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Abstract—In this paper, we study efficient data collection and aggregation has been extensively studied in the contynuni
for wireless sensor networks. We present efficient distribted of networking and database. Surprisingly, little is knovooat
algorithms with approximately the minimum delay, or the min- the complexity tradeoffs of this operation.

imum messages to be sent by all nodes, or the minimum total In 1101. five distributi fi .
energy costs by all nodes. We analytically proved that all au n [10], five distributive aggregation®ax min, count sum

methods are either optimum or are within constants factor of and averageare carried out efficiently on a spanning tree.

the optimum. We then investigate the possibility of desigmg Subsequent work did not quite settle the time complexity,
one universal method such that the delay, the messages seryt b the message Comp|exity and the energy Comp|exiw of data
nodes, and the total energy costs by all nodes are all optimum collection and aggregation, nor the tradeoffs among these

or within constants factor of optimum. Given a method A for th ibl flicti biecti The cl ¢ s
data collection let o1, on, and o be the approximation ratio of ree possibly conflicing objectives. € closest resa

A in terms of time complexity, message complexity, and energy [7]-[9]. All assume a complete wireless network, which is

complexity respectively. We then show that, for data colleion, usually not true in practice. Furthermore, to the best of our

there are networks of n nodes and maximum degreeA, such knowledge, no fundamental results on the tradeoffs amoag th

that oner = Q(A) for any algorithm. time complexity, message complexity, and energy complexit
Index Terms—Time complexity, message complexity, energy, were known before this work.

sensor networks, data collection. To the best of our knowledge, we are the first to study
the tradeoffs among the message complexity, time complexit
. INTRODUCTION and energy complexity for data collection; we are the first to

For wireless sensor networks, often the ultimate goal is R§€Sent lower bounds (and matching upper-bounds for some
collect the data (either the raw data or in-network-proedssCases) on the message complexity, time complexity, andjgner
data or both) from a set of targeted wireless sensors to soffgnPlexity for data collection in wireless networks. Theima
sink nodes and then perform some further analysis at sifRntributions of this paper are as follows.
nodes. Convergecast is the common many-to-one communicalVe design algorithms whose time complexity and message
tion pattern used for these sensor network applicationthign COMplexity are within constant factors of the optimum. The
paper, we study some fundamental complexity problems fginimum energy data collection can be done using minimum
data collection in wireless sensor networks. cost shortest path tree. We further show that no data cialfect

Data collectionis to collect the set of data items; stored &lgorithm can achieve approximation ratq, for message
in each individual node; to the sink nodevy. We will first cOmplexity andep for energy complexity withoxs - 0p =
design efficient algorithms whose complexity is asymptoljc o(A). We then.pr.ove that our data coIIectlon. algorlthm has
same as (or within a certain factor of) the complexity ofNergy cost within a factoO(A) of the optimum while
the optimum for data collection. We will then study itdtS time and message complexity are within(1) of the
complexity and present efficient algorithms to solve it. Thegorresponding optimum. Thus, our method achieves the best
complexity of a problem is defined as the worst case cdsgdeoffs among the time complexity, message complexity an
(time, message or energy) by the best algorithm. Studyiag fNe€rgy complexity.

complexity of a problem is often challenging. Data collenti  1he rest of the paper is organized as follows. In Section I,
we first present our wireless sensor network model, define the
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network model that is widely used in the community. Weath from the root tay;. The subtree ofl” rooted at a node
assume that there are + 1 wireless sensor nodeE = wv; is denoted a¥'(v;), the parent node of; is denoted as
{vo,v1,v2,- - ,v,} that are deployed in a certain geographipr(v;), and the set of children nodes of a nageis denoted
region, whereu, is the sink node. Each wireless sensor nodes Child(v;).
corresponds to a vertex in a graghand two vertices are con-
nected iff their corresponding sensor nodes can commumicgt
directly. The graphG is called the communication graph of
this sensor network. We assume that links are “reliable’envh ~ We will mainly study the time complexity, message com-
a nodev; sends some data to a neighboring noglethe total plexity, and energy complexity of data collection in wirgde
message cost is only, although in practice node may need sensor networks.
re-transmit several times. In some of the results, we furthe The complexity measures we use to evaluate the perfor-
assume that all sensor nodes have a communication ranggnce of a given protocol are worst-case measures. The
r and a fixed interference rangeé = ©(r). For simplicity, message complexitgnd theenergy complexityrespectively),
we may assume that = 1, i.e., is normalized to one unit. of a protocol is defined as the maximum number of total
In other words, the communication gragh is a Unit Disk messages (the total energy used, respectively) by all nodes
Graph(UDG). over all inputs,i.e., over all possible wireless networks of

