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Abstract
In this paper, we focus on designing ef�cient query of top-

k data produced by sensor nodes in a wireless sensor network
(WSN). Although ef�cient top-k query has been extensively
studied in the database community, surprisingly, little was
known about the ef�cient top-k query in WSNs. Assume that
we are given a connected WSN of diameterD, consisting ofn
nodes with maximum node degreeD. Two different network
models will be studied. In the �rst model, each node holds a
numeric element, the goal is to determine the top-k smallest
of these elements. In the second model, there arem objects
L , each nodevi holds a numeric valuesj (vi) for each object
L j 2 L , the goal is to �nd thek objects with thek smallest
aggregated valuesf (sj (v1);sj (v2); � � � ;sj (vn)) , wheref is an
aggregation function given in advance. We propose both de-
lay ef�cient and message ef�cient methods for conducting
top-k queries in both models. Then we study the minimum
delay and messages required by any distributed method for
top-k queries in both models. Our analysis shows that our
methods are almost optimal. We conducted extensive ex-
periments in testbed, and simulations to study the practical
performances of our methods.
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1 Introduction
Wireless sensor networks (WSNs) have been widely used

to collect the data, monitor the environment in a more ef�-
cient and convenient way due to the low cost, low power-
consumption and easy deployment of wireless sensor nodes.
Thus, a critical issue in WSNs is to get therequired(mon-
itored) data from sensor nodesef�ciently andquickly. For
sensor networks, ef�ciency often is measured by the energy
cost of performing a certain task since the sensors are of-
ten powered by batteries only. For WSNs, often the ulti-
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mate goal is to collect the data (either the raw data or in-
network-processed data or both) from a set of targeted wire-
less sensors to some sink nodes and then perform some fur-
ther analysis at sink nodes. For example, since the energy-
comsumption of all wireless nodes in a WSN may be not
balanced such that some nodes will run out of power soon
while others still have enough power. In this case, we have to
supplement the batteries for the nodes with lowest remaining
power in order to prolong the life time of the whole WSN.
Clearly, if we can quickly �nd the wireless nodes with low-
est remaining power, we can replace the batteries for them
effectively. Another important application in agriculture us-
ing WSNs is to monitor the light level of different area inside
a forest at different time. This is a typical top-k applications
in WSNs since the sink only needs to know the location of
several area with highest light levels at different time of a
day.

In numerous applications, gathering the required data
within a certain delay is critical for the success adoption of
the WSNs. We often need to support queries formed in a
SQL-like language. It is envisioned that the sink node is-
sues queries regarding the data collected by some target sen-
sors, and the sensors collaboratively generate an accurate
or approximate response. Numerous protocols have been
proposed and adopted to improve the energy ef�ciency of
WSNs. However, only a few of them concentrated on the en-
ergy ef�ciency in gathering data, especially, the top-k query
studied in this paper. In this paper, we design ef�cient top-k
query methods with small delay, small energy consumption,
and study some fundamental complexities for various top-k
queries in wireless sensor networks.

Designing ef�cient top-k queries has been widely stud-
ied in the database community [1, 4, 6, 7, 9, 20, 22, 29, 30].
One of the most practically ef�cient algorithms for answer-
ing top-k queries over sorted lists is the Threshold Algo-
rithm (TA) [13]. Based on TA, many algorithms have been
proposed for top-k query in both centralized and distributed
manner. Surprisingly, only a few results [27, 34, 35] have
been proposed to deal with top-k queries in distributed net-
works, or wireless sensor networks. In this paper, two types
of top-k queries will be studied.

The �rst type focuses on the scenario that the data items
collected by each sensor node are treated as different data,
which is called as “single object model”. . We assume that
the data itemsAi hold by nodevi and the data itemsA j hold



by nodev j are disjoint. Here,Ai could be the temperature,
moisture or photo values collected by nodevi during a period
of time. The top-k query is then to �nd the top-k rankedk
items. The second type focuses on the scenario that the data
items collected by different sensor nodes can be treated as
different measurements of same objects. In this model, we
assume that there arem objectsL = f L1;L2; � � � ;Lmg. The
value of an object is an aggregation of the observed values
of all sensors for this object. We call this type as “multiple
objects model”. The top-k query is then to �nd the top-k
rankedk items whose aggregated observed value are thek
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 agricul-
ture area. Generally, each light sensor is set to sample photo
value with some time interval (e.g.. 20 minutes) in order
to save the energy-consumption. Assume each light sensor
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 havem= 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 top-k query for WSNs, to
present lower bounds on the minimum number of messages,
and minimum delay, required for these two types of top-k
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 top-k queries. One algorithm will �nd top-k
elements in expected timeO(D+ DlogD k+ k) for any wire-
less sensor networkG with diameterD, maximum degree
D, and each wireless node has at mostp = O(1) different
data items. We show that any randomized distributed algo-
rithm needs at leastW(DlogD k+ k) time slots to �nd the top-
k data items and any deterministic algorithm needs at least
W(D+ DlogD k+ k) time slots to �nd the top-k data items.
Thus our method is almost optimum.

We also propose distributed top-k query method that in-
curs small message overhead. We analytically prove that
our method costs at mostO(min(n+ knc;n+ nc(k+ lognc)+
kD)) messages to �nd the top-k items. We further show that
there is a networkG of n nodes and data placement on nodes,
such thatW(kD+ n) messages are required by any methods
(deterministic or randomized) to compute thek-th smallest
element inG.

For multiple objects model, assume that there arem dif-
ferent objects. We design ef�cient deterministic distributed
methods that will �nd thek objects whose aggregated val-
ues are top-k ranked. Our methods will answer the top-k
queries inO(D + mD) time slots, andO(mn) messages. We
show that any deterministic distributed top-k query method
in this model needsO(D + mD) time slots, andO(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.

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 topk query with
single-object model in Section 3 and with multiple-objects
model in Section 4 respectively. Our experimental studies
are reported in Section 5. We review the related works in
Section 6 and conclude the paper in Section 7.

2 Preliminaries and Problem Formulation
2.1 Wireless Sensor Network Model

In this paper, we mainly focus on designing ef�cient
methods for, and study the complexities of, top-k query in
wireless sensor networks. We assume a simple and gen-
eral enough model that is widely used in the community.
We assume that there aren+ 1 wireless sensor nodesV =
f v0;v1;v2; � � � ;vng deployed in a certain geographic region,
wherev0 is the sink node. Each wireless sensor node cor-
responds to a vertex in a graphG and two vertices are con-
nected if and only if their corresponding sensor nodes can
communicate directly. The graphG is called thecommuni-
cation graphof this sensor network. We assume that links
are “reliable”: when a nodevi sends some data to a neigh-
boring nodev j , the total message cost is only 1, although in
practice nodevi 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 nodew causes
interference at a nodev (that is receiving data from another
send another senderu) if the hop distance betweenv andw 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 networkG is growth-bounded by a polynomial
function g. Here a networkG is growth-bounded byg, if
for every nodev and any integer̀, any setS of nodes that
are independent and within` hops ofv has size at mostg(`).
For simplicity, leta i(G) (i.e., g(i) for growth-bounded by
function g() ) denote the maximum number of independent
nodes withini-hops of a node inG. 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 nodesu andv can communicate directly
if ku � vk � r. The communication graphG is then aUnit
Disk Graph(UDG). UDG is growth-bounded by a function
g(x) = ( 2x+ 1)2.

