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Abstract mate goal is to collect the data (either the raw data or in-
In this paper, we focus on designing ef cient query of top- network-processed data or both) from a set of targeted wire-
k data produced by sensor nodes in a wireless sensor networkess sensors to some sink nodes and then perform some fur-
(WSN). Although ef cient topk query has been extensively ther analysis at sink nodes. For example, since the energy-
studied in the database community, surprisingly, littesswa comsumption of all wireless nodes in a WSN may be not
known about the ef cient togequery in WSNs. Assume that  balanced such that some nodes will run out of power soon
we are given a connected WSN of diamédeconsisting of while others still have enough power. In this case, we have to
nodes with maximum node degrBe Two different network  supplement the batteries for the nodes with lowest remginin
models will be studied. In the rst model, each node holds a power in order to prolong the life time of the whole WSN.
numeric element, the goal is to determine the kapmallest ~ Clearly, if we can quickly nd the wireless nodes with low-
of these elements. In the second model, theramaobjects ~ est remaining power, we can replace the batteries for them
L, each node; holds a numeric valug; (vi) for each object  effectively. Another important application in agriculéeuus-
Lj 2 L, the goal is to nd thek objects with thek smallest ~ ing WSNs is to monitor the light level of different area insid
aggregated valueigsj(v1);sj(v2);  ;Sj(vn)), wheref is an a forest at different time. This is a typical tdgapplications
aggregation function given in advance. We propose both de-in WSNs since the sink only needs to know the location of
lay ef cient and message ef cient methods for conducting several area with highest light levels at different time of a
topk queries in both models. Then we study the minimum day.
delay and messages required by any distributed method for In numerous applications, gathering the required data
topk queries in both models. Our analysis shows that our within a certain delay is critical for the success adoptién o
methods are almost optimal. We conducted extensive ex-the WSNs. We often need to support queries formed in a
periments in testbed, and simulations to study the prdctica SQL-like language. It is envisioned that the sink node is-
performances of our methods. sues queries regarding the data collected by some target sen
Keywords sors, and.the sensors collaboratively generate an accurate
Wireless networks, tofequery, aggregation, scheduling. or approximate response. Numerous protocols have been
} proposed and adopted to improve the energy ef ciency of
1 Introduction WSNs. However, only a few of them concentrated on the en-
Wireless sensor networks (WSNs) have been widely usedergy ef ciency in gathering data, especially, the topuery
to collect the data, monitor the environment in a more ef - studied in this paper. In this paper, we design ef cient kop-
cient and convenient way due to the low cost, low power- query methods with small delay, small energy consumption,
consumption and easy deployment of wireless sensor nodesand study some fundamental complexities for variouskop-
Thus, a critical issue in WSNs is to get thequired (mon- queries in wireless sensor networks.
itored) data from sensor node$ciently and quickly. For Designing ef cient topk queries has been widely stud-
sensor networks, ef ciency often is measured by the energy jed in the database community [1, 4, 6,7, 9, 20, 22, 29, 30].
cost of performing a certain task since the sensors are of-One of the most practically ef cient algorithms for answer-
ten powered by batteries only. For WSNs, often the ulti- ing topk queries over sorted lists is the Threshold Algo-
rithm (TA) [13]. Based on TA, many algorithms have been
proposed for togk query in both centralized and distributed
manner. Surprisingly, only a few results [27, 34, 35] have
been proposed to deal with tdpgueries in distributed net-
works, or wireless sensor networks. In this paper, two types
o . _ _ of topk queries will be studied.
Permission to make digital or hard copies of all or part o thork for personal or . .
classroom use is granted without fee provided that copiesiarmade or distributed The rst type focuses on the scenario that the data items
for pro t or commercial advantage and that copies bear tbiice and the full citation collected by each sensor node are treated as different data,
e ;g;ﬁf}ggpTrf;fggggtgggm;g;e;;;[ﬁ“a;g;m‘ms ortoredistribute \yhich is called as “single object model”. . We assume that
the data itemg\ hold by nodey; and the data item&; hold



by nodev; are disjoint. HereA could be the temperature,
moisture or photo values collected by naglduring a period
of time. The topk query is then to nd the togk rankedk

The rest of the paper is organized as follows. In Section
2, we present our network model, and de ne the problems
to be studied in this paper. We study the toguery with

items. The second type focuses on the scenario that the dataingle-object model in Section 3 and with multiple-objects
items collected by different sensor nodes can be treated asnodel in Section 4 respectively. Our experimental studies
different measurements of same objects. In this model, weare reported in Section 5. We review the related works in

assume that there are objectsL = fLi;Ly; ;Lmg. The

Section 6 and conclude the paper in Section 7.

value of an object is an aggregation of the observed valuesy  preliminaries and Problem Formulation

of all sensors for this object. We call this type as “multiple
objects model”. The top-query is then to nd the topk
rankedk items whose aggregated observed value arethe
smallest. For example, to monitor the average light level of
an area (deployed with a group of wireless light sensors) at
different time is another important application in the agh

ture area. Generally, each light sensor is set to sampl®phot
value with some time intervake(g. 20 minutes) in order

to save the energy-consumption. Assume each light senso

sampled 6 times during last two hours and the sink node want

to know the top-2 average photo values and time of the mon-
itored area. Clearly, in this scenario, we hawe 6 objects

and the value of each object is equal to the average value of®

the summation of all photo values from all deployed sensor
nodes at the same sample time.

To the best of our knowledge, we are the rst to study
energy ef cient and minimal delay topguery for WSNs, to
present lower bounds on the minimum number of messages
and minimum delay, required for these two types of kop-
queries byanydistributed methods for multihop WSNs. The
main contributions of this paper are as follows.

For single object model, we present ef cient randomized
algorithms for topk queries. One algorithm will nd topk
elements in expected tin@® D+ Dlogy k+ k) for any wire-
less sensor networt with diameterD, maximum degree
D, and each wireless node has at mpst O(1) different
data items. We show that any randomized distributed algo-
rithm needs at lea$i{ D logp k+ k) time slots to nd the top-

k data items and any deterministic algorithm needs at least

WD+ Dlogp k+ K) time slots to nd the topk data items.
Thus our method is almost optimum.

We also propose distributed tdpguery method that in-
curs small message overhead. We analytically prove that
our method costs at mo&(min(n+ kng;n+ nc(k+ logne) +
kD)) messages to nd the tokitems. We further show that
there is a networls of n nodes and data placement on nodes,
such thaMkD + n) messages are required by any methods
(deterministic or randomized) to compute tk¢h smallest
element inG.

For multiple objects model, assume that thererarif-
ferent objects. We design ef cient deterministic distitiéd
methods that will nd thek objects whose aggregated val-
ues are togk ranked. Our methods will answer the t&p-
queries inO(D + mD) time slots, and(mn) messages. We
show that any deterministic distributed t&muery method
in this model need®(D + mD) time slots, andd(mn) mes-
sages. Thus, our method is asymptotically optimum in terms
of both message cost and time delay.

We studied the practical performances of our methods by
extensive simulations and testbed experiments. Our experi
mental results veri ed our theoretical results.

2.1 Wireless Sensor Network Model

In this paper, we mainly focus on designing ef cient
methods for, and study the complexities of, foguery in
wireless sensor networks. We assume a simple and gen-
eral enough model that is widely used in the community.
We assume that there ane+ 1 wireless sensor nod&s=
fvo;vi;ve;  ;vng deployed in a certain geographic region,

P/vherevo is the sink node. Each wireless sensor node cor-

responds to a vertex in a grafhand two vertices are con-
nected if and only if their corresponding sensor nodes can
communicate directly. The graph is called thecommuni-
ation graphof this sensor network. We assume that links
are “reliable”: when a nodg sends some data to a neigh-
boring nodevj, the total message cost is only 1, although in
practice node; may need re-transmit several times. When
sensor nodes transmit at a xed power, we assume that there
is a xed integerr such that a transmitting node causes
interference at a node(that is receiving data from another
send another sendey if the hop distance betweerandw is

at mostr . For example, in the literature, it is often assumed
thatr = 2 or 3.

