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Abstract

This paper is concerned with reducing communication co$ismexecuting distributed user tasks in a sensor
network. We take a service-oriented abstraction of senstwarks, where a user task is composed of a set of data
processing modules (called services) with dependenciasininications in sensor networks consume significant
energy and introduce uncertainty in data fidelity due to Higterror rate. These constraints are abstracted as costs
on the communication graph. The goal is to place the servittkin the sensor network so that the communication
cost in performing the task is minimized. In addition, sittlee lifetime of a node, the quality of network links, and
the composition of the service graph may change over timegthality of the placement must be maintained in
the face of these dynamics. There exists a dynamic progragib@sed algorithm for finding the optimum solution
to the service placement problem. However, the algorithmasflexible, often requiring the entire solution be
recalculated in response to small, local changes. To asldhese challenges, we take a fresh look at what is
generally considered a simple but poor performance apprimacservice placement, namely the greedy algorithm.
We prove that a modified greedy algorithm is guaranteed te lcagt at most 8 times the optimum placement. In
fact, the guarantee is even stronger if there is a high degfrdata reduction in the service graph. The advantage
of the greedy placement strategy is that when there are @zaiges in the service graph or when a hosting node
fails, the repair only affects the placement of serviceg tepend on the changes. Simulations suggest that in
practice the greedy algorithm finds a low cost placementtheamore, the cost of repairing a greedy placement
decreases rapidly as a function of the proximity of the sewito be aggregated.

. INTRODUCTION

The possibly massive amounts of raw data and the large;stistebuted, resource constrained nature of
sensor networks motivate in-network processing thatlldistensor data within the network before sending
it to information consumers. A natural question to ask is mhe place data processing modules (herein
referred to aservices motivated by a service-oriented abstraction of the senstwork [1]), to achieve
good overall performance and to conserve resources. Thedover and usually mesh communication
substrate brings a unique perspective to this problem. Qamuation in sensor networks is usually
unreliable and costs a significant amount of energy, whichivaiies us to focus on reducing the cost
of communication in achieving a user task. We use the notfocost as a general abstraction here. It
captures a combination of energy, bandwidth, and relighbdloncerns.

This problem is made more challenging in the presence of s\atel links that are unreliable. The
network topology may change due to depleted batteries, feollee, or overcapacitated nodes. The cost
of communication may also change if nodes are mobile or @alplosely with an evolving environment.
In addition, the instantiation of services or the depenaenbetween services may change in situations
such as conditional monitoring. For many applicationstead of sending changes to a central location
that recomputes the optimum placement, it is desirabtepair the placements in the network using local
and distributed algorithms. An ideal service placemerdtsgry should be botbptimal in its placement
quality, andadaptable to changes in network and application topology.
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Fig. 1. An illustration of the service placement problem.

As shown in Figure 1, we consider a connected network of semsdes that are distributed in the
physical world. Each node can collect and process data dasasvebmmunicate with its neighbor nodes. A
node also serves as a router to relay network traffic. A userirdgaract with the entire network through
any node by, for example, sending queries and receiving enss\Wwhe communications have energy,
bandwidth and reliability constraints, which introduceastcfor using communication along an edge per
unit of data serit

A user task is made up of services. These services foiseraice composition graphonsisting of
services and directed acyclic communication links thateegnt dependency constraints. Some services
within a task must run on specific nodes. For instance, tdskiscobllect sensor data from a certain area
must run on a node capable of performing the required serfaimgion. These services are said to be
anchored Other services arftoatingand can be placed on any node in the network. The goal is to find
a service placemenfor floating nodes such that the total cost of running the tagkinimized.

This problem formulation encompasses many sensor netwgpkcations, where the data collected
by the sensors is viewed as streams, and user applicatiengparators applied on these streams. Since
sensor data is distributed, yet usually spatially clusteprocessing data near where it is collected can
significantly reduce the amount of data transmitted. In a@edatabase (e.g. Cougar [2] or TinyDB [3]),
streams of data are collected at each sensor. Databasdarpesach as MIN, MAX, and SUM can be
applied on these data streams in the network to answer useieguSince these operators can take an
arbitrary number of operands and return only one numbey, tha significantly reduce network traffic
when placed strategically along the paths that data aresdotat the end user. In macro-programming
paradigms such as regiment [4] and semantic streams [S§psatreams are hierarchically constructed
to inference high-level events and to trigger reactiongsthuser defined functions or inference units are
placed in the network for resource efficiency and timely oes@s. In this paper we only consider service
composition graphs that form a tree, where the sensors awedeand the end information consumer
is the root. Data only flows in one direction, from the sengorshe information consumer. Even with
these assumptions, the formulation still covers a wide eapigsensor network applications and can be
applicable to other systems beyond sensor networks, suahealsy networks, workflow management for
web service, and server farms.