LethG(vi ;v j ) be the hop number of the minimum hop path
connectingvi andv j in graphG, andD(G) be the diameter of
the graph,i.e., D(G) = maxvi ;vj hG(vi ;v j ). Here, we assume
that D(G) � 2. If D(G) = 1, then the graphG is simply a
completed graph and all questions studied in this paper can
either be trivial or have been solved [15–17]. For a graphG,
we denote its maximum degree asD(G). When each node
vi hasni data items, we de�ne the weighted degree, denoted
asd̃vi (G), of a nodevi in graphG asni + å vj :vivj 2G n j . The
maximum weighted degree of a graphG, denoted as̃D(G),
is de�ned as maxi d̃vi (G).

Each wireless node has an ability to monitor the environ-
ment, and collect some data (such as temperature), where
Ai denotes all data items collected by nodevi . We assume
that one packet (i.e., message) can contain one data itemai,



the node ID, plus additional constant number of bits,i.e., the
packet size is at the order ofQ(logn+ logU), whereU is
the upper-bound on values ofai . Such a restriction on the
message size is realistic and needed, otherwise a single con-
vergecast would suf�ce to accumulate all data items to the
sink which will subsequently solve the problems easily. We
consider a TDMA MAC schedule and assume that one time-
slot duration allows transmission of exactly one packet.

We assume that wireless sensor nodes will not dynami-
cally adjust its transmission power based on the node with
which it will communicate. We also assume that when the
sensor node is in idle state (not transmitting, not receiving),
its energy consumption is negligible. Since we assume that
the TDMA MAC is used, the activity cycles for sensor nodes
are assumed to be synchronized, and for any time slot, no
sensor nodes will be listening for transmissions if it is not
scheduled to receive data packets. Thus, minimizing the en-
ergy consumption (either total energy consumption or maxi-
mum energy consumed by individual nodes) is equivalent to
minimizing the number of messages sent.

For data queries in WSNs, we often need build a spanning
treeT of the communication graphG �rst for pushing down
queries and propagating back the intermediate results. Given
a treeT, let H(T) denote the height of the tree.
2.2 Problems and Complexities

We will mainly study the time complexity and message
complexity of distributed top-k query in multihop wireless
networks. The complexity measures we use to evaluate the
performance of a given protocol are worst-case measures.
Themessage complexity, of a protocol is de�ned as the max-
imum number of total messages by all nodes, over all inputs,
i.e., over all possible wireless networksG of n nodes (and
possibly with additional requirement of having diameterD
and/or maximum nodal degreeD) and all possible data dis-
tributions ofA overV. Thetime complexityis de�ned as the
elapsed time from the time when the �rst message was sent
to the time when the last message was received. Thelower
boundon a complexity measure is the minimum complexity
required byall protocols that answer the queries correctly.

We now formally de�ne two top-k query problems.
Single Object Model: The �rst type focuses on the sce-

nario that the data items collected by different sensor nodes
are treated as different. In this model, we assume that
A = f a1;a2; � � � ;aNg is a totally ordered multi-set ofN el-
ements collected by alln nodes. Here,N is the cardinality
of setA. Each nodevi hasni amount of raw data, denoted
asAi � A. Clearly, for top-k query, we only need focus on
ni � k. SinceA is a multi-set, we assumeAi \ A j = /0 and
A =

S n
i= 1Ai ThenhA1;A2; � � � ;Ani is called a distribution of

A at sites ofV. The top-k query is then to �nd the top-k
rankedk items (fork < N=2) under a certain ranking func-
tion r() . Here we assume that, given any two data itemsai
anda j , we can compare the ranksr(ai) andr(a j ) in constant
time. For example, the value ofr(ai) could be just equal to
ai in some simply cases or equal to the variance ofai in some
other cases. For simplicity of analysis, we assumejAi j = p
for everyvi .

Multiple Objects Model : The second type focuses on
the scenario that the data items collected by different sen-

sor nodes can be treated as different measurements of same
objects. In this model, we assume that there arem data
objectsL = f L1;L2; � � � ;Lmg. Each wireless sensor node
vi 2 V will have a measurementsj (vi) for the objectL j .
In other words, each wireless nodevi 2 V will have a vec-
tor s(vi) = [ s1(vi );s2(vi); � � � ;sm(vi)]. Assume that there
is an aggregation functionf such that for objectL j , its
aggregated observed value, denoted asb j , is de�ned as
f (sj (v1);sj (v2); � � � ;sj (vn)) . Here we assume that the aggre-
gation functionf is distributive and symmetric. A function
f is said to bedistributive if for every pair of disjoint data
setsX1;X2, we havef (X1 [ X2) = h( f (X1); f (X2)) for some
functionh. For example, whenf is sum, thenh can be set as
sum; when f is count, h is sum. Assume that we are given
an aggregation functionf that can be expressed as the com-
bination ofq distributive functionsg1() , g2() , � � � , gq() , for
some integer constantq, i.e.,

f (X) = h(g1(X);g2(X); � � � ;gq(X)) :

For example, whenf is average, thenq = 2, g1 can be set
assum, g2 can be set ascount(obviously bothg1 andg2 are
distributive) andh can be set ash(y1;y2) = y1=y2. Here-
after, we assume that an algebraic functionf is given in
formula h(g1(X);g2(X); � � � ;gq(X)) by providing functions
h() , gi() , for 1 � i � q. Thus, instead of computingf , we
can just computeyi = gi(X) distributively for i 2 [1;q] and
h(y1;y2; � � � ;yq) at the sink node.

When vi does not have a measurement for the ob-
ject L j , we use sj (vi) = /0 to denote this andvi will
not participate in the �nal aggregation of the value
f (sj (v1);sj (v2); � � � ;sj (vn)) . In other words, the aggrega-
tion function f (sj (v1);sj (v2); � � � ;sj (vn)) has value same as
f (sj (v1); � � � ;sj (vi� 1);sj (vi+ 1); � � � ;sj (vn)) . The top-k query
is then to �nd the top-k rankedk items whose aggregated
value are thek smallest under a ranking functionr() .
2.3 Connected Dominating Set

Our results are based on some connected dominating set
(CDS) of the original communication graphG. The CDS
used has a bounded degreed and bounded hop spanning ra-
tio. Here a subgraphH of G is a connected dominating set
if (1) graphH is connected, and (2) the set of vertices ofH
is a dominating set, i.e., for every nodev 2 GnH, there is
a neighboring nodeu 2 H, i.e., uv 2 G. A subgraphH of
G has a bounded spanning ratio if for every pair of nodesu
andv in H, the distance (hop or weighted distance) of the
shortest path connectingu andv in H is at most a constant
times of the distance of the shortest path connecting them in
the original graphG.

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 graphG. We then
select a set of dominators ofG as follows. Each nodevi has
a rank(`(vi); i), wherè (vi) is thelevelof nodevi in the BFS
tree,i.e., the hop-distance to the root. The rank of a nodevi
is smaller than the rank of a nodev j if (1) `(vi) < ` (v j ), or
(2) `(vi) = `(v j ) andi < j. Then we mark the root of BFS
as adominatorand mark all neighbors of the root inG as
dominatees. We repeat the following steps till all nodes are
marked either as a dominator or as a dominatee:



1. a nodev is marked asdominatorif it has the smallest
rank among all unmarked nodes;

2. mark allunmarkedneighbors ofv in G asdominatee.
This procedure will give us a set of dominators. Clearly,
each dominatee node has at mosta1(G) dominators among
its neighbors inG. Herea1(G) is the maximum number of
independent nodes that are one-hop neighbors of some node
in G. For UDG graph,a1(UDG) � 5.