Let h(v;,v,) be the hop number of the minimum hop pat# nodes (and possibly with additional requirement of having

connecting; andv; in graphG, andD(G) be the diameter of diameterD and/or maximum nodal degre®) and all possible
the graphj.e., D(G) = max,, , h(v;,v;). Here, we assume data distributions ofA over V. Thetime complexitys defined

that D(G) > 2. If D(G) = 1, then the graplG is simply a 28S the lapsed time from the time when the first message was

completed graph and all questions studied in this paper ¢t to the time when the last message was receivedoWes
either be trivial or have been solved [7]-[9]. For a gragh Poundon a complexity measure g, message complexity) is
we denote its maximum degree A$G). When each node; the minimum complexity €.g, message complexity) required _
hasn; data items, we define the weighted degree, denotedbé/sa_" prot(_)cols that answer the queries corr_ectly. The approxi-
dvi(G). of a nodev; in graphG asn; + 3, ., , < - The mation ra’_[|0gT (resp.gM andog) for an algorithm denotes the.
: . o X worse ratio of the time complexity (resp. message complexit
maximum weighted degree of a graph denoted as\(G), . : .
: . 5 and energy consumption) used by this algorithm compared to
is defined asnax; d,, (G). . X . .
) ‘ - ) . an optimal solution over all possible problem instances.

Each wireless node has an ability to monitor the environ- Here we assume that TDMA MAC is used for channel

ment, and collect some data (such as temperature). Assquggge_ Obviously, the complexity depends on the TDMA

that A = {ai, as,- - ,an} is a totally ordered multi-set aV .01 policyS. Let X (v;,t) denote whether node; will

elements collected by all nodes. Here)V is the cardinality anqmjt at time slot or not. Then a TDMA schedule policy
of set A. Each nodey; hasn; amount of raw data, denotedS is to assign0 or 1 to each variableX (v;,). A TDMA

asA; C A. SinceA is a multi-set, we assumé; N 4; =0 chedule should bénterference free no receiving node is

for : #,j qndA - U?zl_ A; Then(Ay, Ay, -, Ay) is called \inin the interference range of the other transmitting exod
a distribution ofA at sites ofl’. We assume that one packef, siher words, if the schedule is define for trée for any

(i.e, message) can contain one data itemthe node ID, plus o slott, if X (v;,¢) = 1, then X (
additional constant number of bitse., the packet size is at ’ ’
the order of©(logn + logU), whereU is the upper-bound
on values ofa;. Such a restriction on the message size @
realistic and needed, otherwise a single convergecastdwo

suffice to accumulate all data items to the sink which WiE
subsequently solve the problems easily. We consider a TD

MAC schedule and assume that one time-slot duration allows 4o~ collection along is ", n; - dr(v;). The energy

transmission of exactly one packet. complexity, defined as the total energy needed by all nodes
If energy consumption is to be optimized, we assume thgjr completing an operation, of data collection usiiigis
the minimumenergy consumption by a nodeto send data S B, pr(v)) - ZUET(U‘) njl.
correctly to a nodey, denoted as(u,v), is c1 - [lu — v[|*,  The TDMA schedule should also belid in the sense that
wherec; (normalized tol hereafter) andv > 2 are constants every datum in the network will be relayed to the root. In othe
depending on the environment. We assume that each wirelggsds, in treeT’, when nodey; sends a datum to its parent
sensor node can dynamically adjust its transmission powerf,.(,,) at a time slot, nodeps(v;) should relay this datum at
the minimum needed. some time-slot’ > ¢. The largest timé such that there exists
For data queries in WSNs, we often need build a spanniagnodev; with X (v;, D) = 1 is called thetime complexity
tree T of the communication grapty first for pushing down of this valid schedule. Timé is also called thenark-span
queries and propagating back the intermediate result@nGiv of the schedules. Generally, a schedul§ can be defined as
treeT, let H(T') denote the height of the trelee., the number assigning0 or 1 to variable X (v;, ¢, k): it is 1 if and only if
of links of the longest path from root to all leave nodes. Theodewv; will relay datuma, at time slott. Clearly, a schedule
depth of a node; in T, denoted agr(v;), is the length of the S is valid for data collection ofA using treeT, iff for every

Problems and Complexities

vj,t) # 1 for any node

v; such thatpr(v;) is within the interference range of.