A. Related Work

The operator placemenproblem, also called thenodule assignmerdr task embeddingroblem, for
distributed tasks with precedence constraints, is one efttassical distributed computing problems [6],
[7], [8], [9]. The problem shows up in many contexts such asriay networks [10], grid computing [11],
and streaming databases [12]. It has been show that thea@parator placement problem is NP-hard,
but polynomial time algorithms (e.g. based on dynamic pogning) exist when the service graph is a
tree [6].

We omit the cost of computation within a node.



The problem has recently gained increasing interests inosametwork communities due to the trend
of interacting with an entire sensor network as one entitpugh, for example, database queries [13],
[14], macroprogramming [4], [15], or service compositid], [[16]. While in the distributed computing
context, the goal of operator placement is to minimize leyethue to computation and communication,
in sensor networks, the energy constraints and relialfitgodes must be taken into consideration.

The notion of filters with selectivity rates has also beerdigd previously. The work of [14], [17]
considers optimum placement of filters with different sBléty rates so that the cost of execution and
communication is minimized. However, their model is basedtlee notion that filters operate over a
pre-existing aggregation tree and they exploit the freeddbme-ordering operators. Our work is different
in that the data flow tree represents a work flow that must beuted in a specific order and must form
an exact structure.

Finally, our approach involves finding a median in a distéslimanner as a subroutine. Distributed
algorithms for finding medians in general graphs [18] ancdre[19] have been developed. These
algorithms are designed to find a single median that has mimiraverage distance to every node in
the network. In our scenario, we are interested in finding aimmim median for a particular subset of
the nodes in the graph. One challenge tackled in this papereislesign of distributed algorithms that
conserve energy by leveraging the proximity of nodes begwyegated.

This paper is organized as follows. In section Il we formallfine the service placement problem
and outline a dynamic programming based optimum solutiah am in-network relaxation heuristic. In
section 1lI-A, we introduce the greedy placement algoritand show its performance bound for cases
where data reduction rate at each service is high. In seliti@) we propose a modified greedy algorithm
that can be used even when the data reduction rate does &y ghe conditions in section IlI-A.
Section IlI-C, describes how to implement the greedy athariin a distributed manner. We simulate and
compare the performance of these algorithms in section IV.

Il. SERVICE PLACEMENT PROBLEM

We formally define the service placement problem as follofws.underlying network is given as an
undirected communication grapghi = (V, E), whereV is the set of nodes anfl C V' x V' is the set
of edges connecting the nodeset w, on edgese € E be the weight on the edge, i.e., the cost of
communicating one unit of data across the edge.Leind v be two nodes,., is the sum of the
weights on the shortest path fromto v in G.

We are also given a service graph in the form of a rootedfree (O, L) whereO is a set of services,
and L C O x O is the directed dependency links among the services. Thatis(q, p) € L represents
that the outputs of servicgfeed into the input of service. We denoteR the root of the tree, and, the
(direct) children services qi. For eachl € L, d; represents the amount of data communicated onlilink
and d;, the total amount of data fed into noge That isd;, = > ., d(,;). The total data to be shipped

out of p will be calledd; andr, = Z—P denotes the data reduction rate at seryicelefined as the data
out of p divided by the data from all children into.

We further make the following assumptions:

« The communication graph is connected.

« Only leaf servicess and the root servic® are anchored in the communication graph. This assumption
simplifies the problem but does not exclude situations whereterior node of the service graph is
anchored, since we can consider that this interior sergi¢kd root of a subproblem and then merge
subproblem solutions together. Merging is possible bexgl@cements below an anchored service
are independent of the placements above it.

2To make presentation clear, we call elements of the commatioit graphnodesand edgesand elements of the service graph are called
servicesand links.



« The edge weights in the communication graph satisfy trexmggquality and are symmetric (that is,
W(uw)y = w(v,u))'

« The computation cost is ignored. In particular, we assureectimputational power on each node is
sufficient to host the entire user task. That is, we do nottcaimsthe capacity of the nodes, and can
place multiple services on the same node.

Definition 1: Service Placement Problem Find an onto functionf : O — V satisfying anchor

assumptions and such that
Z Z Alyp) = W (a).F ) Q)

pel qeCly

is minimized, wherd is the set of interior services in the service tree includimgroot, i.e = O — S.
We refer to the value of equation (1) as the cost of placerfieiitp) the host ofp, and f* the function
f that minimizes equation (1).