In some of the results, we further assume that the wire-
less sensor networ is growth-bounded by a polynomial
functiong. Here a networkG is growth-bounded by, if
for every nodev and any integer, any setS of nodes that
are independent and withirhops ofv has size at mosj(*).

For simplicity, leta;(G) (i.e., g(i) for growth-bounded by
functiong()) denote the maximum number of independent
nodes withini-hops of a node is. Almost all wireless sen-

sor networks studied are growth-bounded. For example, it
is often assumed that all sensor nodes have a communica-
tion ranger and two nodes andv can communicate directly

if ku vk r. The communication grap@ is then aUnit

Disk Grapi{UDG). UDG is growth-bounded by a function
99 = (2x+ 1)2.

Lethg(vi;vj) be the hop number of the minimum hop path
connecting; andv; in graphG, andD(G) be the diameter of
the graphj.e., D(G) = max;y; ha(vi;Vj). Here, we assume
thatD(G) 2. If D(G) = 1, then the grapi® is simply a
completed graph and all questions studied in this paper can
either be trivial or have been solved [15-17]. For a gréph
we denote its maximum degree BEG). When each node
vi hasn; data items, we de ne the weighted degree, denoted
asdy (G), of a nodev; in graphG asn; + évj;\,ivjze nj. The
maximum weighted degree of a grafsh denoted asE)(G),
is de ned as maydy, (G).

Each wireless node has an ability to monitor the environ-
ment, and collect some data (such as temperature), where
A; denotes all data items collected by noge We assume
that one packet.@¢., message) can contain one data il®m



the node ID, plus additional constant number of hits, the
packet size is at the order @(logn+ logU), whereU is
the upper-bound on values af. Such a restriction on the

sor nodes can be treated as different measurements of same
objects. In this model, we assume that there rardata
objectsL = fLi;Lp; ;Lmg. Each wireless sensor node

message size is realistic and needed, otherwise a single conv; 2 V will have a measuremersj(v;) for the objectL;.
vergecast would suf ce to accumulate all data items to the In other words, each wireless node2 V will have a vec-

sink which will subsequently solve the problems easily. We tor s(vi) = [ s1(Vi); S2(vi);

;Sm(vi)].  Assume that there

consider a TDMA MAC schedule and assume that one time- is an aggregation functiori such that for object;, its

slot duration allows transmission of exactly one packet.

We assume that wireless sensor nodes will not dynami- f(sj(v1);sj(v2);

aggregated observed valuelenoted adj, is de ned as
;Sj(Vn)). Here we assume that the aggre-

cally adjust its transmission power based on the node with gation functionf is distributive and symmetric. A function
which it will communicate. We also assume that when the f is said to bedistributiveif for every pair of disjoint data

sensor node is in idle state (not transmitting, not recgivin

setsXy; Xo, we havef (X1 [ X2) = h(f(Xy); f(X2)) for some

its energy consumption is negligible. Since we assume thatfunctionh. For example, whelf is sum thenh can be set as
the TDMA MAC is used, the activity cycles for sensor nodes sum when f is count h is sum Assume that we are given
are assumed to be synchronized, and for any time slot, noan aggregation functiof that can be expressed as the com-

sensor nodes will be listening for transmissions if it is not bination ofq distributive functiongy:(), g2(),

» 9q(), for

scheduled to receive data packets. Thus, minimizing the en-some integer constagti.e.,

ergy consumption (either total energy consumption or maxi-
mum energy consumed by individual nodes) is equivalent to

minimizing the number of messages sent.

f(X) = h(g1(X); 92(X); 1 9q(X)):
For example, wherf is average thenq = 2, g; can be set

For data queries in WSNs, we often need build a spanningassum g, can be set asount(obviously bothg; andg; are

treeT of the communication grap@ rst for pushing down
gueries and propagating back the intermediate resulterGiv
atreeT, letH(T) denote the height of the tree.

2.2 Problems and Complexities

distributive) andh can be set ab(y1;y2) = y1=y». Here-
after, we assume that an algebraic functibris given in
formulah(g1(X);92(X);  ;9q(X)) by providing functions
h(), g(), forl i qg. Thus, instead of computinf, we

We will mainly study the time complexity and message Can just computg; = gi(X) distributively fori 2 [1;q] and

complexity of distributed toge query in multihop wireless

networks. The complexity measures we use to evaluate the

h(yi;¥2;  ;Yq) at the sink node.
When v; does not have a measurement for the ob-

performance of a given protocol are worst-case measuresject Lj, we usesj(v) = 0 to denote this ands; will

Themessage complexjtyf a protocol is de ned as the max-

imum number of total messages by all nodes, over all inputs, f(sj(V1);sj(V2);

i.e., over all possible wireless networks of n nodes (and
possibly with additional requirement of having diameer
and/or maximum nodal degré&® and all possible data dis-
tributions of A overV. Thetime complexitys de ned as the

not participate in the nal aggregation of the value
;Sj(vn)). In other words, the aggrega-
tion function f(sj(v1);sj(v2);  ;sj(vn)) has value same as
f(sj(va); ;sj(vi 1);Sj(Vir1); ;Sj(vn)). The topk query

is then to nd the topk rankedk items whose aggregated
value are thé& smallest under a ranking functio) .

elapsed time from the time when the rst message was sent2.3 Connected Dominating Set

to the time when the last message was received. |dier
boundon a complexity measure is the minimum complexity
required byall protocols that answer the queries correctly.
We now formally de ne two topk query problems.
Single Object Modet The rst type focuses on the sce-

Our results are based on some connected dominating set
(CDS) of the original communication gragh The CDS
used has a bounded degeand bounded hop spanning ra-
tio. Here a subgrapH of G is a connected dominating set
if (1) graphH is connected, and (2) the set of verticedbf

nario that the data items collected by different sensor sode is adominating seti.e., for every nodev 2 GnH, there is

are treated as different.
A= faj;ap; ;angis a totally ordered multi-set dfl el-
ements collected by afi nodes. HereN is the cardinality
of setA. Each nodes; hasn; amount of raw data, denoted
asA; A Clearly, for topk query, we only need focus on
N . SinceA is a multi-set, we assum&\ Aj = 0 and
A= "L;A ThenhAj;Ay; ;A is called a distribution of
A at sites ofV. The topk query is then to nd the tope
rankedk items (fork < N=2) under a certain ranking func-
tion r(). Here we assume that, given any two data items
anda;j, we can compare the rank@&;) andr(a;) in constant
time. For example, the value ofa;) could be just equal to
a; in some simply cases or equal to the varianca @f some
other cases. For simplicity of analysis, we assyfp= p
for everyv;.

Multiple Objects Model: The second type focuses on

In this model, we assume thata neighboring node@ 2 H, i.e, uv2 G. A subgraphH of

G has a bounded spanning ratio if for every pair of nodes
andv in H, the distance (hop or weighted distance) of the
shortest path connectingandv in H is at most a constant
times of the distance of the shortest path connecting them in
the original graplG.

We construct a dominating set as follows [2, 3]: First, us-
ing the sink node as a root, we build a breadth- rst-spanning
tree (BFS) of the original communication gra@h We then
select a set of dominators &f as follows. Each nodeg has
arank( (v);i), where (v;) is thelevelof nodey; in the BFS
tree,i.e. the hop-distance to the root. The rank of a ngde
is smaller than the rank of a noggif (1) “(vi) <" (v;), or
(2) “(vi)= “(vj) andi < j. Then we mark the root of BFS
as adominatorand mark all neighbors of the root @ as
dominateesWe repeat the following steps till all nodes are

the scenario that the data items collected by different sen-marked either as a dominator or as a dominatee:



1. a nodev is marked aslominatorif it has the smallest
rank among all unmarked nodes;
2. mark allunmarkecdheighbors of in G asdominatee
This procedure will give us a set of dominators. Clearly,
each dominatee node has at magtG) dominators among
its neighbors inG. Herea1(G) is the maximum number of

g(2+ r) dominator nodes within 2 r hops ofu. Then itis
easy to show thgt(e)j g(2+r) D(G). O

All our methods will be based ogata clustering: given
a good CDS, for a node2 V n\, it sends the data items to
its dominatord(v) in a TDMA manner.
LEMMA 3. Given agoodCDS of the graph G, data cluster-

independent nodes that are one-hop neighbors of some nodég can be done in time @(G)):

in G. For UDG grapha;(UDG) 5.