We then build a CDS,C(G), as follows: for each dom-
inator nodev, we connectv to a nodex that is the parent
node ofv in the BFS tree. Such nodesx is calledconnec-
tor node between two dominatorsu andv. Then for each
connector nodex we connectx to a neighbor node that is a
dominator, sayu, with the smallest level. For a graphG, let
C(G) = ( VC;EC) be the CDS constructed using this method.
We omit the symbolG when it is clear from context.

In the rest of the paper, we assume that such CDS has
been constructed in advance. LetdH(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 u, dC(G)(u) � a1(G).
For each dominator node v, dC(G) (v) � a2(G). When G is
UDG, the degree of each dominator node inC is at most19
and the degree of each connector node inC is at most5.

In addition, for every node w, in the CDS, the hop dis-
tance from vi to the root r is at most2`(vi).

NoticeVC � V. For a nodev 2 VC, let TC be a BFS tree
of C. For a nodev 2 V nVC, we de�ne a unique dominator,
denoted asd(v), which is the one having the shortest hop
distance to the sinkv0. Then our top-k query is based on the
following data communication tree (DCT).
DEFINITION 1 (DATA COMMUNICATION TREE (DCT)).
For a wireless sensor network G and its CDS, the data com-
munication tree T(G) = ( V;ET ) is de�ned as follows:
T = ( V;EC [ f vd(v) j v 2 V nVCg). Here EC is the set of
edges in the CDSC(G), vd(v) denotes the edge between v
and d(v).

Given data communication treeT = ( V;ET ), an aggregate
operation consists of (possibly repeated) two phases: aprop-
agationphase where the query demands are pushed down
into the sensor network along the tree; and anaggregation
phase where the aggregated values are propagated up from
the children to their parents. We discuss some properties of
the data communication tree.
THEOREM 2. Let G be a growth-bounded network by a
function g() , andC be the constructed CDS graph on G. The
data communication tree T(G) has following properties:

1. D(TC) is at most a constantd = a2(G) = g(2).
2. For any edge e2 ET , let I(e) be the set of edges in ET

that have interferences with e, thenjI (e)j � c� D(G) for
some constant c depending onr .

PROOF. The �rst property directly comes from the property
of the CDSC.

For any edgee= uv2 ET , eitheru or v will be in C based
on our construction. Assume thatu 2 V(C). For all edgesxy
having interferences withe, both end nodesx andy should
be within hop-distance 2+ r from u. Notice that one of the
nodes ofx andy is a dominator node. Then there are at most

g(2+ r ) dominator nodes within 2+ r hops ofu. Then it is
easy to show thatjI (e)j � g(2+ r ) � D(G).

All our methods will be based ondata clustering: given
a good CDS, for a nodev 2 V nVC, it sends the data items to
its dominatord(v) in a TDMA manner.
LEMMA 3. Given agoodCDS of the graph G, data cluster-
ing can be done in time O(D̃(G)) :
PROOF. We use the communication treeT to do data clus-
tering. For a nodev 2 V nVC, assume that the edgevd(v)
interferes with an edgeud(u). Then dominator noded(u) is
within hop-distance at most 2+ r from d(v). Thus, givenv,
there are at mostg(2+ r ) such dominator nodesd(u). The
total number of data items of all nodesu such thatud(u)
interferes withvd(v) is at mostg(2+ r ) � D̃(G) = Q(D̃(G)) .
Hence, every such edgevid(vi) can be scheduled to trans-
mit ni times in Q(D̃(G)) time-slots using a simple greedy
coloring method that colors the nodes sequentially using the
smallest available color. Recall that hereni is the number of
data items hold by nodevi .

After data clustering, all data elements are clustered inTC.
In other words, each nodevi in the connected dominating set
now will have data from all nodes dominated byvi . The data
clustering asymptotically does not incur additional cost for
time complexity and message complexity whenni = O(1).
Notice that the total number of messages for data clustering
is å vi 62VC

ni .

3 Single-Object Model
In this section, we study the top-k query for the single-

object model (SO). For simplicity, we assumejAi j = p for
every nodevi . We further de�new = minf p;kg. We will
both present ef�cient algorithms to minimize the latency, or
minimize the number of messages communicated, and give
lower bounds on the latency and communication cost of any
top-k query methods under this model for multihop WSNs.

3.1 Time Complexity
3.1.1 Delay Ef�cient Methods

We �rst present our method (Algorithm 1) for distributed
top-k query in growth-boundedmultihop wireless sensor net-
works. In our method, we �rst collect local top-k data
items among the dominatee nodes to corresponding domina-
tor nodes, then we will run the distributed selection method
(Algorithm 2) over the CDS to �nd thek-th ranked data item.
This selection method has time complexityO(DlogD N) in
wired communication model. When taking interference into
account, its time complexity is stillO(DlogD k) when the
wireless networks have the growth-bounded property and the
interference only happens withr hops. Finally, the sink node
distributes thek-th smallest data itemak to all the wireless
nodes and top-k data items can be collected by returning all
the data items which is larger thanak from each wireless
node.

In Algorithm 2, getRndElementsInRangewill �nd t
random elements from data items of all wireless sensor
nodes, in the range of(L;U). ProcedurecountElementsIn-
Range((a;b]) is an aggregation function that will count the
total number of elementsai in the range of(a;b] (i.e., a <
ai � b) among all wireless nodes. This counting function can



Algorithm 1 Distributed Top-k Query With Low Latency
Output: top-k data items.
1: Construct a CDS with bounded degreed as in subsection

2.3. Then construct the BFS treeTC of the CDSC.
2: 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
nodevi has� p data items, wherew = min(p;k).

3: Rank Selection: Using BFS treeTC, we run randomized
Algorithm 2, with t = 8l D for a constantl > 1 to �nd
thek-th smallest data itemak using only nodes and links
from the CDS,i.e., only nodes in CDS will participate.

4: Sink node broadcastsak to all the wireless nodes in CDS.
5: Collect all the data items which are larger thanak from

all wireless nodes, which can be done in timeO(k+ D).

Algorithm 2 Random Data SelectionRDS(t;k)
1: L  � ¥ ; U  ¥ ; phase 0;
2: repeat
3: x0  L; xt+ 1  U; phase phase+ 1;
4: f x1; : : : ;xtg  getRndElementsInRange(t; (L;U))
5: for i = 1; : : : ;t in sequeldo
6: r i = countElementsInRange((xi� 1;xi ])
7: if x0 6= � ¥ then
8: r1  r1 + 1
9: j  minl2f 1;:::;t+ 1g å l

i= 1 r i > k

10: k  k� å
j � 1
i= 1 r i

11: if k 6= 0 andj 6= 1 then
12: k  k+ 1
13: until r j � t or k = 0
14: if k = 0 then
15: returnx j
16: else
17: f x1; : : : ;xsg = getElementsInRange([x j � 1;x j ]);
18: returnxk

clearly be done usingnc messages and in timeQ(D) since
countingis a distributive function. We then show that our
method will �nish in certain time-slots with high probability
(w.h.p).