A. Optimum Dynamic Programming Algorithm

When the service graph is a tree, a polynomial-time algarifor optimum placement exists. In fact,
the problem can be solved using dynamic programming.

Define functionC'(p, u) on serviceg € O and nodes. € V' to be the minimum possible communication
cost of routing all descendants pfto nodewu. For every leaf service € S anchored at node in the
communication graph, defin€'(s,v) = 0; and C(s,u) = oo if u # v. Then, the functionC' can be
computed recursively using the following equation:

C(pv U) = Z miner(w(a/‘,u)d(q,p) + C(Qv IL‘))

qeCp

After computingC(p,u), Vp € O,u € V, define the mag* with the set of paire € O,u € V used
in the recursive unfolding of’(R, vz ), where the root service is anchored at negie Then, f* is the
optimal placement. This algorithm has running ti@é/V|?|O|). Although it finds the optimum quickly,
it has two problems.

1) The algorithm is centralized. It requires the precisevidedge of all-pair shortest paths.

2) The algorithm is global. A change of weights in the commgation graph or a change in the
topology or data rates of the service graph could potenttaljger an entire recalculation for the
function C.

B. An In-Network Relaxation Algorithm

When the total knowledge of the underlying network is ungleasearches have suggested relaxation-
based placement heuristics. Relaxation can be centrabygedbstracting the communication costs among
the nodes into values in a metric space [10]; or it can be taoik [13]. In an in-network relaxation
scheme, based on an initial placement, a service hosting loadlly decides whether placing the service
on a neighbor node can reduce the overall cost, assumingnéhather services are moving at the same
time. A local migration usually will have a chain effect thaggers up-stream or down-stream services
to migrate. The placement tree iterates through these kdjakstment and tries to settle at a minimum
total cost.

Relaxation-based algorithms are extremely simple andtagadhey can also handle cases where the
service composition graph is not a tree. However, the qualitthe placement highly depends on the
initial placement of the services, since it can easily fatbilocal minima when the communication costs
on edges are not uniform or when the network topology is ut@g(e.g. with holes).



(a) A service tree. (b) A communication graph topology.

Fig. 2. An service placement scenario shows that the greldyment can be arbitrarily bad without data reduction.

[Il. ADISTRIBUTED GREEDY ALGORITHM

One of the key challenges of service placement in sensoronksws the ability to adapt to changes
in the communication and service graphs. In this sectiondexelop the a modified greedy placement
algorithm and a decentralized adaptation strategy to repgreedy placement. The algorithm is simple
and efficient and has proven guarantees on performancedlegmof the number of nodes in the network
and the complexity of the service composition tree. We fiestatibe a straightforward greedy approach.
We then build upon the greedy algorithm with a simple, yetpually crucial, modification. This section
ends with a description of a distributed repair strategyhef inodified greedy algorithm.

A. The Greedy Algorithm

We now present at)(|V| - |O|) greedy heuristic that places services hierarchically.dgmh service,
if f(q) is defined for all childrery of p, then assigm to node

u=argmin{ > dig Wiz}

q€Cyp

Since placement of each service only depends on the plateshés children, the greedy algorithm
has the potential to be easily distributed and local changéise service tree only affect the assignment
of its ancestors.

However, the greedy algorithm can be arbitrarily more gositian the optimum solution. Figure 2
shows a binary tree service composition graph (a) that isetplaced on a communication graph (b),
where the weights of communication are labeled on the edges is an arbitrarily small number. The
leaf nodesoi and the rootr are anchored to the corresponding network node with the dabs. The
optimum placement routes the data inward, i.e. each selviassigned to the node in the communication
graph with the same name. The greedy algorithm, on the othrad,assigns all the nodes outward, until
reachinga i, and then routes the message all the way back inward to therroo

Let 0 < h < H be the depth of a service in the tree with = 0, the amount of data sent out from
each leaf bel, and the data reduction rate at each intermediate node Bleen the optimum assignment
has cost

H H
CF = Z 2h(27,)H—h _ 2H Z (T)H_h
h=1 h=1



while the cost of greedy assignment is

H
C = 2h(2T)H—h(2H—h+l 2H H—h 2H h+1 1)

2 Z
Obviously, if r > 1/2, thenC/C* — 0o as H — oo, WhICh indicates that the greedy algorithm can
provide a solution with cost that is arbitrarily worse th&we bptimum. However, it is also interesting to
observe that i < 1/2, C'//C* < co. In particular, forr = 1/4, C'//C* < 2. That is, for this example, when
the data reduction rate is/4, the greedy algorithm is at most twice as bad as the optimw@oephent.
We will now show that this is true for any problem instance.