We then build a CDSC(G), as follows: for each dom-
inator nodev, we connect/ to a nodex that is the parent
node ofv in the BFS tree. Such nodess calledconnec-
tor node between two dominatoussandv. Then for each
connector node we conneck to a neighbor node that is a
dominator, say, with the smallest level. For a grajgh let
C(G) =(Vc; Ec) be the CDS constructed using this method.
We omit the symboG when it is clear from context.

ProOFE We use the communication trédeto do data clus-
tering. For a node 2 V nVc, assume that the edgel(v)

interferes with an edged(u). Then dominator node(u) is
within hop-distance at most2r from d(v). Thus, givenv,
there are at mogj(2+ r) such dominator nodef{u). The

total number of data items of all nodessuch thatud(u)
interferes withvd(v) is at mostg(2+ r) D(G) = Q(D(G)).
Hence, every such edggd(vi) can be scheduled to trans-

In the rest of the paper, we assume that such CDS hagMit N times inQ(D(G)) time-slots using a simple greedy

been constructed in advance. ldgt(u) denote the degree of
nodeu in a graphH. The proof of the following lemma is
omitted due to space limit.

LEMMA 1. For each connector node ucg)(u) ai(G).
For each dominator node v,cg;)(v)  az(G). When G is
UDG, the degree of each dominator nodedris at most19
and the degree of each connector nod€iis at mostb.

In addition, for every node w, in the CDS, the hop dis-
tance from yto the root r is at mos®™ (v;).

NoticeVcz V. For a noder 2 \, let Tc be a BFS tree
of C. For a noder2 V nV¢, we de ne a unique dominator,
denoted agl(v), which is the one having the shortest hop
distance to the sinlg. Then our topk query is based on the
following data communication tree (DCT).

DEFINITION 1 (DATA COMMUNICATION TREE (DCT)).

coloring method that colors the nodes sequentially usieg th
smallest available color. Recall that hexas the number of
data items hold by node. O

After data clustering, all data elements are clusterdgin
In other words, each nodgin the connected dominating set
now will have data from all nodes dominated\gy The data
clustering asymptotically does not incur additional cast f
time complexity and message complexity wherr O(1).
Notice that the total number of messages for data clustering
is évi 6% n;.
3 Single-Object Model

In this section, we study the tdpquery for the single-
object model (SO). For simplicity, we assun#gj = p for
every nodev;. We further de new = minf p;kg. We will
both present ef cient algorithms to minimize the latency, o

For a wireless sensor network G and its CDS, the data com- minimize the number of messages communicated, and give

munication tree TG) = (V;Ey) is dened as follows:
T=(V;Ec[f vd(V)jv2 VnVcg). Here K is the set of
edges in the CDE(G), vd(v) denotes the edge between v
and d\v).

Given data communication trde= ( V; Et), an aggregate
operation consists of (possibly repeated) two phaspsoa

agationphase where the query demands are pushed downworks.

into the sensor network along the tree; andaggregation

lower bounds on the latency and communication cost of any
topk query methods under this model for multihop WSNSs.

3.1 Time Complexity
3.1.1 Delay Ef cient Methods

We rst present our method (Algorithm 1) for distributed
topk query in growth-bounded multihop wireless sensor net-
In our method, we rst collect local tok-data
items among the dominatee nodes to corresponding domina-

phase where the aggregated values are propagated up froror nodes, then we will run the distributed selection method
the children to their parents. We discuss some properties of(Algorithm 2) over the CDS to nd thé&-th ranked data item.

the data communication tree.

THEOREM 2. Let G be a growth-bounded network by a
function d), andC be the constructed CDS graph on G. The
data communication tree(G) has following properties:

1. D(T¢) is at most a constartt= a»(G) = g(2).

2. For any edge @ Er, let I(e) be the set of edges infE
that have interferences with e, thgie)j] ¢ D(G) for
some constant ¢ dependingon

PROOFE The rst property directly comes from the property
of the CDSC.

For any edge= uv2 Er, eitheru or v will be in C based
on our construction. Assume thap V(C). For all edgesy
having interferences with, both end nodez andy should
be within hop-distance 2 r from u. Notice that one of the

This selection method has time complex@{Dlogp N) in
wired communication model. When taking interference into
account, its time complexity is stilD(Dlogp k) when the
wireless networks have the growth-bounded property and the
interference only happens withhops. Finally, the sink node
distributes thek-th smallest data iteray to all the wireless
nodes and tojx-data items can be collected by returning all
the data items which is larger thagp from each wireless
node.

In Algorithm 2, getRndElementsinRangewill nd t
random elements from data items of all wireless sensor
nodes, in the range ¢t ;U). ProcedureountElementsin-
Rang€((a; b]) is an aggregation function that will count the
total number of elements; in the range ofa;b] (i.e, a<

nodes ofx andy is a dominator node. Then there are at most @ b) among all wireless nodes. This counting function can



Algorithm 1 Distributed Topk Query With Low Latency
Output: topk data items.

1: Constructa CDS with bounded degrkas in subsection

2.3. Then construct the BFS trég of the CDSC.

Data Clustering: Each dominator collects the local top-

k data items among all its dominatee nodes within time

O(wD) when we consider the interferences. Here each

nodev; has pdata items, wherer= min(p; k).

. Rank Selection Using BFS tred¢, we run randomized
Algorithm 2, witht = 8| D for a constant > 1 to nd
thek-th smallest data iterag using only nodes and links
from the CDSj.e., only nodes in CDS will participate.

: Sink node broadcastg to all the wireless nodes in CDS.

. Collect all the data items which are larger thanfrom
all wireless nodes, which can be done in tiDg + D).

2:

N

Algorithm 2 Random Data SelectidRDSt; k)

1L ¥;U ¥;phase O;

2: repeat

31 X L;x+1 U;phase phase 1;

4:  fxq;::%g  getRndElementsinRangét; (L;U))
5. fori=1;:::;tinsequedo

6: ri = countElementsinRangé(x 1;xi])

7. ifxp6 ¥ then

8: rr r+1

9 ] mingyy 1;:::;t+1g<";1==1ri >k

100k k &L;r

11: if k6 0andj6 1lthen

12: k k+1

13: until rj tork=10

14: if k= Othen

15:  returnx;

16: else

17:  fxq;::1,%0 = getElementsinRang€[x; 1;Xj]);
18:  returnxy

clearly be done using: messages and in tin@(D) since
countingis a distributive function. We then show that our
method will nish in certain time-slots with high probaliiji
(w.h.p.

Assume that the BFS trek: of the CDS has been con-
structed in advance. The procedwgetRndElementsin-
Rang€L;U) will be implemented as follows. For each node
vin the CDS, let(v) be the total number of data items stored
in v (including its own data items and data collected from
its dominatee nodes), that are in the rafggJ). First for
each node, we get a counting on the total number, denoted
asn(v), of data items in the rang@.;U) from the subtree
rooted atv. This clearly can be done by simple aggrega-
tion functionsumwith n. number of messages aiddelay.
Then the root nodgy knows the total number of data items
n(vo) in the ranggL;U). The root randomly chooségan-
domintegers, sap1 < p2< < p, inrang€gl;n(vp)]. Let
po = 0. These integerp;, 1 i t denote the sorted or-
der of the random data items {b;U) to be picked from all
nodes. We then implement another procedatenRndEle-

mentsinRang€vo; [p1; p2;  ; ptl) as follows:

1. Lets= 1. Whileps c(Vp), lets= s+ 1. We randomly
picks 1 dataitems inrang@;U) from nodevp.
Letu;, up, , ug be thed children nodes ofyg in
the BFS treeTc. For each childy;,, nd I(i) and

r(i) such thatc(vp) + éij:lln(uj') < Py < P+ <

2.