Data collection is an operation to collect the set cdw

ta itemsA from all sensor nodes to the sink node. It can

done by building a spanning tr&erooted at the sink,

nd sending the data at every nageto the root node along
unique path in the tree. Clearly, theessage complexity



nodewv; and time slott, ZvjeChild(vi)Zz;i X(vj,b)+n; > to their parents. We discuss some properties of the data
L X(v;,b). Here b e Child(e. =1 X (v;,b)+n, is the CcOmmunication tree.

t%:tgl lnur(nber)of datazitéerr%1 ﬁg&)gzhgslsegar? so far till ime ~ Theorem l:Let ¢ and C be a graph and its CDS re-

slott and>";_, X (v;,b) is the total number of data items thaSpectively. The data communication trde has following

have been relayed by node so far till time slott. Then the Properties:

time-complexity optimizing data collection problem is tadi 1) A(Tc) <d.

a spanning tred’ and avalid, interference-freescheduleS ~ 2) For any edge € Er, let I(e) be the set of edges ific

such that the mark-span is minimized. that have interferences with then|/(e)| < c-d- A(G)
In this paper, we will mainly study the complexity and  for some constant depen-dlng OnR/7.
efficient algorithm for data collection in wireless senset-n Proof: The first property directly comes from the property

works. To address each of these problems, we usually figftthe CDSC. For any edge: = uv € Er, eitheru or v will
build a spanning tred” and then decide a interference-fre®€ inC based on our construction. Assume= V' (C). For all
and valid schedule of nodes activities such that certain-cofflges having interferences with both end nodes should be
plexity measure is optimized. However, our lower bound anithin distance2r + R from . SinceR = ©(r) and the CDS

approximation argument do not depend on the communicatidds a constant-bounded degree, there are at most a constant
graph used, which may not be a tree. number of nodes o€ within this range. On the other hand,

all edges ofl" have at least one node ©. Then it is easy to
show that|I(e)| < (££22)2d - A(G) by an area argumenm
All our methods will be based on a good CDS and using
A number of our methods will be based on a “goodgata clustering: given a good CDS, for a nodec V \ V¢, it
connected dominating set (CDS) that has bounded defjregends the data items to its dominad¢r) in a TDMA manner.
and bounded hop spanning ratio. Here a subgidptf G is  |emma 2: Given agoodCDS of the graplG, data cluster-
a connected dominating set if (1) graphis connected, and ing can be done in tim&(A(G)).

(2) the set of vertices off is adominating seti.e., for every Proof: We use the communication tréB to do data
nodev € G\ H, there is a neighboring node € H, i.e, clustering. For a node € V' \ V¢, assume that the edge(v)

uv € G. Notice that in this paper we treat CDS as a graphterferes with an edged(u). Then dominator node&«) and
which includes the edges between dominators and connecigs) are within distance at mosk + 2r. Thus, there are at
in CDS. A subgraphff of G has a bounded spanning ratio ify gt Ltf’”)zd such dominator nodes. Thus, the total number

for every pair of nodes: and v in 1, the distance (nOp Or ¢ ot jtems of all nodes such thatud(u) interferes with

we!ghted distance) of the _shortest path.connecmrzmdv in W is at most(mf’”)zd “A(G) = O(A(G)). Hence, every
H is at most a constant times of the distance of the shortes b edaerdiol r b heduled to t it 1 .
path connecting them in grag. such edgev;d(v;) can be scheduled to transmit times in

A number of methods have been proposed in the literatu éA(G)) time-slots using a s?mple greedy coloring method
to construct such a good CDS. See [1], [2] for more detail at colors the nodes sequentially using the smallestavail

A simple method is to partition the deployment region int olor. -

grid of sizer/+/2, select a node (calledominato) from each | A{ther datadclusterlhng, all qlatta;] elementsta(;edclu§ter§ﬂdn ¢
cell if there is any, and then find nodes (callemhnector} to n other words, each nodg in the connected dominating se