We define the following notation:

. D, are the descendants pf(excluding bothp and the leaf nodes).

« ¢(p) is the cost of routing data from the direct children nodgso this nodep in the greedy algorithm.
In other words, for functionf defined by the greedy algorithma(p) = >_ . dig.pW(r(a).70)-
Similarly, ¢*(p) is the cost for the optimum placement.

« Recall thatdo is the total data to be shippemlit of p and the total data fed intp is ..

« Recallr, = * is the data reduction rate at servige

o Ty (With ¢ bemg a descendant @j is the set of service nodes along the path freto ¢, including
q but notp. If p = ¢ then the set is empty.

. |, is the cardinality of the set,,, i.e. the number of edges betweemndp in the tree. Ifp = ¢
the length is zero.

o« Tpy = Hh@r r, IS the data reduction rate along the path frgnto p, again includingg but not
including p. il p = q the product over the empty set is

« 7*(p) is the optimum cost of routing a total data amodpfrom leaves t in the optimum solution.
The total amount of data is distributed among the leavesartigmal to the real traffic. Precisely,
v (p) = ZqE(DpUp) TpaC"(q).

By definition, for each node, the greedy algorithm picks a placement that minimizes & of
sending dataZ; from p’s child nodes to. So, the cost(p) should be no greater than the cost of shipping
the data from eacly € C, along the greedy assignment path all the way back to the ledés) then
along the optimum path according f6(p). This implies the following inequality:

c(p) <7 (P) + D ogcl)- 2)

Using this inequality, we can derive the following lemma.
Lemma 1:For each node, the greedy placement cost and the optimum placement ctsfiesa

cp) < Y 2™l (g) 3)
q€(DpUp)

The proof is given in Appendix A.
Applying this lemma recursively, the cost of the entire tige

C(T) =) clp)

pel

< Z Z 2|7rpq| *

pel ge(DpUp)

< Z Z TqPQ\qu\C* (p)

pel qe(mrpUR)



If all data reduction rates are the same vaRie

<Z Z 2R ‘qu‘ * )

pel qe (ﬂ'RPUR)

(2R)Im=el+2 — 1
< £
Z Sy )
pel

So, we have the following theorem.

Theorem 1:For a tree service placement problem, if the data reducta at every service satisfies
r < R <1/2, then

1
C(T) < — RC*(T).
In particular, if R = 1/4, we haveC(T) < 2C*(T'). This result is independent of the size of the
communication graph and the height of the service tree.

B. The Modified Greedy Placement Algorithm

When the data reduction rate is greater than or equal2othe result from Theorem 1 does not apply.
In this situation, we can cluster the original service trad mtroduce “super-services” that have stronger
data reduction rates. We then perform the greedy assignabgortithm on the modified service tree.

In particular, given a service tréé = (O, L) and a desired data reduction rdtewe create a modified
treeT’ = (O', L') by applying the following graph transformation:

1. Initialize O’ = {s|s € S}, L' =
2. For each servicg € O with CI' c O’
— If r, < R: Add p to O’, add links frong to p into the setl/. Deletep from O. Herng are
the children ofp in T'.
— Otherwise, ifr, > R: For eachc € C'', remove link(c,p) from L and add link(c, q), whereq
is p’s parent inT'. Deletep from O. Redeflnedj] =d, —d)+ Zcec;{ d andr, =
3. If O contains onlyS andR, end. Otherwise, go to Step 2.

The new tre€l” thus created will have all the leaves ©f and all the data reduction rates less than
R. We can then perform the greedy placement aIgorithnﬂTor

Theorem 2:The optimum tree for routing” costs at mostﬁ times the optimum tree for routing.
Precisely,C*(T") < £C*(T).

Proof: Take the original service treg. For all nodes inO — O', give the node a data reduction rate
of 1 and call this treel". Clearly, C*(T) < <& (T) since the data rate at any node is increased by at most
. Now, any solution forl’ can be used foT’ to get the same total communication cost. [ |

Theorem 3:For R = 1/4, the Modified Greedy Algorithm solution foF', C/(T'), has cost at most
S8OPT. Precisely,C(T) < 8C*(T).

Applying the greedy algorithm t@”, C(1") < = 2RC*(T’) Combining with theorem 2C(7") <
= O (T). Furthermore((T) < C/(T"), because we can rouf using cost at most/(7”) by placing
aII excluded services at the host for the included serviosadt along the path to the root. We choose

= 1/4 to minimize & 2R2, giving an approximation o8. Again, this guarantee is independent of the
helght of the tree.

dy”



Fig. 3. A limited range flooding from three child nodes.

