.

Theorem 3 (Aggrgation Cost) Under the Euclidean metric, Algorithm 1 com-
putesan GIST with stretch O(logn) in polynomial time.

The proof of the above two theoremsis included in the full version[22].

One interesting property of Algorithm 1 is that it eliminates dependenceon
knowledgeof the network topology, sinceead node in the overlay tree represerts
a geographicalregion. Nodes can join (e.g., powered on) or leave (e.g., due to
failure) the network in a dynamic fashion, while geographicalregions are rela-
tively stable. This forms the basisfor our tree maintenanceand fault tolerance
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Fig. 2. Algorithm 1 divides the net-
work into recursively small regions, and
constructs an overlay tree with stretch
O(log n).

Fig. 3. Algorithm 3 construct a
GRID _GIST on grid networks. The
stretch is O(log n).

medanisms (Section 5). Another property of Algorithm 1 is that the distance
betweenany nodev 2 V and root r on the computed GIST is within a constart
factor of the minimum distance betweenv and r. This implies that the aggre-
gation delay using the induced tree of GI ST is within a constart factor of the
minimum aggregationdelay.

4.3 Lower bound for GIST

Our bound on the aggregation cost of GIST is almost tight. We can establish
the following lower bound on GIST(pleaserefer to [22] for the proof).

Theorem 4 No algorithm can build a GIST with stretch better than Iglglgnn)
for any sensornetwork on Euclidean plane.

5 A GIST based data aggregation proto col

In this section, we presen a distributed implementation of Algorithm 1 for con-
structing GIST. Our protocol proceedsin rounds by selecting leader among
nodes in small regionsin the rst round, and electing leaders among leaders
selectedin the previous round in larger regions,and so on. We also de ne tree
maintenance and fault tolerance medanisms, as well as a brief description on
data aggregation using GIST. Our protocol is a bottom-up implemertation of
Algorithm 1.

5.1 A distributed proto col for constructing GIST

Let (xv;Yv) be the coordinate of y 2 V. Without loss of generality, root node r
has coordinate (0;0). Let c = R= 5 be the smallest square size (side length of
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the square).As discussedn Section4, the output of Algorithm 1 is a hierarchical
overlay tree, and a selectedleader” of a larger squareregion (higher level) is also
the leader for the smaller region (lower level) in which ° residesin. Each node
running the distributed protocol maintains a variable Cur _Level indicating the
largest squareregion for which it currently is a leader. The sizeof a squarewhere
v is a leaderis equalto 3¢Ur-tevel 1c je., aleaderfor the squarewith sizec has
Cur _Level = 1, a leader for squareswith size3c has Cur _Level = 2, and so on.
By default, each node is a leader of level 0.

The protocol for constructing GIST proceedsin rounds. In ead round, a
leader is elected by exchanging LEADER _ELECTION packets. The leader elec-
tion padket contains the following information: [L; SQ_X; SQ_Y;id], whereid is
an integer uniquely identifying a node who is participating in the leader elec-
tion process.The rst eld, L, represerts the level (also the size of the square
region) for which a leader is to be elected. The level number L, together with
SQ_X;SQ.Y, de nes the geographicalregion where a leader is elected. SQ_X
and SQ_Y are integersthat are de ned as follows,

SQX = bxy=(3" ! ¢)c; SQ.Y = by,=(3" ! o);

where (Xy;Yy) is the coordinate of node v. Thus, a node is able to composea
padket by lling in the leader selectionlevel, SQ_X;SQ_Y, and its id number.

Upon receiving a LEADER ELECTION packet, a node u can decidewhether
it is contained in the squareregion de ned by the padket's L, SQ_X and SQ_Y:
if

SQX 3 ¢ xy<(SQX+1) 3 I
SQY 3 ¢ y,<(SQY +1) 3 I

then u is in the region; otherwise, u is not.