< Py Vo) + &'-1n(uj). Let Q= c(vo) +
élj:]in(l.lj), Q=P Q 2=pEp1r Q
Oy 16)+1 = Py Q. We then callfetchRndEle-

mentsinRange(ui; [q1;d2; ;G 1)+ 1]) to getr(i)

I(i)+ 1 random data items from the subtree rooted at
It is easy to show that we will nd random items and each
data items in rangf_;U) will be selected with equal proba-
bility. The total messages used by the above approach to get
t random elements is at modtr. The time delay is at most
O(t + D) when we let nodes report the selected data items in
sequel.
LEMMA 4. For any growth-bounded wireless networks, the
k-th smallest data item can be found with delay at most
O(D + Dlogp k) in Line 3 of Algorithm Iw.h.p.
PrOOFE Let n; denote the size of CDS constructed in Al-
gorithm 1. Then the total number of data items contained
in all dominators isnck before Line 3 runs. This is be-
cause when data are collected to the dominators (after Line
2 is done), every dominator maintains the set of localkop-
data items from its dominatees and itself. As proved in [19],
nding the k-th smallest data item will co$d(D logp(nck))
round$ of communicationsv.h.p i.e., O(Dlogp(nck)) time-
slotsw.h.p since (1) each dominator node contains at most
k data items, and (2) each round is composet of g(2)
timeslots because the maximum degree in CD§(® for
growth-bounded networts. Notice that here; denotes the
total number of nodes in CDS.

For multihop WSNs modeled by a growth-bounded net-
work G using a functiorg() . the size of the minimum domi-
nating set (MDS) is g(D). Itis easy to show that the size of
the connected dominating set found by our method is at most
29(1) times of the MDS. Thug). 29(1) g(D). Therefore,

O(Dlogp(nck))  O(Dlogp(k  29(1)g(D)))= O(D+ Dlogp K);

because() is a polynomial. This nishes the proof.(]
Observe thaD(D + Dlogp k) = O(Dlogp k) whenk =

WD). For simplicity, we will useDlogpk to denote

dDlogp ke. ThenO(D + Dlogp k) = O(Dlogp K).

THEOREM 5. Algorithm 1 can nd the top-k data items in

expected time @QvD+ Dlogp k+ K).

PrROOF This lemma follows from the time complexity anal-

ysis for each phase as follows: (1) the data clustering step

has time complexit@Q(wD); (2) the rank selection step will

1In wired networks, a round is the time-duration such thaegi
any nodeu, each of the neighboring nodes of the nadean send
one message to. Clearly, in wireless networks, such communi-
cations cannot be nished in one time-slot. For arbitraryeléss
sensor networks, such communications need at IBgS) time-
slots. Since we run thRank Selectionon top of the CDS struc-
ture, such communications can be nished in at mg&) time-
slots when network§ is growth-bounded by a functiag() . Recall
thatD(C(G)) 9(2) in this case.



costO(D + Dlogp k) time-slotsw.h.pbased on Lemma 4;
(3) the broadcast step co$p¢D) time slots to broadcask;
(4) the last step costS(D + k) time slots to collect the real
topk data items to sink node since we can collect these
items in parallel without interference,g.thek items can be
transmitted one by one. This nishes the proof.

Note that, we can derandomize our algorithm as in [19] to
nd a deterministic topk query algorithm. The proof of the
following theorem is a simple combination of a proof similar

to Theorem 5 and the proof of Theorem 4.4 of [19].
THEOREM 6. There is a deterministic algorithm that can
nd the top-k data items in time @D+ D(logp K)? + K).
3.1.2 Lower Bound on Query Latency

In this subsection, we will give a lower bound on the time
complexity for any topk query method in multihop WSNs.
LEMMA 7. For anyD, there exists a wireless network with
maximum degre® such thatany deterministic algorithm
needs at leadD time slots to compute the top-k set.
PROOFE Given anyD > 1, we construct a simple star net-
work with D+ 1 nodes such that all oth& nodes are lo-

domized) needs at lead(D + Dlogy k+ K) time slots to nd
the top-k data items.
PROOF The time complexity of nding the topedata items
for a wireless network is at least as expensive as that of
nding the k-th smallest data item in a corresponding wired
network (by assuming that no interferences exist among all
transmission links). For wired networks, it was proved in
[19] that anyk-th selection method need¥(D + Dlogy k)
time-slots. Thus, any tog-query algorithm for WSNs needs
at leastW{D + Dlogp k) time-slots. In addition, no matter
what method is implemented, we need to spend at &8st
time slots in collecting the real topdata items with sizé
to the sink. This nishes the proof.J

Based on Lemma 7, we know that for aDythere exists
a wireless network with maximum degr&esuch that any
deterministic algorithm needs at le@ime slots to compute
the topk set. Thus, we have
THEOREM 9. There are multihop WSNs and data distribu-
tions such that any deterministic distributed method needs
at leastW{D+ Dlogp k+ k) timeslots to nd the top-k data

cated in the transmission range of the sink. We then proveltems.

that for any deterministic algorithm, there always exists a
data placement such that every node needs to be actve (

Thus, when each node has oy O(1) data items, the
time-slots needed by our method matches the lower bound of

send a message to sink) at least once during the computatio"y deterministic algorithm. It remains an interestingsjue
for the topk set. Since we study deterministic distributed al- 10N to close the gap between the lower bounds and upper
gorithms here, all sensor nodes will have a uniform method Pounds for deterministic algorithms wher= O(k), and to

in determining their actions (whether to send a message, if "d @ possibly better lower bounds for randomized algo-
send then send what message) based on the messages thB§IMS by proving a better lower bound needed by any ran-
received historically and its own data. Without loss of ge- 90mized algorithm in data collection phase.

niality, assume we have a binary functibx;; m; M; 1) for

any deterministic algorithm whesgdenotes the data located
at theith node,m denotes the message received from the
sink node at timé, M; 1 denotes all historical messages re-
ceived from the sink node upto tinte 1, each node de-

3.2 Message Complexity
3.2.1 Message Ef cient Methods
In this section, we propose two algorithms in order to
minimize the number of messages incurred for kagpaery.
Here we include both the data messages and the control mes-

cides whether to be active or not according to the value of sages. The rst one is called Breadth First Searching tree

f(xi;m;M; 1), e.g, the node will send message to sink if
f(xi;m; M; 1) = 1, or keep silent otherwise.
In the initial phase, without receiving any information

Based Algorithm (BFS-BA) which is shown in Algorithm 3.
The second method (Algorithm 4) is similar as Algorithm
1 except that we need to seis some constant instead of

from the other nodes, the sink will send some xed message Q(D). We denote 2nd method as DS-BA, which stands for
my to all the other nodes. There are two possible cases weData Selection Based Algorithm. By further analysis onrthei

need to consider:

1. there are innite number of values such that
f(a;my;0) = 1, we may sex; such thatf (x;;mg;0) = 1
for every nodey;. In this case, alh nodes will send
message to the sink node.

2. there are innite number of values such that
f(a;m;0) = 0. In this case, we se% such that
f(x;my;0) = O for every nodey;. The algorithm gets no
information and must send another messageéé my
under some xed rules (otherwise, the sink will never
get any information).

Thus, as long as for some messaye there exists enough
asuch thatf (a;m;M; 1) = 1, we setx; = afor every node.

message costs, we choose the better one depending on the
value ofk.