Assume that the BFS treeTC of the CDS has been con-
structed in advance. The proceduregetRndElementsIn-
Range(L;U) will be implemented as follows. For each node
v in the CDS, letc(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 range(L;U). First for
each nodev, we get a counting on the total number, denoted
asn(v), of data items in the range(L;U) from the subtree
rooted atv. This clearly can be done by simple aggrega-
tion functionsumwith nc number of messages andD delay.
Then the root nodev0 knows the total number of data items
n(v0) in the range(L;U). The root randomly choosest ran-
dom integers, sayp1 < p2 < � � � < pt , in range[1;n(v0)]. Let
p0 = 0. These integerspi , 1 � i � t denote the sorted or-
der of the random data items in(L;U) to be picked from all
nodes. We then implement another procedurefetchRndEle-

mentsInRange(v0; [p1; p2; � � � ; pt ]) as follows:
1. Lets= 1. While ps � c(v0), let s= s+ 1. We randomly

pick s� 1 data items in range(L;U) from nodev0.
2. Let u1, u2, � � � , ud be thed children nodes ofv0 in

the BFS treeTC. For each childui , �nd l (i) and
r(i) such thatc(v0) + å i� 1

j= 1n(u j ) < pl (i) < pl (i)+ 1 <
� � � < pr(i) � c(v0) + å i

j= 1n(u j ). Let Q = c(v0) +

å i� 1
j= 1n(u j ), q1 = pl (i) � Q, q2 = pl (i)+ 1 � Q, � � � ,

qr(i)� l (i)+ 1 = pr(i) � Q. We then callfetchRndEle-
mentsInRange(ui ; [q1;q2; � � � ;qr(i)� l (i)+ 1]) to getr(i) �
l (i)+ 1 random data items from the subtree rooted atui.

It is easy to show that we will �ndt random items and each
data items in range(L;U) will be selected with equal proba-
bility. The total messages used by the above approach to get
t random elements is at most 2tnc. 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 + DlogD k) in Line 3 of Algorithm 1w.h.p.
PROOF. Let nc 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 local top-k
data items from its dominatees and itself. As proved in [19],
�nding the k-th smallest data item will costO(DlogD(nck))
rounds1 of communicationsw.h.p, i.e., O(DlogD(nck)) time-
slotsw.h.p, since (1) each dominator node contains at most
k data items, and (2) each round is composed ofb � g(2)
timeslots because the maximum degree in CDS isg(2) for
growth-bounded networkG. Notice that herenc denotes the
total number of nodes in CDS.

For multihop WSNs modeled by a growth-bounded net-
work G using a functiong() . the size of the minimum domi-
nating set (MDS) is� g(D). It is easy to show that the size of
the connected dominating set found by our method is at most
2g(1) times of the MDS. Thus,nc � 2g(1) � g(D). Therefore,

O(DlogD(nck)) � O(DlogD(k� 2g(1)g(D))) = O(D+ DlogD k);

becauseg() is a polynomial. This �nishes the proof.
Observe thatO(D + DlogD k) = O(DlogD k) when k =

W(D). For simplicity, we will useDlogD k to denote
dDlogD ke. ThenO(D + DlogD k) = O(DlogD k).
THEOREM 5. Algorithm 1 can �nd the top-k data items in
expected time O(wD+ DlogD k+ k).
PROOF. This lemma follows from the time complexity anal-
ysis for each phase as follows: (1) the data clustering step
has time complexityQ(wD); (2) the rank selection step will

1In wired networks, a round is the time-duration such that, given
any nodeu, each of the neighboring nodes of the nodeu can send
one message tou. Clearly, in wireless networks, such communi-
cations cannot be �nished in one time-slot. For arbitrary wireless
sensor networks, such communications need at leastD(G) time-
slots. Since we run theRank Selectionon top of the CDS struc-
ture, such communications can be �nished in at mostg(2) time-
slots when networksG is growth-bounded by a functiong() . Recall
thatD(C(G)) � g(2) in this case.



cost O(D + DlogD k) time-slotsw.h.p based on Lemma 4;
(3) the broadcast step costsQ(D) time slots to broadcastak;
(4) the last step costsO(D + k) time slots to collect the real
top-k data items to sink node since we can collect thesek
items in parallel without interference,e.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 top-k 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 O(wD+ D(logD k)2 + k).
3.1.2 Lower Bound on Query Latency

In this subsection, we will give a lower bound on the time
complexity for any top-k query method in multihop WSNs.
LEMMA 7. For anyD, there exists a wireless network with
maximum degreeD such thatany deterministic algorithm
needs at leastD time slots to compute the top-k set.
PROOF. Given anyD > 1, we construct a simple star net-
work with D+ 1 nodes such that all otherD nodes are lo-
cated in the transmission range of the sink. We then prove
that for any deterministic algorithm, there always exists a
data placement such that every node needs to be active (i.e.,
send a message to sink) at least once during the computation
for the top-k set. Since we study deterministic distributed al-
gorithms here, all sensor nodes will have a uniform method
in determining their actions (whether to send a message, if
send then send what message) based on the messages they
received historically and its own data. Without loss of ge-
niality, assume we have a binary functionf (xi ;mt ;Mt� 1) for
any deterministic algorithm wherexi denotes the data located
at theith node,mt denotes the message received from the
sink node at timet, Mt� 1 denotes all historical messages re-
ceived from the sink node upto timet � 1, each node de-
cides whether to be active or not according to the value of
f (xi ;mt ;Mt� 1), e.g., the node will send message to sink if
f (xi ;mt ;Mt� 1) = 1, or keep silent otherwise.

In the initial phase, without receiving any information
from the other nodes, the sink will send some �xed message
m1 to all the other nodes. There are two possible cases we
need to consider:

1. there are in�nite number of valuesa such that
f (a;m1; /0) = 1, we may setxi such thatf (xi ;m1; /0) = 1
for every nodevi . In this case, alln nodes will send
message to the sink node.

2. there are in�nite number of valuesa such that
f (a;m1; /0) = 0. In this case, we setxi such that
f (xi ;m1; /0) = 0 for every nodevi . The algorithm gets no
information and must send another messagem2 6= m1
under some �xed rules (otherwise, the sink will never
get any information).

Thus, as long as for some messagemt , there exists enough
a such thatf (a;mt ;Mt� 1) = 1, we setxi = a for every node.
Therefore, every node needs to be active at least once under
our data placement. Obviously, we need at leastD time slots
to �nish all the data collection due to the interference. This
�nishes the proof.
THEOREM 8. There are multihop WSNs and data distribu-
tions such that any distributed method (deterministic or ran-

domized) needs at leastW(D+ DlogD k+ k) time slots to �nd
the top-k data items.
PROOF. The time complexity of �nding the top-k data 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 needsW(D + DlogD k)
time-slots. Thus, any top-k query algorithm for WSNs needs
at leastW(D + DlogD k) time-slots. In addition, no matter
what method is implemented, we need to spend at leastW(k)
time slots in collecting the real top-k data items with sizek
to the sink. This �nishes the proof.

Based on Lemma 7, we know that for anyD, there exists
a wireless network with maximum degreeD such that any
deterministic algorithm needs at leastDtime slots to compute
the top-k set. Thus, we have
THEOREM 9. There are multihop WSNs and data distribu-
tions such that any deterministic distributed method needs
at leastW(D+ DlogD k+ k) timeslots to �nd the top-k data
items.