In each round, eadh node v broadcastsits own LEADER _ELECTION padket
with [Cur _Level + 1; SQ_X;SQ.Y;id], if v hasnot heard of any Cur _Level + 1
LEADER _ELECTION padket with lower nodeid, or any Cur _Level+ 2 or higher
level LEADER ELECTION packet. When v broadcastsa padket, it also records
the level number and its own id in a local database.The root noder can Il in
a negative id number in r's broadcast padet to ensurethat it is electeda leader
in ead round. Since by default a node is a level 0 leader, the leader election
starts with level 1. A node u upon receiving a LEADER _[ELECTION packet pkt
will invoke Algorithm 2.

The if-block of Line 4 handlesthe casewhere v actively participates in the
leader selection process,since Cur _Level = L 1. The if-block of Line 10
is only for forwarding leader selection padkets for higher level election, since
Cur_Level < L 1 and v is aware of the fact that it cannot participate in
this leader election. The if-block of Line 17 handlesthe casewherev is already
a leader for a certain region while another node is attempting leader election.
Combined with Line 10 in Algorithm 2, the purposeof Line 17 is to suppress
such leader election requests.However, di erent policies can be consideredhere:
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Algorithm 2 A distributed protocol for constructing GIST.

if u is not contained in pkt's region then

2 u discards pkt;

3: end if

4: if u is contained in pkt's region, and u's Cur _Level is equalto L 1 then

5: if u's database has a record indexed by pkt's L and pkt's id eld is lower than
the record's id eld, or u doesnot have such a record yet then

6 Record pkt's L and id, and re-broadcast pkt;

7: else

8: u discards pkt;

9. end if

10: else if u is contained in pkt's region, and u's Cur _Level is smaller than L 1
then

11: if u's databasedoesnot have a record indexed by pkt's L, or u has such a record
and pkt's id eld is lower than the record's id eld then

12: u re-broadcast pkt and record L and id;
13: else

14: u discards pkt;

15:  end if

16: else if uis contained in pkt's region, and u's Cur _Level is larger than L 1 then

17: u broadcasts a LEADER _ELECTION packet with [Cur_Level +
1; SQ_X;SQ.Y;id];

18: end if

e.g., an old leader can allow a new leader to be electedif it decidesthat its
residual energy is not su cien t for reliable communication any more. The lo-
cal databaseusedfor recording level number and node id helpsin reducing the
broadcasttrac in the network.

Each node u keepsa timer with time out value . When u sendsout a
LEADER ELECTION padket attempting to be a level Cur _Level + 1 leader, u
starts the timer. When the timer res after , if no better leaderis detected,
u incremert its Cur_Level variable by 1, indicating that it is now a leader;
otherwise, u picks the node id indexed by Cur _Level + 1 in its databaseto be
its parent. After a node u has picked its parent, u sendsa register padket to the
parert.

Igorithm 2 ensuresthat at least one leader is elected within the contended
region in ead level. Note that there are seeral casesin which multiple leaders
may be electedfor the sameregion and samelevel:

{ The timeout value is too small for the broadcast padkets to reach all
destined nodes; or some broadcast packets are destroyed due to collision
while they are being forwarded. The value is thus a adjustable protocol
parameter.

{ If there are multiple connectednetwork componerts within the region for
which a leaderis to be elected, multiple leaderswill be elected.
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Note that the presenceof multiple leaderswithin the sameregion on the
samelevel, though it may have impact on the performance of the GIST, does
not a ect the correctnessof Algorithm 2. This is becausel) ead level i leaderis
able to promote itself to aleveli + 1 leader(possibly after timeout) and compete
in the next round for a level i + 2 leader, which eventually leadsto root r; 2)
ead node will have one and only one parent, dueto Line 5 of Algorithm 2.

The tie-breaking schemein the above processis basedon node ID. However,
other tie-breaking schemescan easily be adopted by putting extension elds
in the LEADER _ELECTION packet. For example, to elect leaderswith higher
residual energy an extension eld containing the residual energyreading can be
used.