We rst study BFS-BA. The basic idea of BFS-BA is sim-
ple: We rst construct a BFS tree of the CIISrooted at sink
nodevg. Each dominator nodg 2 C will collect the local
topk data items from all its dominatees using one of the two
methods: (1) dominatee nodes directly report its data;to
or (2) v; uses the binary search to nd theth ranked data
item and all dominatee nodes report the data items smaller
than this one. Then for each noug if it has received lo-
cal topk items from all its children nodes iR, it sends the
aggregated tof-items to the sink (choosing the tdgtems
among its own data and received data). Finally, we return the

Therefore, every node needs to be active at least once undetopk items computed by sink node as desired kaget.

our data placement. Obviously, we need at |€s$ine slots
to nish all the data collection due to the interference. §hi
nishes the proof. O

THEOREM 8. There are multihop WSNs and data distribu-
tions such that any distributed method (deterministic ar-ra

THEOREM 10. Given a wireless network G with n nodes
(each with p data items) and diameter D, Algorithm 3
costs at mostn+ 3nck) messages to nd the top-k items.
PROOF For a dominator node;, to nd the local topk
data items of its dominatee nodes, it will cogd(v;) mes-



Algorithm 3 BFS-BA

Input :BFS treeTc of C rooted at sink nodgy. Each node
with  pitems. NetworkG with maximum degre®.
Output: topk data items.

1: Data Cluster: Each dominator nodg in C nds the
topk data items among data items stored ind{y;)
dominatee nodes.

If pd(vi) k, each dominatee node simply reports its
local topk items tov;. Otherwisey; applies Algorithm

2 to nd the rankedk items among data items stored in
its d(v;) dominatee nodes. Then local t&gtems are
reported tov;.

2: for each node; in C do

3:  If nodev; has received local togitems from each of

its children nodes i, it sends the aggregated t&p-
items, by choosing the tokitems among its own data
items and received local tdpitems from each of its

children nodes, to its parent node.

4: Return the togk items computed by sink nodeg.

sages using direct reporting far= min(p;k), or will cost
log(wd(v;)) + k< 2k+ logD messages using binary search

sincew kandd(v;) D. Thus, in total, step 1 costs at
mosté?ﬁlmin(2k+ logd(vi); pd(vi)) 2kn.+ n messages.

Obviously, each node o@ then needs to transmit at mdst

data items. Then the total number of messages transmitted at

step 2 is at mogtck by all nodes. O
We then present DS-BA, a selection based kajpiery.
Our method will rst nd the kth smallest data item, sa,

Since the number of links in the tree spanning the nodes of
CDSisnc 1, andin eachround every node needs to send at
mostt = 8dl messages, we get an upper bound on the num-
ber of messages sent in rank selection phasgl 18g,4(nck),
w.h.p Furthermore, we need at moS(kD) messages to
collect the real togk data items from all nodes. Thus, the
number of messages (both data messages and control mes-
sages) used by Algorithm 4 is, by setting 8| d, at most
min(n+ 2kng; wn) + 3ncdlogy(kne) + kD, w.h.p O

LEMMA 12. Variable phasetakes at mosBlogyN rounds
w.h.p, when the k-th smallest data item is found by using

Algorithm 2 with t= 8dl . )
PROOF. First, we compute an upper bound on the probabil-
ity that after any phasethe wanted element is in a frac-
tion of size at Ieasc% times the size of the fraction after
phasd 1 for a suitable constaeti.e, n® ¢2¢ pli 1),

Heren( is the size of the all data items we have to check
to nd the kth smallest data before the phdsstarts. No-

ticen® = N. Letfaj;a; ;a9 be the sorted list of the

n() data items that we will check for thkth smallest ele-
ment in phasé+ 1. The probability that none of the= dI
randomly selected elements isfisk;ax: 1; B gloge )9 1
clogdy8id. same argument holds for data items

;8 1,9. Thus,

at most(1
f & clogd n)=2’

4) clogd 8¢

4cl logd.
o d 2e :

nt D21

; logd
p ()
rn C d

Whenn()  c%¢ n(i D the phased is called success-

ful; otherwise it is calledailed. Clearly, we need at most

using selection and then let each node in CDS report its data'oQC]O%d N successful phases to nd ttketh smallest element.

items larger thay.

Algorithm 4 DS-BA

Input: A CDS with bounded node degree A control pa-

rameted 2.

Output: topk data items.
1: Data Cluster: As in Algorithm 3, each dominator col-

lects the local togk data items among its dominatees.

2: Rank Selection Then thek-th smallest data iteray is
found using only the CDS nodes by running randomized
Algorithm 2, witht = 8dl for a constant > 1.

. Sink node broadcastg to all nodes in CDS.

. Collect the topk data items by letting each node in CDS
report its data items that are larger tregn

LEMMA 11. Given a wireless network G with n nodes
(each with p data items) and diameter D, Algorithm 4 (by
setting t= 8dl ) can nd the top-k data items with at most
min(n + 2kne;wn) + 3ncdlogy(nck) + kD messagesv.h.p
where ry is the number of nodes in CDS.

PROOF First, in data cluster phase of Algorithm 4 (Line 1),
it costs mirfn+ 2kn;wn) messages to nd the local tdp-
data items for all the dominators. Then we will prove in
Lemma 12 that the rank selection (Line 2 in Algorithm 4)
takes at most 3lqnck) phases (variablghases de ned in
Algorithm 2) w.h.p when thek-th smallest number is found.

By settingc = %, less tharS= 2logy N successful phases
are required to nd thek-th smallest number based on the
following inequality:

= <
Iogc'o%dN 2log 2N < 2logyN

(cr5a)
A phasei will fail with probability at mostp = 2e 4 logd,
Then amon@Sphases, the probability that we have less than

Ssuccessful phasesd,, at Ieast%SfaiIed phases) is at most
3 1.3

3
5S
2 _dl ) =

1
n

NI= NI

i 3 i 1
P p2s! p2zS  (

S

[NTS

This holds becausel 4;% In6e> | Ind for c = % and
d 2, Hencew.h.p Algorithm 2 terminates after less than
3logy N phases whenh= dl . Each phase will cost at most
2 8l dn; messages. This nishes the proofd

To minimize the number of messages, we maytsas$
some constang.g. t= 16l , in our DS-BA. Thus, we have
THEOREM 13. When gk (w 1)n=2, the message cost

of Algorithm 4 is at most wh 3nclog(kng) + kD.
Assume that each node hpglata items initially. Recall

thatw = min(p;k). By combining the results in Theorem
10 and Theorem 13, our optimal decision between the above
two algorithms can be made as follows:

1. Whenwn> n+ 2nck, we use BFS-BA.

2. Whenwn n+ 2nck,



(a) iflogne > k, we choose BFS-BA. 4.1.1 Data Aggregation Based Algorithm
(b) iflogn; k, we choose DS-BA. The main idea of our rst method, named as Data Ag-
3.2.2 Lower Bound on Messages gregation Based Algorithm(DA-BA), is as follows. We rst
Instead of studying the lower bound of message complex- construct a CDS, and every dominatpiaggregates the lo-
ity directly, we wiil study data selection problem rst, and Cal score of each objedt from v; and all its dominatees.
the lower bound for our top-query problem will immedi- In thg secpnd ph.ase, the sink node aggregates gll the data
ately follow after our discussion on data selection problem Ccontained in dominators along BFS tree of CDS. Finally, the
Our lower bound on message complexity is based on the re-Sink node locally computes the tdpset based on these ag-
sult on two-party model. For two nodes connected by a link, gregated_data. Refert_o Algorithm 5 for details. We will show
each withN=2 data, nding the median neeg(logN) mes- that the time complexity of DA-BA is of ordgd(D + mD).
sages; or generally, tHeth smallest elemenk(< N=2) can
be found using)(logk) messages. In [19], Kuhet al. stud- Algorithm 5 Ef cient Data Aggregation Based Algorithm
ied the lower bound of the time complexity for the selection nput: A CDSC, a distributive functiort.
problem in wired r!etworks. _ _  Output: topk objects.
Results by [19] mplythqt the_re is awireless networkwith 1. ¢4+ each dominator node do
n nodes and data distribution in these nodes, such that, for ,.  £o; the set of dominatee nodes of the node

anytopk query methodynlogk) messages are neededt0 ~  ha |ocal value of one object; from all its
compute the togk data items. Here we give a better lower dominatee nodes araggregatedto vi. In other
bound on message complexity for tlgruery in any general words, every dominator node; will compute

wireless network.

f(sj(vi);si(vi1);si(vi2);  ;Sj(Vig) where viq de-
THEOREM 14. For any wireless network G with n nodes (8j(v1):8j(Viza):  (vi2) j (Vi) i

notes thegth dominatee node of nodg, andd; de-

and diameter D, for any top-k query method, when®(D), notes the number of dominatees belonging; taNo-
there exists a data placement such that at Ie@(ﬂbk) mes- tice that this aggregation can be doneQ(D) time-
sages are needed to compute the top-k data items. slots for each object.