Thus, when each node has onlyp = O(1) data items, the
time-slots needed by our method matches the lower bound of
any deterministic algorithm. It remains an interesting ques-
tion to close the gap between the lower bounds and upper
bounds for deterministic algorithms whenp = O(k), and to
�nd a possibly better lower bounds for randomized algo-
rithms by proving a better lower bound needed by any ran-
domized algorithm in data collection phase.
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 top-k query.
Here we include both the data messages and the control mes-
sages. The �rst one is called Breadth First Searching tree
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 sett as some constant instead of
Q(D). We denote 2nd method as DS-BA, which stands for
Data Selection Based Algorithm. By further analysis on their
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 CDSC rooted at sink
nodev0. Each dominator nodevi 2 C will collect the local
top-k data items from all its dominatees using one of the two
methods: (1) dominatee nodes directly report its data tovi ;
or (2) vi uses the binary search to �nd thek-th ranked data
item and all dominatee nodes report the data items smaller
than this one. Then for each nodevi , if it has received lo-
cal top-k items from all its children nodes inT, it sends the
aggregated top-k items to the sink (choosing the top-k items
among its own data and received data). Finally, we return the
top-k items computed by sink node as desired top-k set.
THEOREM 10. Given a wireless network G with n nodes
(each with� p data items) and diameter D, Algorithm 3
costs at most(n+ 3nck) messages to �nd the top-k items.
PROOF. For a dominator nodevi , to �nd the local top-k
data items of its dominatee nodes, it will costwd(vi ) mes-



Algorithm 3 BFS-BA
Input :BFS treeTC of C rooted at sink nodev0. Each node
with � p items. NetworkG with maximum degreeD.
Output: top-k data items.
1: Data Cluster: Each dominator nodevi in C �nds the

top-k data items among data items stored in itsd(vi)
dominatee nodes.
If pd(vi) � k, each dominatee node simply reports its
local top-k items tovi . Otherwise,vi applies Algorithm
2 to �nd the rankedk items among data items stored in
its d(vi) dominatee nodes. Then local top-k items are
reported tovi .

2: for each nodevi in C do
3: If nodevi has received local top-k items from each of

its children nodes inT, it sends the aggregated top-k
items, by choosing the top-k items among its own data
items and received local top-k items from each of its
children nodes, to its parent node.

4: Return the top-k items computed by sink nodev0.

sages using direct reporting forw = min(p;k), or will cost
log(wd(vi )) + k < 2k+ logD messages using binary search
sincew � k andd(vi) � D. Thus, in total, step 1 costs at
mostå nc

i= 1min(2k+ logd(vi); pd(vi)) � 2knc + n messages.
Obviously, each node onC then needs to transmit at mostk
data items. Then the total number of messages transmitted at
step 2 is at mostnck by all nodes.

We then present DS-BA, a selection based top-k query.
Our method will �rst �nd the kth smallest data item, sayak,
using selection and then let each node in CDS report its data
items larger thanak.

Algorithm 4 DS-BA
Input : A CDS with bounded node degreed. A control pa-
rameterd � 2.
Output: top-k data items.
1: Data Cluster: As in Algorithm 3, each dominator col-

lects the local top-k data items among its dominatees.
2: Rank Selection: Then thek-th smallest data itemak is

found using only the CDS nodes by running randomized
Algorithm 2, witht = 8dl for a constantl > 1.

3: Sink node broadcastsak to all nodes in CDS.
4: Collect the top-k data items by letting each node in CDS

report its data items that are larger thanak.

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 + 2knc;wn) + 3ncd logd(nck) + kD messagesw.h.p,
where nc is the number of nodes in CDS.
PROOF. First, in data cluster phase of Algorithm 4 (Line 1),
it costs min(n+ 2knc;wn) messages to �nd the local top-k
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 3 logd(nck) phases (variablephaseis de�ned in
Algorithm 2)w.h.p, when thek-th smallest number is found.

Since the number of links in the tree spanning the nodes of
CDS isnc � 1, and in each round every node needs to send at
mostt = 8dl messages, we get an upper bound on the num-
ber of messages sent in rank selection phase: 3ncd logd(nck),
w.h.p. Furthermore, we need at mostO(kD) messages to
collect the real top-k data items from all nodes. Thus, the
number of messages (both data messages and control mes-
sages) used by Algorithm 4 is, by settingt = 8l d, at most
min(n+ 2knc;wn) + 3ncd logd(knc) + kD, w.h.p.
LEMMA 12. Variable phasetakes at most3 logd N 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 phasei the wanted element is in a frac-
tion of size at leastc logd

d times the size of the fraction after
phasei � 1 for a suitable constantc, i.e., n(i) � c logd

d � n(i� 1).
Heren(i) is the size of the all data items we have to check
to �nd the kth smallest data before the phasei starts. No-
tice n(0) = N. Let f a1;a2; � � � ;an(i) g be the sorted list of the
n(i) data items that we will check for thekth smallest ele-
ment in phasei + 1. The probability that none of thet = dl
randomly selected elements is inf ak;ak+ 1; � � � ;a

k+ c logd
d n(i)=2

g is

at most(1� clogd
2d )8l d. Same argument holds for data items

f ak� c logd
d n(i)=2; � � � ;ak� 1;akg. Thus,
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This holds because 4l c lnd
ln2 � ln6e > l lnd for c = 16

17 and
d � 2, Hence,w.h.p, Algorithm 2 terminates after less than
3logd N phases whent = dl . Each phase will cost at most
2� 8l dnc messages. This �nishes the proof.

To minimize the number of messages, we may sett as
some constant,e.g. t= 16l , in our DS-BA. Thus, we have
THEOREM 13. When nck � (w � 1)n=2, the message cost
of Algorithm 4 is at most wn+ 3nc log(knc) + kD.

Assume that each node hasp data items initially. Recall
that w = 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) if lognc > k, we choose BFS-BA.
(b) if lognc � k, we choose DS-BA.

3.2.2 Lower Bound on Messages
Instead of studying the lower bound of message complex-

ity directly, we will study data selection problem �rst, and
the lower bound for our top-k query problem will immedi-
ately follow after our discussion on data selection problem.
Our lower bound on message complexity is based on the re-
sult on two-party model. For two nodes connected by a link,
each withN=2 data, �nding the median needQ(logN) mes-
sages; or generally, thek-th smallest element (k < N=2) can
be found usingQ(logk) messages. In [19], Kuhnet al. stud-
ied the lower bound of the time complexity for the selection
problem in wired networks.

Results by [19] imply that there is a wireless network with
n nodes and data distribution in these nodes, such that, for
any top-k query method,W(nlogk) messages are needed to
compute the top-k data items. Here we give a better lower
bound on message complexity for top-k query in any general
wireless network.
THEOREM 14. For any wireless network G with n nodes
and diameter D, for any top-k query method, when k= O(D),
there exists a data placement such that at leastW(Dk) mes-
sages are needed to compute the top-k data items.
PROOF. Based on the de�nition of diameterD, we can al-
ways �nd a pair of nodes,u andv, such that the hop distance
between them is at leastD. We randomly place half of the
top-k data items onu and another half of the top-k items on
v. We easily obtain that at leastW(Dk) messages are needed
to just collect the top-k items, regardless of where the sink
node is. When each node can store uptop data items and
k < D, we can placep data items on every node on the short-
est path fromu to v. We randomly place top-k data items on
these nodes. Simple calculation shows that the theorem still
holds.