connect every pair of dominators that are at n¥skbps apart. now W'.“ have data f_rom all nodes d(_)mlnated by The data
Then the diameter of the CDS is at most a constant times fSte"nY asymptotlcally does not incur additional cost f
the original diameter of grapy. The complexity of building tlme_ complexity and message complexity when= O(1). .
a good CDS at each node is orfy(dlog d), whered is the N0t|ce that the total number of messages for data clustering
number of neighbors of that node. We assume the availabillﬁrzvievc Mi-
of a good CDS hereatfter.
Given a graptG = (V, E), letC = (V¢, Ec) be a connected IV. EFFICIENT DATA COLLECTION
dominating set ofG where V¢ is the set of dominators and |n this section, we design efficient methods for collecting
connectors andEc is the edges between dominators angdata in wireless sensor networks.
connectors. For a node € V¢, let Tc be a BFS tree ofC.
For a nodev € V' \ V¢, we define a unique dominatadlv)
which is the one having the shortest hop distance to the s
[y We first study the data collection with the minimum number
Definition 1 (Data Communication Tree (DCT)For a Of messages. When all links are reliabi®,., we only need
graph G and its CDS, the data communication tréeis one message to send a packet from a notie a nodev over
defined as followsT = (V, Tc U {vd(v) |v € V' \ Vc}. a link (u, v), we should collect any source data from a source
Given data communication tree, an aggregate operatid@dev; to the sink nodey, over the path with the minimum
consists of (possibly repeated) two phasesprapagation number of relay nodesge., with minimum hop number. Thus,
phase where the query demands are pushed down into théheorem 3:Data collection can be done with minimum
sensor network along the tree; andamyregatiorphase where number of messages,;_, n;-h(v;, v) using a BFS tree with
the aggregated values are propagated up from the childfeat v if all links are reliable.

Ill. CONNECTEDDOMINATING SET

iﬁk Minimize Message




B. Minimize Energy Theorem 5:Given a connected wireless network
We then study the data collection with the minimum erc data collection can be done in tim® (V) with

‘ O3, nih(vi,v9)) messages.
ergy cost. Apparently, for any element, it should follow the IZD 1 i E 5 S A ots. the dat
minimum energy cost path from its origin to the sink nade roof: From Lemma 2, inO(A(G)) time-slots, the data

in order to minimize the energy consumption. So minimizinaIements éromdeagh ?Ommgtee. ntﬁde are c:)llgzc(';ed .to t.the
the energy is equivalent to the problem of finding the shorte prresponding dominator node in the connected dominating

paths from the sink to all nodes (where the link cost is t et We show that aftel + H(Tc) rounds, all elements can

its energy cost now), which clearly can be done in tim e scheduled to arrive in the root, whei#&T¢) is the height
O(m + nlogn) for a (;ommunication graph of nodes and of the BFS treel:. Algorithm 1 illustrates our method to
m links. We call the tree formed by minimum energy patﬁ‘Ch'eVe thls'd is in levels if th hf .

from the root to all nodes as thminimum energy path tree A CDS nodev is in leveli if the path fromw 10 v In BFS

(MEPT) Let E(v;, o) be the energy cost of the path from treeTc hasi hops. A leveli is said to beoccupiedat a time
0 vy With the mi;limum energy cost. Thus, we have instance if there exists one CDS node from leivéiat has at

Theorem 4:Data collection can be done with minimumfrzsgggj ?:éa'a'?tzsrucn;ﬁ;;?; Or(;%'tnaa:clr)gzll ;Tlvﬁfn[qli’nggcz‘]o de
energy cosb;_, n; - E(vi, vo) using a MEPT tree with root We will sr?o that each ro ndgthe root will get at least one data
vp If a link (u,v) has an energy codt(u,v). Wl W u wilg

item if there are data in the network. We essentially willwho

Clearly, when links are not reliable, we have to take int : . .
. - at the occupied levels ao®ntinuousi.e., before each round
account the energy cost in retransmissions. In other words

we need Us&(u, v)/p(u, v) as the expected energy cost of & there isL; such that all levels i1, L,] are occupied and
link (u, v) U, V)P, v P oy Fevels in[L,+ 1, H(I¢)] are not. We prove this by induction.

This is clearly true for round. Assume that it is true for round

t. Then in round, for each level € [1, L, — 1], every node in

leveli 41 will send its data to its parent in levél Then every

leveli € [1, L, — 1] will have data for sure before rourtd- 1.
Then we study the time complexity of data collectionThen clearly,L;,; = L, if some nodes in leveL, still have

Notice that, the transmissions of nearby nodes should beggme data: otherwise we set,; = L;—1. Consequently, root

different time slots to avoid the interferences. We assumaé twill get at least one data item for each round whenever there

all links are reliable hereafter. are data in the network. Since there are at mésiata items,
Algorithm 1 presents our efficient data collection methofigorithm 1 will take at mostV rounds,i.e, O(NN) time-slots

based on a good CDS. The constructed CDS has a degrepecause each round is composed of consfatime-slots.

at most a constard, and similar to Theorem 1, all nodes in When not all levels are occupied initially, then it is easy

CDS can be scheduled to transmit once in constant©(d) to show that after at most (7¢) rounds, the occupied levels

time-slots without causing interferences to other nod&i$. will be continuous Hence, the collection can be done in at

We take( time-slots as oneound most N + H(Tc) rounds. Notice that (Tc) = ©(D(G)).
First, the data elements from each dominatee node (a n@ignsequently, the total time-slots are at meXA(G)) +

not in C) are collected to the corresponding dominator node(N + D) = O(N) sinceA(G) < N.

in the connected dominating sét Here the dominatee nodes On the other hand, for any data collection algorithm, it reeed

that are one-hop away from the sink nodg will directly at leastV time slots since the sink can only receive one data

send the data toy. Notice that this can be done in time-slotstem in one time slot and there afé data items.