PROOF. Based on the de nition of diametd, we can al- 3: Now we only consider the dominator nodes and the
ways nd a pa|r_of nodesy andv, such that the hop distance breadth- rst-search spanning trde of nodes in CDS
between them is at leaBt. We randomly place half of the (with nodesVc) rooted at the sinko.

topk data items om and another half of the tofitems on - fort= 1toD do

v. We easily obtain that at lea®{ Dk) messages are needed for each node; 2 Vc do

to jus'g collect the topk items, regardless of Whgre the sink . For each object ;, if nodev; has received aggre-
node is. When each node can store uptdata items and gated data from all its children nodesTig, it sends
k< D, we can place data items on every node on the short- the aggregated valué(sj(vi); fi1; fio:  ; fiq) tO
est path fronu to v. We randomly place tog-data items on its parent node, wher&;lq is the ag'gregatéd value

a s

these nodes. Simple calculation shows that the theoreim stil nodev; received from itg-th children node inlc.
holds. [ o _ Here ifv; is a connector itself, it will not pusj(vi)
node need send at least one message. In summary, we get before.

the following lower bound on the total number of messages 7. after received all information from all dominator nodes,
needed bynydeterministic togk query method. the sink node computes the témbjects by choosing the
THEOREM 15. For any wireless network G with n nodes k objects with the smallest aggregated observed value.

and diameter D, for any top-k query method, there exists
a data placement such that ameterministictop-k query .
method needs at leagfn+ Dk) messages. THEOREM 17. DA-BA (Algorithm 5) performs top-k query
In the previous analysis of lower-bound, we essentially in O(D+ mD) time slots with @mn) messages.

present lower-bounds using the diameleof the network. =~ PROOF. We rst show that Algorithm 5 cost©(D + mD)
We make the following conjecture on the message complex-time slots. For simplicity o_f analysis, we rst study a basic
ity of any topk query algorithm, for any general network. case whem= 1, e.g.there is only one object. The rst step
CONJECTURE 16. For any wireless network G with a min- N whlch each dominatee node sends its data to its dominator
imum dominating set of size,rfor any top-k query method node W|II_tak_e at mosO(D) time slots. Then we perform
(deterministic or randomized), there exists a data placgme 2adgregation in round, where each round is composell of
such that at leastMnclogk) messages are needed to com- fime slots (where constahtis the number of colors needed

pute the top-k data items. to color the interference graph induced by all CDS nodes).
. . Inround 1, all nodes in levé (all leaves) send a message to

4 Multiple-Objects Model their parents. In rount all nodes in leveD t+ 1 should

4.1 Time and Message Ef cient Methods have received all the messages from their children, thay the

In this section, we propose two methods to compute the compute the aggregation of all data received so far, and then
topk set for multiple-objects model. We further give upper send the aggregated values to their parents. In all, the tota
bounds on their time complexity and message complexity for number of rounds to nish data aggregatiorbsRecall that
these two algorithms respectively. each round is composedlotime-slots. We get the total time



Algorithm 6 TA-BA(T;vg; K)
Input: BFS treeT rooted at a rootg.
Output: Return topk ranked objects.
1: Letvgj, 1 j qbe theq children nodes of node in the treeT.

For the original data itemps;(vo);S2(Vo);  ;Sm(Vo)] of nodevy, let
bi(vo)  ba(vo) bm(vo) be the sorted list in increasing order.

Lr= 0. DONE =FALSEyr 1.
repeat

for each children nodey,; of the rootvg in T dO
Figure 1. The tree structure used in our example. 4: Let vgj compute the top- element by calling TA-
BA(Ty,;Vo;jir). Here Ty, is the subtree ofT rooted at
Vo;j- LetL(r;j) be the set of objects returned and let (vo;;),

N

w

latency bD = O(D). a(Voj), & (Vo) be the sorted list of aggregated values of
If there are more than one objectsg. m> 1, we can all nodes in the subtre,; for theser objectsL(r; j).
deliver the messages one by one. We call this as sequen- 5: Lr  Lg[ L(r;)).
tial aggregation. Considering the rst phase, the domina- 6:  for each object; 2 Lr dO
tors need at mogimD time slots to aggregate ath object's 7: Let fi(vo;j) be the aggregated value computed by neggfor
local score due to the interference; In the second phase, if this objectL; using data from all nodes in the subtr&g, .
we do the scheduling carefullg.g. using sequential ag- 8: Compute the aggregated value of this objéet fi(vo)
gregation. Then for each object, we can do it in parallel f(s(vo); fr(Von); ft(Vo2); 5 fi(Vorg))s
way without interference, the time latency is increased by 9:  Sort the aggregated values of all objectd i Let a;(Vo), a2(vo),
at mostbm. We immediately have the total time latency is , am(Vo) be the sorted list. Find the tdpebjects that has thie
b(D+ mD+ m)= O(D+ mD). smallest values.
The message complexity then follows from the fact that 10:  if Lg= L then
the length of the tree connectingnodes isn 1 and we 11: Then nodevy can simply return the tog-objects correctly.
havem objects. Therefore, we need to send at mostn DONE=TRUE;
messages. This nishes the proof of this theoreiml 12:  else
4.1.2 Threshold Algorithm Based Algorithm 13: te f(br(vo);ar(von)iar(Vo2);  sar(vog)).  Here tr is
The answer to a tog-query (with multiple objects) the threshold value for round. If (t;  ad(vo)) then
in distributed databases is well studied before, A number DONE=TRUE, otherwisg  r+ 1.

of proposing and ef cient algorithms have been proposed. 14: until DONE
Among these, the Threshold Algorithm (TA) [12] is the most  15° Return topk objects.
well-known due to its simplicity and memory requirements.
TA is based on an early-termination condition and can eval-
uate topk queries without examining all the tuples. In par- want to nd the top-2 elements,e., k = 2. First, the node
ticular, TA terminates when a certain threshold is achieved vg asks its children nodeg andv;, to nd the top-1 object
Here we propose a TA based algorithm (TA-BA) to com- in their own subtrees. For nodeg to nd the top-1 element
pute the topk set ef ciently. The basic idea of our method in its subtree, it rst asks its childrem andvs to nd their
is as follows. First, imagine that the root nogghas asked  top-1 element in their subtree. Then nodeaeturns “object
each of its children nodes to nd the tapelements and its 1 is ranked top-1 with value 1", and, returns “object 1 is
aggregated values for these toplements using data items ranked top-1 with value 2”. Thehgr at nodev; is fL1g.
contained by nodes in the subtree rooted at that child. TheNodev; then getd3+ 1+ 2; ; ; 1=[6; ; ; ] as the ag-
root node/ can nd thepartial aggregated value using these gregated value. The minimum value among these aggregated
partial results for each objetf 2 L. Note that these tog- valuesis 6. The threshold valueomputed by in this case
elements based on partial knowledge may be not the correcis 3+ 1+ 2= 6. Since 6 6, nodev; then sends its parent
nal top-k elements. In addition, the root node computes a vp a message “object 1 ranks 1st with aggregated value 6”.
threshold that is the aggregated value of all tttl objects Similarly, nodevs will send nodev, a message “object 1
from each of the children. If is already larger than thgh ranks 1st with value 2”, nodes will send nodev, a mes-
smallest value in those partial aggregated values, we edth sage“object 1 ranks rst with value 4”. Thehgr at node
corrected togk elements. Otherwise, we increase the search v, is fL1;L2g. Nodevs; then computes the aggregated val-
range by increasingtor + 1. Refer to Algorithm 6 for de-  ues for object;L,, and it get§5+ 2+ 4,4+ 7+ 5; ; |=
tails. [11;16; ; ]. The minimum value among these aggregated
We then show by an example how our threshold basedvalues is 11. The threshold valueomputed by node; in
algorithm nds the topk elements. Figure 1 illustrates an this case is 4 2+ 4= 10. Since 1> 10, we can not de-
example of a tred, in which there are 4 objects and the cide which object ranks 1st at this step, nagdéhas to ask
numbers in each eclipse are the data observed by the repehildren nodess andvg to report the top-2 objects in their
resented node. Here the aggregation functiois simply subtree. Then node gets a message “object 3 is ranked 2
“sum”. For example[5; 3;7; 9] denotes that nod& has ob- with aggregated value 3” from nodg, and another message
served a value 3 for the second objegt Assume that we  “object 2 is ranked 2 with aggregated value 5” frogn Then