Obviously, for any deterministic method, each wireless
node need send at least one message. In summary, we get
the following lower bound on the total number of messages
needed byanydeterministic top-k query method.
THEOREM 15. For any wireless network G with n nodes
and diameter D, for any top-k query method, there exists
a data placement such that anydeterministictop-k query
method needs at leastW(n+ Dk) messages.

In the previous analysis of lower-bound, we essentially
present lower-bounds using the diameterD of the network.
We make the following conjecture on the message complex-
ity of any top-k query algorithm, for any general network.
CONJECTURE 16. For any wireless network G with a min-
imum dominating set of size nc, for any top-k query method
(deterministic or randomized), there exists a data placement
such that at leastW(nc logk) messages are needed to com-
pute the top-k data items.

4 Multiple-Objects Model
4.1 Time and Message Ef�cient Methods

In this section, we propose two methods to compute the
top-k set for multiple-objects model. We further give upper
bounds on their time complexity and message complexity for
these two algorithms respectively.

4.1.1 Data Aggregation Based Algorithm
The main idea of our �rst method, named as Data Ag-

gregation Based Algorithm(DA-BA), is as follows. We �rst
construct a CDS, and every dominatorvi aggregates the lo-
cal score of each objectLi from vi and all its dominatees.
In the second phase, the sink node aggregates all the data
contained in dominators along BFS tree of CDS. Finally, the
sink node locally computes the top-k set based on these ag-
gregated data. Refer to Algorithm 5 for details. We will show
that the time complexity of DA-BA is of orderQ(D + mD).

Algorithm 5 Ef�cient Data Aggregation Based Algorithm
Input : A CDS C, a distributive functionf .
Output : top-k objects.
1: for each dominator nodevi do
2: For the set of dominatee nodes of the nodevi ,

the local value of one objectL j from all its
dominatee nodes areaggregatedto vi . In other
words, every dominator nodevi will compute
f (sj (vi );sj (vi;1);sj (vi;2); � � � ;sj (vi;di ) where vi;q de-
notes theqth dominatee node of nodevi , anddi de-
notes the number of dominatees belonging tovi . No-
tice that this aggregation can be done inQ(D) time-
slots for each object.

3: Now we only consider the dominator nodes and the
breadth-�rst-search spanning treeTC of nodes in CDS
(with nodesVC) rooted at the sinkv0.

4: for t = 1 to D do
5: for each nodevi 2 VC do
6: For each objectL j , if nodevi has received aggre-

gated data from all its children nodes inTC, it sends
the aggregated value,f (sj (vi); fi;1; fi;2; � � � ; fi;di ) to
its parent node, wherefi;q is the aggregated value
nodevi received from itsq-th children node inTC.
Here if vi is a connector itself, it will not putsj (vi )
in the aggregated value if this has been aggregated
before.

7: After received all information from all dominator nodes,
the sink node computes the top-kobjects by choosing the
k objects with the smallest aggregated observed value.

THEOREM 17. DA-BA (Algorithm 5) performs top-k query
in O(D + mD) time slots with O(mn) messages.
PROOF. We �rst show that Algorithm 5 costsO(D + mD)
time slots. For simplicity of analysis, we �rst study a basic
case whenm= 1, e.g.there is only one object. The �rst step
in which each dominatee node sends its data to its dominator
node will take at mostO(D) time slots. Then we perform
aggregation in round, where each round is composed ofb
time slots (where constantb is the number of colors needed
to color the interference graph induced by all CDS nodes).
In round 1, all nodes in levelD (all leaves) send a message to
their parents. In roundt, all nodes in levelD � t + 1 should
have received all the messages from their children, they then
compute the aggregation of all data received so far, and then
send the aggregated values to their parents. In all, the total
number of rounds to �nish data aggregation isD. Recall that
each round is composed ofb time-slots. We get the total time



Figure 1. The tree structure used in our example.

latency� bD = O(D).
If there are more than one objects,e.g. m> 1, we can

deliver the messages one by one. We call this as sequen-
tial aggregation. Considering the �rst phase, the domina-
tors need at mostbmD time slots to aggregate allm object's
local score due to the interference; In the second phase, if
we do the scheduling carefully,e.g. using sequential ag-
gregation. Then for each object, we can do it in parallel
way without interference, the time latency is increased by
at mostbm. We immediately have the total time latency is
b(D + mD+ m) = O(D + mD).

The message complexity then follows from the fact that
the length of the tree connectingn nodes isn � 1 and we
havem objects. Therefore, we need to send at mostm� n
messages. This �nishes the proof of this theorem.
4.1.2 Threshold Algorithm Based Algorithm

The answer to a top-k query (with multiple objects)
in distributed databases is well studied before, A number
of proposing and ef�cient algorithms have been proposed.
Among these, the Threshold Algorithm (TA) [12] is the most
well-known due to its simplicity and memory requirements.
TA is based on an early-termination condition and can eval-
uate top-k queries without examining all the tuples. In par-
ticular, TA terminates when a certain threshold is achieved.

Here we propose a TA based algorithm (TA-BA) to com-
pute the top-k set ef�ciently. The basic idea of our method
is as follows. First, imagine that the root nodev0 has asked
each of its children nodes to �nd the top-r elements and its
aggregated values for these topr elements using data items
contained by nodes in the subtree rooted at that child. The
root nodev0 can �nd thepartial aggregated value using these
partial results for each objectLi 2 L . Note that these top-k
elements based on partial knowledge may be not the correct
�nal top-k elements. In addition, the root node computes a
thresholdt that is the aggregated value of all therth objects
from each of the children. Ift is already larger than thekth
smallest value in those partial aggregated values, we �nd the
corrected top-k elements. Otherwise, we increase the search
range by increasingr to r + 1. Refer to Algorithm 6 for de-
tails.

We then show by an example how our threshold based
algorithm �nds the top-k elements. Figure 1 illustrates an
example of a treeT, in which there are 4 objects and the
numbers in each eclipse are the data observed by the rep-
resented node. Here the aggregation functionf is simply
“sum”. For example,[5;3;7;9] denotes that nodev0 has ob-
served a value 3 for the second objectL2. Assume that we

Algorithm 6 TA-BA(T;v0;k)
Input : BFS treeT rooted at a rootv0.
Output : Return top-k ranked objects.
1: Let v0; j , 1 � j � q be theq children nodes of nodev0 in the treeT.

For the original data items[s1(v0);s2(v0); � � � ;sm(v0)] of nodev0, let
b1(v0) � b2(v0) � � � � � bm(v0) be the sorted list in increasing order.
LR = /0. DONE = FALSE;r  1.

2: repeat
3: for each children nodev0; j of the rootv0 in T do
4: Let v0; j compute the top-r element by calling TA-

BA(Tv0; j ;v0; j ; r). Here Tv0; j is the subtree ofT rooted at
v0; j . Let L(r; j) be the set ofr objects returned and leta1(v0; j ),
a2(v0; j ), � � � , ar (v0; j ) be the sorted list ofr aggregated values of
all nodes in the subtreeTv0; j for theser objectsL(r; j).

5: LR  LR [ L(r; j).
6: for each objectLt 2 LR do
7: Let ft (v0; j ) be the aggregated value computed by nodev0; j for

this objectLt using data from all nodes in the subtreeTv0; j .
8: Compute the aggregated value of this objectLt , ft (v0)  

f (st (v0); ft (v0;1); ft (v0;2); � � � ; ft (v0;q)) ;
9: Sort the aggregated values of all objects inLR. Let a1(v0), a2(v0),

� � � , am(v0) be the sorted list. Find the top-k objects that has thek
smallest values.