5.2 Data aggregation with GIST

After a GIST T is constructed, the information sink r can broadcast queries
and collect data readings using T. This processis similar to most other data
aggregationschemes,e.g.,[31]. Due to spaceconstraints, we only give a brief de-
scription of the query distribution and data aggregationphase,and omit detailed
discussionsof protocol parameters.

In the query distribution phase,the root can senda query to its direct chil-
dren. Each direct child setsa timer of ,, (a function of the Epoch time) for
awaiting replies from its children, and includes this information in the query
passingdown the tree. The next level children will settheir own timer (smaller
than their parent) and passdown the query, and soon. The choice of timer ,
is related to the hop distance betweena child and its parent. In our scheme,
the region is divided into 9 smaller regionsin ead recursion. Consequetly, the
parent-child distance decreaseshy a factor of 3 eat time. Thus, the timeout
values for the leadersalong a query distribution path can be approximated by
a geometric seriesby S"d = ¢ parent ‘where0 < ¢ < 1. We omit the details
for selectingc here, and considerit in our future study. In the data aggregation
phase,ead intermediate node waits for the timeout, aggregatesall the received
data readings, and sendsthe packet to its parert.

5.3 Tree main tenance and Fault tolerance

We now consider the maintenance of a GIST in caseof node failures. We as-
sumean independert protocol for failure detection. For example, eat child can
ched the status of its parent using periodic ping messages!f a node u con-
cludes that its parent has failed, it sendsout a LEADER _[ELECTION padket
with [Cur_Level + 1;SQ_X;SQ.Y;id] to be a level Cur _Level + 1 leader. At
the same time, other children of the failed parent may also broadcast such
LEADER ELECTION padkets. Such operations can easily be handled by the
same procedure as in Algorithm 2. This is becauseAlgorithm 2, though pre-
serted in a synchronous fashion, is in fact an asyndronous protocol. Multiple

leaderscan appear in this process.However as we have discussedin preceeding
sections, the correctnessof the protocol is not a ected. Note that if a level i
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leader u failed, only the seweral leveli 1 leadersin the region where u resides
will initiate LEADER _ELECTION packets. Other nodesin that region only for-
ward such padkets (Line 10in Algorithm 2). In a similar manner, the operations
for new nodesjoining the tree can also be handled by Algorithm 2. This way,
our scheme can potentially be combined with activity scheduling protocols [6]
to achieve more energy savings.

In the data aggregationphase,fault tolerancecanbe achievedby constructing
two independert trees. Each time a node sendsits data reading, it sendstwo
copies. For fault tolerance in the data aggregation phase, we can adopt the
techniques of [31].

6 Exp erimental evaluation

In this section, we compare the performance of our GIST algorithm with MST
and SPT under the aggregationcost and aggregationdelay metrics as discussed
in Section 3. We simulate under two di erent settings: SNM (sensor network
model) and SRNM (sensorrelay network model). Recall that SNM models the
situation whereeat sensomode in the network is capableof sensing,aggregating
and transmitting; while in the SRNM model, the relay node is only capable of
forwarding tra c.

6.1 SNM performance evaluation

160

30
- GIST ——

MST -3t

Fig. 4. Aggregation cost with increas- Fig. 5. Aggregation delay with in-
ing network size under SNM model. creasing network size under SNM
Event sources are picked within a model. Event sources are picked
strip. within a strip.