Lr at nodev is fLy;Ly;L3g. Since nodey; already has the
aggregated values for objedts, it will only compute the ag-
gregated values of objetb; L3 in its subtree and get values
4+ 7+ 5= 16 and 6+ 3+ 6= 15. Now nodev; has a new
threshold value % 3+ 5= 13 (using all ranked 2 objects
from itself and all its children). Since the minimum one is
still L1 which has value 11, and K 13. nodev; then can
send its parenip a message “object 1 ranks 1st with aggre-
gated value 11"

Then nodevp has two candidate objectsg = fL1;L2g
wherelL, is from its own data. Then it will compute the

aggregated values of these two objects and it gets values

22, 33 forL; andL,. Notice that here the threshold value
t1= 5+ 6+ 11= 22. Since 22 22 (where 33 is the aggre-

gated value of currently known second ranked object), node

Vo knows thatL; must be the top-1 object. However, we
still need to nd another object which ranks 2nd to get top-2
objects. Similar to preceding illustrations, nodewill re-

ply vo @ message “object 2 is 2nd ranked object with aggre-
gated value 14", and node will reply vop a message “object

3 is 2nd ranked object with aggregated value 15”. Now at
nodevp, Lr = fLy;Lo;L3g. It will compute the aggregated
value of all objects irLg. Finally, our algorithm will return
fL1;Log as the top-2 elements.

THEOREM 18. TA-BA (Algorithm 6) will answer the top-k
query in @D + mD) time slots with @mn) messages.

4.2 Lower Bounds on Messages and Latency
We will show that our methods for top-query in
multiple-objects model is asymptotically optimum.
THEOREM 19. For any network G of diameter D, and max-
imum degre®, for any deterministic distributed top-k query
method under multiple-objects model, there is a data place-
ment among nodes such that the method ned@s+0mD)
time slots, and Qmn) messages.
PrRooF First of all, the lower boun® is obvious since the
information about the data on the furthest nadeom root
Vo should be known by the root nodg. To propagate any
information from nodei to vg, it takes time at lea$d. Notice

that, here the method may not need to know the actual data

items hold by the node. The lower bound(mD) on time-
slots, and the lower bour@(mn) on the number of messages
come from the following statement: for any nodenodeu
must send its data about at least k objects. This will be
proved using a special star network, with regandD neigh-
borsvy,v2, , vp. Ifthere are two nodeg andv;, both send
only at mostm k objects based on a deterministic rule of
selecting which objects to report. Then we can carefully de-
ne values of the rest ok objects so that the computed té&p-
depending on the values of thdsebjects. This nishes the
proof. O

5 Performance Evaluation
To illustrate the feasibility and performance of our dis-

Figure 2. Our wireless sensor network testbed consisting
of 36telosb nodes with6 6 mesh topology.

different algorithms, we veri ed and illustrated our thet¥
cal analysis.

5.1 Experiment Design
5.1.1 System Design

Our sensor network testbed consists of 36 Telosb sensor
nodes, each node has a unigDebetween 0 and 35. In addi-
tion, the node with ID O is the sink node and connected to the
laptop by USB port. We use Java 6 to implement the related
GUI on the laptop, which can exchange information with the
sink node, monitor the network and statistic the experiment
results. We deployed 150 Telosb sensor nodes with66
mesh topology in the lobby of CS Dept. at Hangzhou Dianzi
Univ. The distance between two vertical (horizontal) wire-
less nodes is 60cm. See Fig. 2 for illustration. Here, we set
the transmission power each telosb node to level 2 such that
the valid transmission range of each wireless node is around
70cm.
For all topk algorithms we have implemented, there are
two main layers: routing layer and the application layer. In
routing layer, all nodes continuously send beacon messages
to neighbors in order to maintain necessary routing inferma
tion and so on. For example, all sensor nodes need to work
together to construct a BFS or CDS routing structure. In
the application layer, all nodes will cooperate to colletis{
seminate) necessary data messages (used to nd naktop-
results) to/from the sink node. To test our algorithms ef -
ciently, we let each algorithm run 20 rounds, and study the
average performance of all rounds. For each algorithm, at
the beginning of each round, the sink node will initiate the
topk query.  For simplicity, we report our experimental
results when the functioh for both single object and multi-
ple object model is max,e., topk objects meank objects

tributed topk query algorithms, we implemented and tested with biggest values. We did implement many other functions
our algorithms on our real sensor network testbed congistin for which we have similar performances. The main metrics
of 150 Telosb nodes. We performed experiments of our algo- we use to evaluate tolpalgorithms are the overall delay (la-
rithms under both single object model and multiple objects tency) and total messages (including all the retransnisgio
model to measure message complexity and time complexity.used by all nodes.

Through comparison and evaluation of the performances of Table 1 and 2 summarize the main parameters of a TelosB



node and system parameters used in our testbed. Lol —— e e oy
14f ?,Ei;i“ 6000 g?éiA
Table 1. TelosB TPR2420CA Parameters o
Parameter Value £ o - '
Processor Performance 16-bit RISC g : / £ 1000 o
Program Flash Memory 48K bytes ~os / 2 3000 o
RAM 10K byteS ot 2000//'/r
Serial Communications UART o 1000
Freq uency band 2400 to 2483% MHz 5% ofkw%t%ose Deél%?/ed Seﬁg%rs 250 5% ofkwiltaose Deél%?/ed Seznos%rs 20
Transmit (TX) data rate 250 kbps (a) Latency (b) number of messages
Indoor Range with full power | 20 mto 30 m Figure 3. Single object model. k continues to increase
Default data transmission powér 15 dBm from 25to 250with step 25.
Temperature Sensor Range 40 Cto 1238 C

Notice that, in terms of different tok-algorithms, each
message type we mentioned above may have slight differ-

Table 2. Topk System Parameters ences. For all the experimental results reported here ghe d

Parameter Value lay and messages exclude the phase for constructing the un-
# of nodes 36 i derneath structure such as BFS and CDS since we assume the
Topology Mesh 6 (vertical) X 6 routing structure will not change in a period of time such tha

_ _ | (horizontal) constructing the different routing structures for WSN can b
Distance between two vertical60 cm considered as an one-time job.