C. Distributed Implementation of Greedy

In situations of node, link, or service changes, an exisplagement may no longer be valid. The goal
of this section is to describe an efficient way to find a new giaent for a service, and all services that
depend on it, in a distributed manner such that the commtioicaost of the new placement has the
same performance guarantee as that of the modified greedsitafg. We consider the situation where
there is a change in a single service placement. The chargeidesis one component in a larger service
graph that has already been placed. The change may come limmotle that is hosting the service or
from a change in the structure of the service tree itself.

A brute force implementation when servigehanges is for every child gfto flood the entire network.
Each flooding sets up the gradient of cost to the particuldd clode. To replace the servige every node
computes the total cost if it were to be the median forp&l children. Then, a leader election process
can be performed to choose the median with minimum total ddss process would need to be repeated
for every ancestor op.

We now show how, when the child services are proximate, theianecan be found without flooding
the entire network. The more closely located the set of raiisli the less flooding is needed to find the
minimum cost median. For many sensor network applicatisibding services are proximate since usually
the users are interested in data that is relatively local.

The general idea of the algorithm is to flood some small arearar the siblings untisome median
is found (not necessarily the minimum cost median). Thea,ftund median is used to limit the search
space for the optimum median. Figure 3 shows a limited ramgelihg emanating from three child nodes
A, B, andC, represented by the stars. The circles are flooding ranges &ach child node with cost
less thanC'4, Cp, and C¢ respectively.D is a node where the three flooding ranges intersect. It may
not be the minimum cost median, but the minimum cost medidhb&i within the union of the three
flooding ranges, since each node, likg that is outside the union will introduce total cost greatean
Ca + Cp + C¢ (the cost of choosind to be the median).

In the following algorithm, we assume that the nodes areoresy time synchronized. We denote
the children, siblings, and parent of a servicavith F, and call the hosts of services, the immediate
relativesof p. A slight abuse of notation, we assume sendfiig,) in a message includes the ID numbers
of the immediate relatives gf along with information about which host holds which servi{semilarly



for ;). We assume that i is hosted at nodeé, the broadcast distances to the immediate relatives of
p are known toh. If this assumption cannot be made, then the ID numbers ofntimeediate relatives
are known and can be used to determine distances using sdatidaibuted algorithms such as doubling
broadcast distance until the requested node responds.d&eassume that when a message is sent from
some location, it will first be received by a node along a gsirpath. It is assumed that all nodes know
«, a parameter of the algorithm that is used as the initialezaulimited cost flooding.

The algorithm performs in two stages: a limited cost locabdiog from each children to find an
initial median and a flooding to the union of the first floodingne to find the optimal median. The
algorithm is defined byt states. Each state has an event that triggers entry intatdles some activity
that the node performs while in the state, and an event tiggetrs exit from the state. Note that the
states are not exclusive, that is, a node can be in more thestates at the same time. In addition, there
areb types of messages that nodes might send during the courbe afgorithm. Where applicable, the
recipient and sender of the message is indicated using @mogde ID numbers. Theew Host(p, h, f(F},))
message indicates that servipewith immediate relativesf(£#),), has a new host with ID numbér.
Regardless of the state, a node hosting seryitkat receives aew Host(p, h, empty) message sends
anewHost(p, h, f(F,)) message td and deleteg from the set of services it hosts. Upon receipt of a
new Host message, all nodes update the new service location if tbenwaition is relevant for the services
it hosts. To prevent the description from becoming cumbaesave have omitted details that can either
be inferred or implemented using standard techniques.e€eTdetails include the precise content of the
messages and the manner of calculating distance to a naug aishessage received from that node.

INITIATE STATE

Entry Event: A change in the network occurs requiring a new placement viiceg.

Activity: Choose arbitrary chilp € C, with host f(p). SendnewHost(p, h, f(F,)) message tof (p)
and f(q) with h = f(p) and f(F,) empty. Essentially, this message tells the node hogtitmmove the
servicep from itself to itself in order to initiate the greedy algdmm.

Exit Event: SendnewHost message.

LEAD STATE

Entry Event: A newHost(p, h, f(F,)) message is received and the new host ID matches my own ID,
f(F,) is not empty, andg is not the root of the service graph.

Activity:

1) Setq to be the parent op in the service graph.

2) Broadcastnitiate(self,q, f(C,)) message to hosts df,.

3) Upon first receipt of anedianValue(v,idinessage, set equal to the time elapsed between entrance
into the leader state until the current moment. WaitFer additional time steps to pass. Choosing
the medianV alue message with the smallest and setf(q) (the new host fog) to be theid from
this message. Send messagev Host(q, f(q), empty) to nodes inf(F),).