In our simulations, the network topology is generatedby randomly distribut-
ing nodesin the deployment region. The density (averagenumber of neighbors
within a node'stransmissionrange), is around 10in ead experiment. In our rst
experimernts, we study the aggregation cost when the event sourcesare picked
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Fig. 6. Aggregation cost with increas- Fig. 7. Aggregation delay with in-

ing number of random sourcesunder creasing number of random sources

the SRNM model. 200 sensornodes. under the SRNM model. 200 sensor
nodes.

within a strip closeto the border of the sensordeployment region. This is useful
in applications where the sensornodes observingcommon phenomenaare along
a line, for examplewhen a group of intruders approacing the border in a battle
eld trigger the sensors.Figure 4 demonstratesthe result. In this simulation,
GIST performs better than SPT, which is better than MST. The reasonthat
GIST is better than SPT is becausewhen the evert sourcesare picked along a
line strip, alarge number of event sourcesmay traversenon-overlapping paths to
the sink, thus reducing the chancefor data aggregationin intermediate nodes.
Figure 5 illustrates the aggregation delay in this experiment, in which GIST
demonstratescloseto optimal (SPT) delay.

6.2 SRNM performance evaluation

In this section, we evaluate the performanceof GIST, MST and SPT under the
SRNM model, wherethe network consistsof sensornodesaswell asrelay nodes.
We simulate a network that consistsof 200 sensornodes,and a densenetwork of
relay nodes. The density is such that the probability that a underlying routing
path betweentwo sensomodescontaining another sensomode is small. This case
can be thought of asthe opposite of the SNM model, where the relay density is
0. In this model, the SPT overlay tree from the sensornodesto the sink exhibits
a star-lik e structure. Therefore, the aggregationin intermediate sensornodesis
minimal.

Figure 6 and Figure 7 illustrate the aggregationcost and delay in the exper-
iments with 10;20;::: ; or 80 random event sources.Note that the valuesin the
gures are calculated by normalizing the network deployment regionto a1 1
region. The aggregationcost (induced tree cost) of SPT is the worst amongthe
3 algorithms as expected, due to the lack of aggregation.MST and GIST both
have much better performancethan SPT. When the number of sourcesis small,
an induced aggregationtree of MST costsmore than that of GIST, becausesome
event sourcesmay traverselong routes to the root, as can be obsened in the
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aggregationdelay in Figure 7. When the number of random sourcesincreases,
such long paths may contain more and more other sourcesso that aggregation
can be performed.

7 Conclusion and future work

In this paper, we proposeda novel approac to data aggregationbasedon the
concept of group-independert spanning tree GIST, and show that suc a tree
can be found in polynomial time with O(log n) performanceguarantee. Speci -
cally, we have designedan algorithm for constructing an GIST for densesensor
networks such that for any group, the cost of the induced subtree of our GIST is
within a logarithmic factor of the optimal solution for the group. We have also
shown that traditional spanning tree algorithms MST and SPT are extremely
poor in the worst case.An important aspect of our GIST algorithm is its simplic-
ity and amenability to distributed implementation. We have presenied a protocol
for constructing and maintaining GIST and for performing data aggregationover
the tree.

Our algorithm for constructing GIST yields an overlay tree and assumes
an underlying routing mecanism. This assumption can limit the application
of our protocol. We proposean algorithm ( [22]) for constructing GRID _GIST
for grid sensornetworks that doesnot require an underlying routing service.In
this algorithm, ead edgeselectedinto the physical GRID _GIST tree hasto be
an existing edgein grid networks. Routing from any node in G to the root is
speci ed during tree contruction phase,thus eliminating the dependenceon an
underlying routing service as required by GIST. Sud physical trees on grids
can be useful for densely deployed sensornetworks. Due to spaceconstraints,
we presert our algorithm GRID _GIST in the full version [22]. One limitation
to the GRID _GIST scheme is that it assumesregularity of the network. An
important direction for future researt is to determine the best\ph ysical" GIST
for arbitrary network topologies.

In our simulations, we have studied two variants of the sensometwork model,
one consisting purely of sensornodes, and the other consisting of sensorsplaced
in a denserelay eld. Our simulations validate our theoretical work by demon-
strating that our GIST outperforms both MST and SPT. As part of our future
work, we will compare our scheme with other data aggregation schemsin this
literature in addition to MST and SPT.
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