10: if LR = L then
11: Then nodev0 can simply return the top-k objects correctly.

DONE= TRUE;
12: else
13: t r  f (br (v0);ar (v0;1);ar (v0;2); � � � ;ar (v0;q)) . Here t r is

the threshold value for roundr. If (t r � ak(v0)) then
DONE= TRUE, otherwiser  r + 1.

14: until DONE
15: Return top-k objects.

want to �nd the top-2 elements,i.e., k = 2. First, the node
v0 asks its children nodesv1 andv2 to �nd the top-1 object
in their own subtrees. For nodev1 to �nd the top-1 element
in its subtree, it �rst asks its childrenv3 andv4 to �nd their
top-1 element in their subtree. Then nodev3 returns “object
1 is ranked top-1 with value 1”, andv4 returns “object 1 is
ranked top-1 with value 2”. ThenLR at nodev1 is f L1g.
Nodev1 then gets[3+ 1+ 2; � ; � ; � ] = [ 6; � ; � ; � ] as the ag-
gregated value. The minimum value among these aggregated
values is 6. The threshold valuet computed byv1 in this case
is 3+ 1+ 2 = 6. Since 6� 6, nodev1 then sends its parent
v0 a message “object 1 ranks 1st with aggregated value 6”.

Similarly, nodev5 will send nodev2 a message “object 1
ranks 1st with value 2”, nodev6 will send nodev2 a mes-
sage“object 1 ranks �rst with value 4”. ThenLR at node
v2 is f L1;L2g. Nodev1 then computes the aggregated val-
ues for objectsL1;L2, and it gets[5+ 2+ 4;4+ 7+ 5; � ; � ] =
[11;16; � ; � ]. The minimum value among these aggregated
values is 11. The threshold valuet computed by nodev2 in
this case is 4+ 2+ 4 = 10. Since 11> 10, we can not de-
cide which object ranks 1st at this step, nodev2 has to ask
children nodesv5 andv6 to report the top-2 objects in their
subtree. Then nodev2 gets a message “object 3 is ranked 2
with aggregated value 3” from nodev5, and another message
“object 2 is ranked 2 with aggregated value 5” fromv6. Then



LR at nodev1 is f L1;L2;L3g. Since nodev1 already has the
aggregated values for objectsL1, it will only compute the ag-
gregated values of objectL2;L3 in its subtree and get values
4+ 7+ 5 = 16 and 6+ 3+ 6 = 15. Now nodev1 has a new
threshold value 5+ 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 11< 13. nodev1 then can
send its parentv0 a message “object 1 ranks 1st with aggre-
gated value 11”.

Then nodev0 has two candidate objectsLR = f L1;L2g
whereL2 is from its own data. Then it will compute the
aggregated values of these two objects and it gets values
22, 33 forL1 andL2. Notice that here the threshold value
t 1 = 5+ 6+ 11= 22. Since 22� 22 (where 33 is the aggre-
gated value of currently known second ranked object), node
v0 knows thatL1 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, nodev1 will re-
ply v0 a message “object 2 is 2nd ranked object with aggre-
gated value 14”, and nodev2 will reply v0 a message “object
3 is 2nd ranked object with aggregated value 15”. Now at
nodev0, LR = f L1;L2;L3g. It will compute the aggregated
value of all objects inLR. Finally, our algorithm will return
f L1;L2g as the top-2 elements.
THEOREM 18. TA-BA (Algorithm 6) will answer the top-k
query in O(D + mD) time slots with O(mn) messages.

4.2 Lower Bounds on Messages and Latency
We will show that our methods for top-k query in

multiple-objects model is asymptotically optimum.
THEOREM 19. For any network G of diameter D, and max-
imum degreeD, for any deterministic distributed top-k query
method under multiple-objects model, there is a data place-
ment among nodes such that the method needs O(D + mD)
time slots, and O(mn) messages.
PROOF. First of all, the lower boundD is obvious since the
information about the data on the furthest nodeu from root
v0 should be known by the root nodev0. To propagate any
information from nodeu to v0, it takes time at leastD. Notice
that, here the method may not need to know the actual data
items hold by the nodeu. The lower boundO(mD) on time-
slots, and the lower boundO(mn) on the number of messages
come from the following statement: for any nodeu, nodeu
must send its data about at leastm� k objects. This will be
proved using a special star network, with rootv0 andDneigh-
borsv1, v2, � � � , vD. If there are two nodesvi andv j , 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 ofk objects so that the computed top-k
depending on the values of thesek objects. This �nishes the
proof.

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

tributed top-k query algorithms, we implemented and tested
our algorithms on our real sensor network testbed consisting
of 150 Telosb nodes. We performed experiments of our algo-
rithms under both single object model and multiple objects
model to measure message complexity and time complexity.
Through comparison and evaluation of the performances of

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

different algorithms, we veri�ed and illustrated our theoreti-
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 uniqueID between 0 and 35. In addi-
tion, the node with ID 0 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 with 6� 6
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 top-k 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 informa-
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 collect (dis-
seminate) necessary data messages (used to �nd �nal top-k
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
top-k query. For simplicity, we report our experimental
results when the functionf for both single object and multi-
ple object model is max,i.e., top-k objects meansk objects
with biggest values. We did implement many other functions
for which we have similar performances. The main metrics
we use to evaluate top-k algorithms are the overall delay (la-
tency) and total messages (including all the retransmissions)
used by all nodes.

Table 1 and 2 summarize the main parameters of a TelosB



node and system parameters used in our testbed.

Table 1. TelosB TPR2420CA Parameters
Parameter Value
Processor Performance 16-bit RISC
Program Flash Memory 48K bytes
RAM 10K bytes
Serial Communications UART
Frequency band 2400 to 2483:5 MHz
Transmit (TX) data rate 250 kbps
Indoor Range with full power 20 m to 30 m
Default data transmission power� 15 dBm
Temperature Sensor Range � 40� C to 123:8� C

Table 2. Top-k System Parameters
Parameter Value
# of nodes 36
Topology Mesh 6 (vertical) X 6

(horizontal)
Distance between two vertical
(horizontal) adjacent nodes

60 cm

Beacon & schedule transmission
power

-25 � 0 dBm

Beacon interval 500 milliseconds
Beacon packet size 12 bytes
Data packet size 24 bytes
MAC Protocol CSMA
Power Level of each Telosb 2
Max Transmission Distance around 70 cm

5.1.2 Message Design
To satisfy the different requirements from the top-k al-

gorithms, we de�ned three message types:Control msg,
Data msgandAck msg. TheControl msgtype is used by
beacon messages, which are used to maintain the routing
structure and neighbor management (such as detecting old
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

Table 3. A typical Control msgstructure
Field Version Parent Flag Level Neighbor[X]
Byte 1 2 1 1 2X

only encode one data item of 16-bits in theData msgin or-
der to compare all algorithms fairly. Basically,Data msg
contains four �elds,Version, Flag, SequenceNoandData,
each of them occupies at most two bytes. Here, version is
used to distinguish different rounds, �ag is used to distin-
guish whether the packet should be disseminated to neigh-
bors or relayed to the sink node.

Since the real wireless links are not stable due to back-
ground noise and wireless communication interference, to
compare all implemented top-k algorithms fairly, we use ex-
plicit ACK messages to guarantee the “stable” property of a
wireless link (with cost of retransmissions).
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Figure 3. Single object model. k continues to increase
from 25 to 250with step 25.