Exit Event: SendnewHost message.

FLOOD STATE

Entry Event: Receiveinitiate(p, q, f(C,)) message, where my I is in f(C,).

Activity: Set.J = «. J is a cost bound on the reach of the message such that the raegidue received
by nodew iff w, .)dj, < J.

LOOP: Broadcast &lood,qqius(J, p, q, f(C,)) message. If @erminate(q) message is not received within
given timeout, let/ = ¢(J) where g is monotonically increasing i/, and return to LOOP (perform
another bounded depth flooding).



Exit Event: Receiveterminate(q) message.

SEARCH STATE
Entry Event: Receiveflood,q4ius(J, p, ¢, f(C,)) message.
Activity:
1) Retransmit anyflood,ion(union, p,q, f(C,),v) message received.
2) If receive flood, 4gius OF flood,ni., Messages from all hosts of servigés
« If the all messages arflood,.q4;,s Messages, sertdrminate(q) message to all nodesC,).
« Computev = {the cost of hosting myself}.
« Computev* = {the smallest from amongstand any median value received in afi§pod..,.ion
message so far
o SendmedianV alue(v, sel f) message to the leadgriff v < v*
« Send flood,ion(union, p, q, f(C,),v*) messages to all neighbors.
Exit Event:. Send flood,,.;., messages to all neighbors.

Consider the distributed algorithm at work in the examptanfrFigure 3. Noder" will soon run out
of batteries and the servigeit is hosting must be placed at a different node. Nddehooses to assign
leadership to nodé3, becauses is hostingg € C,, an arbitrarily chosen child gf. Leader node3 sends
a message to the hosts @$ children, A, B, and(, telling them to initiating their flooding. When node
D hears fromA, B, andC, it sends them all aerminate message to stop their flooding processes.
computes the cost of hostingitself, and sends this value to leader nadeNode D also forwards its
median value and distances A9 B, andC on to its neighbors so that the gradients will continue toagro
into the union space. Similarly, all of the nodes inside theon space will forward the gradients within
the union while they are waiting for the gradient from allldhén of p. Once all gradients are received,
they too will compute the cost of hostingthemselves and send the cost of hostintpemselves to the
leader B in a medianV alue message if it is a better host thdn Once B receives the median value
message fromD, it expects to hear from other nodes in the union withitimes the amount of time
elapsed so far since weights are symmetrical. Ledlehooses a host fgr that has minimum cost, say
node K and sends this decision to the hosts of the immediate retatiq so that they can update their
information, including the old host site far(node F"). Node £ fills in information about the hosts df,
and retransmits this messageAoso that/K has all the information it needs to properly hpstNow K
is the leader of a new median search for a node to host thetpairen unlessp is the root.

For each service placed in this procesg|C,| bounded depth floodings are needed. If this amount of
flooding is still too expensive and the optimality of the smo can be further relaxed, we can use the
first median found (nodé in the example from Figure 3 as an approximation to the minmnmedian.
In fact, we can improve the algorithm by using time varyingoflong. That is, the forwarding of the
bounded depth flooding message is delayed at each node fioopbto the amount of data transmitted
along the incoming link. That is, at nodedelayT" = 7d;w,,,y wherev is the node that first forwarded
the message to andr is a parameter of the algorithm. In this way, the node wheedltdoding messages
meet is closer to services sending more data. To see thateédeamfound in this way can only be an
approximation rather than the optimum, consider a node twth children. The minimum cost median
should be placed at the child that is sending out more datn(évthe child sends only slightly more
data). However, the first median found is somewhere betweenwo children.
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Fig. 4. Examples of network topologies used in the simufatio

IV. SIMULATIONS

We evaluate both the placement and adaptation costs of geelgmalgorithm through simulation. The
placement cost is the value of the placement given by equétipfrom section Il, and the adaptation cost
is the amount of energy expended in adapting the placemtataathange or failure in the network. We
use four kinds network topology: perturbed grid, perturgead with a hole, random topology, and random
topology with a hole. Figure 4 shows examples of these tape$o In a square region of 1000x1000,
various numbers of sensors are deployed. The communiceditge of each node is chosen uniformly
from [0.5¢, 1.5¢], where¢ is a parameter to control different network densities. Thst ©n the edges
are uniformly distributed in [10, 15]. The root of the sewitree is always set at the bottom left corner
of the network, i.e., at coordinate (0, 0).