(horizontal) adjacent nodes
Beacon & schedule transmission25 0 dBm

5.2 Experimental Results
Our testbed consists of 36 Telosb nodes, forming a mesh

E‘;‘Zﬁgn terval 550 Tiiseconds topology (6 6) and the sink node is at a corner, which is
Beacon packet Size 17 bvies connected to the laptop. We test all th@lgorithms for

P - y both single object model and multiple object model. Un-
Data packet size 24 bytes der single-project model, we implemented and studied the
MAC Protocol CSMA performance of our Distributed tdpQuery algorithm (Al-
Power Level of each Telosb | 2 gorithm 1), BFS-BA algorithm (Algorithm 3), and DS-BA
Max Transmission Distance | around 70 cm algorithm (Algorithm 4). For each sensor node, after bopted

it will continue to sense the light (photo value) of the en-
vironment per second. Since the light around the deployed
area does not have big difference, we use ashlights to ir-
radiate some sensors randomly such that the possiblk top-
photo values will emerge at different wireless nodes with di
%ﬁerent time. In other words, every node will maintain a win-

5.1.2 Message Design

To satisfy the different requirements from the tod-
gorithms, we de ned three message typ&3sontrol.msg
Datamsgand Ack msg The Control.msgtype is used by
beacon messages, which are used to maintain the routin
structure and neighbor management (such as detecting ol
neighbors' leaving and new neighbors' emerging). A typ-
ical Control_msgcontains the following elds in Table. 3.
For theData_msgandAck msg we assume every node will

ow with sizep (p= 20 in our experiment) which records
he photo value of lagh seconds. When the tdpalgorithm
starts, every node will use the photo values in current win-
dow as itsp objects' value. So, for each round, the system
totally has 36 20 objects, and the objective of the sink node
Table 3. A typical Control.msgstructure isto nd the topk objects (we lek vary from 25 to 250 with

: . : step 25 in our experiment) with tdpbiggest values among
Fleld | Version | Parent| Flag | Level | Neighbor|X] all 720 objects. The experimental results are shown in Fig.

Byte | 1 2 ! 1 2X 3(a) and Fig. 3(b) respectively.

As we can see, the differences of performance among all
only encode one data item of 16-bits in thata msgin or- three algorithms are not big. Our simulations on large scale
der to compare all algorithms fairly. Basicallpatamsg WSNs show that the differences of performance are signi -
contains four elds,Version, Flag, SequenceN@andData, cant when number of nodes reaches some value. In our ex-

each of them occupies at most two bytes. Here, version isperiments, the DS-BA algorithm (Algorithm 4) used fewer
used to distinguish different rounds, ag is used to distin- messages and less time to nd té&walue than the other two
guish whether the packet should be disseminated to neigh-algorithms did. This is because that DS-based algorithm can
bors or relayed to the sink node. ef ciently reduce the transmission times by aggregatingda
Since the real wireless links are not stable due to back-from dominatees to dominators at the beginning. In addi-
ground noise and wireless communication interference, totion, after dominators aggregate all data, the BFS tree con-
compare all implemented tdpalgorithms fairly, we use ex-  necting all dominators is sparse, which implies that the in-
plicit ACK messages to guarantee the “stable” property of a terference is reduced and the average retransmission times
wireless link (with cost of retransmissions). of all nodes are reduced subsequently. However, for BFS-



14l 3800 the communication costs and the latency. The most ef cient
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1.35) - TABASED Toprk query 5700] * TA-BASED Top-k query algorithm over sorted lists is the TA algorithm, proposed by
3600 several groups [13,23]. Very recently, Akbarirgtal. [1]
proposed another threshold based method, called Best Po-
— sition Algorithm (BPA) for topk query. Using information
about the position of the data, BPA develops a more intelli-

gent stopping mechanism that allows choosing a much better
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3200

1 . — 3100

0.95 2 3 4 5 3000; 2 3 4 5 6 tlme to StOp.
#ofkcwith 36 Deployed Sensors #ofkwith 35 Deployed Sensors Several TA-style algorithms,e., extensions of TA, have
(a) Latency (b) number of messages been proposed for processing temiueries in distributed
Figure 4. Multiple object model. k continues to increase  environmentse.g, [5, 8, 21]. The Three Phase Uniform
from 1 to 6 with step 1. Threshold (TPUT) [7] is an ef cient algorithm to answer

topk queries in distributed systems. Overall, most of the

TA-style algorithms focus on extending TA with the objec-
based algorithms, the nodes close to the sink have to wait fortive of minimizing query cost in distributed systems modele
the data from their children, thus, the latency increases. F by an one-hop star network. Theobaetdal.[30] introduces a
Algorithm 1, its latency and total used messages are betweerfamily of approximate toge algorithms based on probabilis-
those of the other two algorithms'. tic arguments.

For multiple objects model, we implement both Ef- In [19], Kuhn et al. studied the problem of distributed
cient Data Aggregation Based Algorithm (Algorithm 5) and selection of median for genenaired networks withN data
Threshold Based Tok-Query algorithm (Algorithm 6). In  items distributed in a network af nodes and diametd.
order to compare the performance gain clearly, we also im- In particular, they gave a lower bound @{Dlogy N) on
plement a simple BFS-based algorithm by which all wireless the time complexity for selection. They then present a
nodes construct a BFS tree rooted at the sink node and eaciovel Las Vegas algorithm which matches this lower bound
node sends all its items to its parent until the sink node canw.h.prhey then proposed a deterministic distributed selec-
nd the top-k objects. We use same number of Telosb nodes tion algorithm with a time complexity o©(Dlog3 n). By
and the same mesh topology as we did in the experimentassuming that each data item can be represent®fagN)
of single objects model. In our experiments, given a set of bits, Patt-Shamir [24] presented a deterministic methadl th
p time-slots, we want to nd the toja-time-slots with the ~ computes the median value in which each node transmits
highest average observed photo values by all nodes. Herepnly O((logn)?) bits, and a randomized method that com-
the objects the set of time-slots and the value of an object isputes an apgroximate median in which each node transmits
the average of photo values collected by all nodes. In our O((loglogn)*) bits. Babcoclet al.[4] study a useful class of
experiment, we sgb= 10. For each node, when it starts the queries that continuously report théargest values obtained
topk algorithm, it will consider its lasp monitored photo  from distributed data streams (“tdpmonitoring queries”).
values as the values fqr objects respectively. In our ex- They show that transmitting entire data streams is unneces-
periment, we lek vary from 1 to 6 with step 1 and test the sary to support these queries and present an alternative ap-
latency and total messages used for each algorithm. The laproach that reduces communication signi cantly. Mouristid
tency and total used messages are shown in Fig. 4(a) and Figet al. [22] studies continuous monitoring of tdpgueries
4(b) respectively. As we can see from the gures, for each over a xed-size windowV of the most recent data.
algorithm, the total latency and used messages are similar To the best of our knowledge, the only results in litera-
with the increment ok. This is because for multiple object  ture that deal with related topics in wireless sensor nek/or
model, regardless of the value kyfthe sink node has to col-  are [10, 11, 14, 18, 24-28, 31-35]. Most of the results did
lect all values of all objects from all nodes in order to nd not directly address the tdpguery problems studied in this
the nal top-k objects, except the TA-based methods. In ad- paper, except [27, 34, 35]. In [27], Silberstaghal. pro-
dition, Algorithm 5 has the best performance among all three posed a method to formulate the problem of optimizing ap-
algorithms. The TA based Algorithm 6, which is supposed to proximate topk queries under an energy constraint as a lin-
have better performance, did not perform well here. We an- ear program by using the historical data to predict the &utur
alyzed and found that this TA-based algorithm almost has to data. In [34, 35], the authors address the kogderies in
collect all values from all nodes just as the other algorthm  streaming data and they exploit the semantics ofkopiery
did. and propose a novel energy-ef cient monitoring approach,

called FILA. The basic idea is to install a lter at each semso
6 Related Work node to suppress unnecessary sensor updates. No complexity

To the best of our knowledge, there is no previous hounds on the required time-slots and messages by ef cient

work addressing the complexity problem on distributed top- topk methods are known in the literature.

k query in multihop WSNs. For tof-query in traditional )

distributed databases, one of the milestone result is [12].7 Conclusion

They proposed a simple, yet ef cient algorithm, called Fa- A number of interesting and challenging questions are left
gin's algorithm (FA), that works on sorted lists stored ifrdi  for future study. The rst question is to close the gap be-
ferent databases. However, they did not strike to optimize tween the lower bounds and upper bounds achieved by our



methods on various models. The second question is to relax
the requirement of exact tdpgueries to approximate tadp-
gueries. The third question is to design ef cient methods fo
topk query in data streams where each sensor np@eo-
duces a data item evedy time-slots. We also would like to
know the time and message complexity of performingkop-
query in this model.
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