Notice that, in terms of different top-k algorithms, each
message type we mentioned above may have slight differ-
ences. For all the experimental results reported here, the de-
lay and messages exclude the phase for constructing the un-
derneath structure such as BFS and CDS since we assume the
routing structure will not change in a period of time such that
constructing the different routing structures for WSN can be
considered as an one-time job.
5.2 Experimental Results

Our testbed consists of 36 Telosb nodes, forming a mesh
topology (6� 6) and the sink node is at a corner, which is
connected to the laptop. We test all top-k algorithms for
both single object model and multiple object model. Un-
der single-project model, we implemented and studied the
performance of our Distributed top-k Query algorithm (Al-
gorithm 1), BFS-BA algorithm (Algorithm 3), and DS-BA
algorithm (Algorithm 4). For each sensor node, after booted,
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 possible top-k
photo values will emerge at different wireless nodes with dif-
ferent time. In other words, every node will maintain a win-
dow with sizep (p = 20 in our experiment) which records
the photo value of lastp seconds. When the top-k algorithm
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
is to �nd the top-k objects (we letk vary from 25 to 250 with
step 25 in our experiment) with top-k biggest values among
all 720 objects. The experimental results are shown in Fig.
3(a) and Fig. 3(b) respectively.

As we can see, the differences of performance among all
three algorithms are not big. Our simulations on large scale
WSNs show that the differences of performance are signi�-
cant when number of nodes reaches some value. In our ex-
periments, the DS-BA algorithm (Algorithm 4) used fewer
messages and less time to �nd top-k value than the other two
algorithms did. This is because that DS-based algorithm can
ef�ciently reduce the transmission times by aggregating data
from dominatees to dominators at the beginning. In addi-
tion, after dominators aggregate all data, the BFS tree con-
necting all dominators is sparse, which implies that the in-
terference is reduced and the average retransmission times
of all nodes are reduced subsequently. However, for BFS-
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Figure 4. Multiple object model. k continues to increase
from 1 to 6 with step 1.

based algorithms, the nodes close to the sink have to wait for
the data from their children, thus, the latency increases. For
Algorithm 1, its latency and total used messages are between
those of the other two algorithms'.

For multiple objects model, we implement both Ef�-
cient Data Aggregation Based Algorithm (Algorithm 5) and
Threshold Based Top-k Query algorithm (Algorithm 6). In
order to compare the performance gain clearly, we also im-
plement a simple BFS-based algorithm by which all wireless
nodes construct a BFS tree rooted at the sink node and each
node sends all its items to its parent until the sink node can
�nd the top-k objects. We use same number of Telosb nodes
and the same mesh topology as we did in the experiment
of single objects model. In our experiments, given a set of
p time-slots, we want to �nd the top-k time-slots with the
highest average observed photo values by all nodes. Here,
the objects the set of time-slots and the value of an object is
the average of photo values collected by all nodes. In our
experiment, we setp = 10. For each node, when it starts the
top-k algorithm, it will consider its lastp monitored photo
values as the values forp objects respectively. In our ex-
periment, we letk vary from 1 to 6 with step 1 and test the
latency and total messages used for each algorithm. The la-
tency and total used messages are shown in Fig. 4(a) and Fig.
4(b) respectively. As we can see from the �gures, for each
algorithm, the total latency and used messages are similar
with the increment ofk. This is because for multiple object
model, regardless of the value ofk, the sink node has to col-
lect all values of all objects from all nodes in order to �nd
the �nal top-k objects, except the TA-based methods. In ad-
dition, Algorithm 5 has the best performance among all three
algorithms. The TA based Algorithm 6, which is supposed to
have better performance, did not perform well here. We an-
alyzed and found that this TA-based algorithm almost has to
collect all values from all nodes just as the other algorithms
did.

6 Related Work
To the best of our knowledge, there is no previous

work addressing the complexity problem on distributed top-
k query in multihop WSNs. For top-k query in traditional
distributed databases, one of the milestone result is [12].
They proposed a simple, yet ef�cient algorithm, called Fa-
gin's algorithm (FA), that works on sorted lists stored in dif-
ferent databases. However, they did not strike to optimize

the communication costs and the latency. The most ef�cient
algorithm over sorted lists is the TA algorithm, proposed by
several groups [13, 23]. Very recently, Akbariniaet al. [1]
proposed another threshold based method, called Best Po-
sition Algorithm (BPA) for top-k query. Using information
about the position of the data, BPA develops a more intelli-
gent stopping mechanism that allows choosing a much better
time to stop.

Several TA-style algorithms,i.e., extensions of TA, have
been proposed for processing top-k queries in distributed
environments,e.g., [5, 8, 21]. The Three Phase Uniform
Threshold (TPUT) [7] is an ef�cient algorithm to answer
top-k queries in distributed systems. Overall, most of the
TA-style algorithms focus on extending TA with the objec-
tive of minimizing query cost in distributed systems modeled
by an one-hop star network. Theobaldet al.[30] introduces a
family of approximate top-k algorithms based on probabilis-
tic arguments.

In [19], Kuhn et al. studied the problem of distributed
selection of median for generalwired networks withN data
items distributed in a network ofn nodes and diameterD.
In particular, they gave a lower bound ofW(DlogD N) on
the time complexity for selection. They then present a
novel Las Vegas algorithm which matches this lower bound
w.h.pThey then proposed a deterministic distributed selec-
tion algorithm with a time complexity ofO(Dlog2

D n). By
assuming that each data item can be represented inO(logN)
bits, Patt-Shamir [24] presented a deterministic method that
computes the median value in which each node transmits
only O(( logn)2) bits, and a randomized method that com-
putes an approximate median in which each node transmits
O(( log logn)3) bits. Babcocket al.[4] study a useful class of
queries that continuously report thek largest values obtained
from distributed data streams (“top-k monitoring queries”).
They show that transmitting entire data streams is unneces-
sary to support these queries and present an alternative ap-
proach that reduces communication signi�cantly. Mouratidis
et al. [22] studies continuous monitoring of top-k queries
over a �xed-size windowW of the most recent data.

To the best of our knowledge, the only results in litera-
ture that deal with related topics in wireless sensor networks
are [10, 11, 14, 18, 24–28, 31–35]. Most of the results did
not directly address the top-k query problems studied in this
paper, except [27, 34, 35]. In [27], Silbersteinet al. pro-
posed a method to formulate the problem of optimizing ap-
proximate top-k queries under an energy constraint as a lin-
ear program by using the historical data to predict the future
data. In [34, 35], the authors address the top-k queries in
streaming data and they exploit the semantics of top-k query
and propose a novel energy-ef�cient monitoring approach,
called FILA. The basic idea is to install a �lter at each sensor
node to suppress unnecessary sensor updates. No complexity
bounds on the required time-slots and messages by ef�cient
top-k methods are known in the literature.

7 Conclusion
A number of interesting and challenging questions are left

for future study. The �rst question is to close the gap be-
tween the lower bounds and upper bounds achieved by our



methods on various models. The second question is to relax
the requirement of exact top-k queries to approximate top-k
queries. The third question is to design ef�cient methods for
top-k query in data streams where each sensor nodevi pro-
duces a data item everydi time-slots. We also would like to
know the time and message complexity of performing top-k
query in this model.
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