A. Placement Cost

We use two set of examples to study placement performandeeirsimulations: a sparse tree that is
inspired by a parking garage application, and a regional datlection tree inspired by TinyDB. In the
first example, we compare the greedy placement results iloptimum placement and the in-network
relaxation based placement from section II-B.

1) Sparse service treeWe place 64 nodes in the field and pigk= 100. We use a service graph
as shown in Figure 5(a) as a representative for a class aflbditgd event detection applications. This
particular graph is inspired by the parking garage scesangl] and [20]. Assume that a set of wireless
webcams are installed in a parking structure. A set of sen®g. break beams or RFID readers, labeled
as 51,..55 in the figure) are deployed near the entrance that detecti¢se$6) and identify (service
ST) incoming vehicles. Based on the driver's parking ‘ prefee a set of cameras§ and S9) near



the desired parking place are cued. Images are pieced &vgstrviceS10) and open slots are counted
(serviceS11). The locations of the open spots are returned to a dispkyite S12).

(a) Original service tree. (b) Modified service tree.

Fig. 5. A service tree example inspired by a parking garageaio.

The output data rate from each sensor and service is labelatieolinks. The data reduction rates
rs¢ = 1/5, rs7 = 10, rg10 = 5/21, andrgy; = 1/50. Mapping to the sensor network layout, we assume
S1, ..., S5 are near (700, 700); camesasand .S9 are near (900, 100), and the root servit® is at the
origin (0,0). Note that not all data reduction rates are kbs® 1/4. We convert the service graph into
the one shown in Figure 5(b) using the modified greedy algarit

Figure 6 shows an example of the final result from differemicpment algorithms. In this assignment
Cgreedy/copt = 1.11, Cmodified/copt = 1.02, and Crelax/copt = 2.19.

greedy

(a) Optimum placement. (b) Greedy placement

modified greedy relaxation
900 . — T S 1000
SN !

-100

(c) Modified greedy placement. (d) In-network relaxation after 30 iterations.
Fig. 6. Examples of placement results under different dlgms.
To collect performance statistics, we run each algorithnBarrandomly generated networks in each

topology category and compute the ratio of the total costr akie optimal cost. Figure 7 shows the
statistics of the results. Each network topology is showa separate subfigure. The min, median, and



max ratio are plotted. In all these examples, the modifie@dyglacement performs better than greedy

placement, which is better than in-network relaxation.
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Fig. 7. Statistics for the cost ratio between different ptaent algorithms and the optimum placement.
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(d) Random topology with a hole.

2) Data aggregation: The next set of experiments test the greedy placement #igoiin data ag-
gregation applications. The network is set up similar touFég4(a) and a base station is placed at the
bottom left corner. The tasks are aggregation queries, aadilAX, computed over a subset of sensor
inputs. We compare the performance of greedy placementTiiyDB [3] like aggregation trees, which
we call TAG trees. A TAG tree is built without prior knowledgé what sensor data will be collected.
An aggregator, like MAX, is placed at every node on a predaeiteed routing tree built using the surge
routing protocol. Since these aggregators can take an arbitrary number ofsigmd produce only one
output with the same data type, their data reduction rataledbe inverse of the number of children the
node has in the TAG tree.

In these data aggregation scenarios, the optimum placeoieggregators is a minimum-cost Steiner
tree, which is a well studied NP-hard problem [21]. In thiste®, we apply the greedy placement
algorithm to ann-ary balanced tree. We compare our placement cost with teeafoa TAG tree. By
using ann-ary tree, we effectively create aggregation services wita reduction raté /n.

In particular, given a network oV nodes in a square field, we seleat= |v/N| nodes as source
sensors. We place these sources “evenly” along the argeda line (from upper left to lower right),
so that we give the greedy algorithm enough space (i.e. tipereqght half of the field) to make sub-
optimal choices. To achieve this effect, we divide the fielhianm x m grid, and select one sensor from
every anti-diagonal grid. We run 32 experiments for eAth- 64, 128, 256, and 512 under a perturbed
grid topology. In each configuration we vary the data redurctiate R (i.e. the branching factor in the
aggregation tree) to be 2, 4, 6, and 8.

3e.g. from TinyOS (http://www.tinyos.net)
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Fig. 8. Statistics on the ratio between the greedy algoritiost on an x-ary tree and the cost when using a predefinechgotige.

Figure 8 plots the ratios between the cost of the greedy ifthgorplacement on trees with varying
branching factors and the cost of placement using a predefiA& tree. In almost all cases, the greedy
placement performs better than the TAG tree. The result tssogprising, since by breaking up the
aggregator, we have created a specific tree for the specitfiof stata sources. A notable exception is
in Figure 8(a) with group size 8. Since there are only 8 datacgs in the configuration, by building a
8-ary tree, we are not doing any in-network aggregation.

B. Adaptation Cost

In this section, we evaluate the performance of our distedbigreedy algorithm and, in particular, the
effectiveness of using bounded depth flooding to find the mimh cost weighted median. There are three
key metrics to evaluate: the flooding zone union, the numbenalianV alue messages sent, and the
quality of the initial median. The flooding zone union is definas the number of nodes reached in the
flooding processes, or, the number of nodes that enter th&REIEASTATE. The smaller this zone, the less
energy and network traffic is spent forwarding flooding mgesaThe number ofiedianV alue messages
sent is the number of nodes in the flooding zone union that base smaller than the cost of the first
median found at the intersection of the individual floodirmges. A node only sends its median value to
the leader node if it is less than the median value foundaiiytiTherefore, the fewer the number of nodes
that would cost less than the initial median, the fewerdianV alue messages will be sent. Reducing
the number ofnedianV alue messages conserves valuable energy and communicatiargesoFinally,
the quality of the initial median is defined as the ratio b&twéhe minimum cost median and cost of the
initial median found. The better the quality of the initiakdian, the more promise there is in using it as
a substitute for the optimum median when communicationuess are severely constrained.

We run the simulation in networks withl12 nodes randomly scattered in a physical space of size
1000 x 1000. In a square region of siz#0 x 200 at the center of the space, we randomly place a number
of child services who need to find a host for their parent ndtéese children are in the center of the space
so that the flooding process can reach a large number of noitlesuivhitting the edge of the network.
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All children services have the same amount of outgoing dBit@ number of children is a simulation
parameter, chosen frof8,4,5}. We run 32 simulations for each parameter.

Figure 9 shows the size of the flooding zone union under @ifferuns. The X-axis is the total length
of the communication paths from child hosts to the chosemmiahnost. This is used to measure the
closeness of the child hosts. The smaller this number, teecithe child hosts are, and thus the smaller
the flooding zone union should be. The unweighted medianatestserves as a lower bound on the amount
of communication that must be expended in finding this med&suming the only way to determine
distances is through direct communication between no@&sge the flooding zones stop growing when
all children gradients intersect, the more children, thgda the flooding zone union tends to be. The
significant reduction in the size of the flooding zone uniothasproximity of the children nodes increases,
emphasizes that the performance of the distributed grelgdyitam is dependent on the proximity of the
children nodes.

Figure 10(a) shows a histogram @ simulations, bucketed according to the numberetlianV alue
messages in the simulation. In the majority of the simuregjdess thari0 nodes had a cost that was
smaller than the cost of the initial median. Less thé&hof the simulations had more thalié nodes send
medianValue messages. Out of a totabd? nodes, this shows a significant reduction in communication
and processing costs as a result of the low cost of the imtedian. Figure 10(b) shows the distribution
of the cost ratio between the optimum median and the initiadlian. In the majority of the simulations,
the ratio is more thar%, with about% of the simulations resulting in an optimum median that is enor
than .9 the initial value. Although there is still more to understasbout the full implications of using
the initial median in place of the optimum, these resultsaatd that this option has real potential.

It should be pointed out that sometimes the objectives ofimiing the flooding zone union and
minimizing the cost of the initial median are in conflict. Hastance, it is often the case that setting the
individual flooding radii to be the same for all nodes, indegent of the amount of outgoing data at that
node, will result in a smaller union flooding zone but will irase the value of the initial median found.
Further exploration into the tradeoffs between these twirioseand their relative importance in various
application scenarios is an interesting direction for fetwork.
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V. CONCLUSION

In this paper we studied the performance bound for a modifiegdy algorithm for service tree
placement and proposed a distributed scheme to adapt tomedwd service tree changes. We recommend
using the the optimum dynamic programming solution whernnddirmation is centralized, the network is
relatively stable, or initially when a task is deployed. Wibe network is dynamic, the greedy algorithm
is a fast, simple, distributed, and efficient (thus, “goodlfernative with both provable guarantees and
easy adaptivity.

The simulations in section IV-A.2 suggest that performainceroves when the routing tree is defined
based on knowledge about the modules to be aggregated. Alsl Wweuexpected, tailoring the routing
to the specific user task leads to significant reductions grggnconsumption. This motivates further
exploration into the possibility of a new paradigm in whiduting structures are defined in the network,
in real time, and can evolve, adapt, and change as the taskndtdhanges.

APPENDIX

A. We now prove Lemma 1 from section IlI-A using induction.
Proof: Base Case: By definition of greedy placemeris) < ¢*(p) for nodes directly above the
leaves.
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