O(A(G)) by Lemma 2. The total number of messages used by the algorithm is of
Now we only consider the dominator nodes and the bread#burse at most " | n;h(v;,v9) as the element at node

first-search spanning tré&: of nodes in CDS rooted at theare relayed by at most x h(v;,v9) nodes in CDS (since

sink vo. Every edge in the tregéc will be scheduled exactly h(v;,vy) > 2). Obviously any algorithm needs at least

once in each round. For simplicity, we do not schedule sendif"" | n;h(v;,vy) messages. u

an element more than once in the same round. At every round,

nodes in CDS push one data item to its parent node until all

data are received byy.

C. Minimize Time Delay

V. COMPLEXITY TRADEOFFS FORDATA COLLECTION

One may want to design a universal data collection method

Algorithm 1 Efficient Data Collection Using CDS whose time-complexity, message-complexity and energy-

Input: A CDS C with bounded degred, tree 7. complexity are all _Within_constant factors of_ the_ optimum.
Observe that Algorithm 1 is a constant approximation fohbot

time-complexity and message-complexity. However, it i$ no
a constant approximation for energy-complexity. Constter
following line network examplen + 1 nodes are uniformly
gistributed in a line segmeft, r|; Sink vy is the leftmost node
and nodey; is at position: - /n and has one data item. Here
we assume: = 1. See Figure 1 for illustration. Assume the
energy cost for a linkuw is |Juv||?. Then the minimum cost

: Every nodev; sends its data to its dominator nodg;).

:fort=11to N do

for each nodey; € V¢ do
If nodev; has data not forwarded to its parent nod
in Tc, nodev; sends a new data to its parent in roun
t.




data collection is to let node, send all its data to node_,. Notice that sincepry > 1 and a > 2, we have
The total energy cost |§:l 14 7z = 1/2. While the energy (or)* Yop)*™t > (om)* tor > ’2‘2:11. Consequently,
cost of collecting data via CDS Ezzl(n) ~n/6. On the ou - op > n/2 still holds.
other hand, the total number of messages of the minimum-When we also take the maximum degréeinto account,
energy data collection scheme ign — 1)/2 and the time the above lemma implies the following corollary (the pro®f i
slots used by this scheme is al&gn?); both of which are essentially same).
©(n) times of the corresponding minimum. Corollary 7: For any data collection algorithed, there are
graphs ofn nodes with maximum degref, such thato,, -
The above lemma also implies that for any data collection
algorithm A, on - 0 - or = Q(A), where gp is the
approximation on the time-complexity by algoriths. We
then show that for Algorithm 1pr = O(A(G)).
Lemma 8:Algorithm 1 is o = O(A(G))-approximation
for energy cost.

Proof: Consider any node; and its minimum energy
pathP,,,, (G) = ujus - - - ux, to the sink nodey in the original
communication graptyy, whereu; = v; anduy = vg. Assume
Fig. 1. Example: (a) a line network with + 1 nodes; (b) the minimum that the total Euclidean length of this path/is Obviously,
energy data collection tree; (c) the data collection treeGDS, whereo is k& < h - A/r since any node can have at mastneighbors
the only dominator. within distancer. Let z; = ||uzul+1|| Then the total energy

cost is "~ 22. Obviously, > 22 > (21671””)2 > b
Consider any data collecting algorithr Let o5, andor  On the other hand since the Euclldean distance of the storte
be the approximation ratio for the message-complexity apath in G betweenv; and vy is at mosth, the shortest hop
energy-complexity of algorithmd. We show that there are path connecting them is at moafh/r] hops. Thus, we can
graphs ofn nodes such thaty; - o5 = Q(n). find a path using CDS to conneet and vy using at most
Lemma 6: Assume the energy cost for supporting a link  2+3-[2h/r] < 4[227 hops. The inequality is due tdv/r] >
is |uv||?. For any data collection algorithm, there are graphs 2. Consequently, the total energy of the path conneatjrand
of n nodes, such thaiy, - op = Q(n). vy based on CDS is at mosf22] . 2. Observe that our data
Proof: Consider the line graph example defined previollection algorithm based on CDS will use the shortest hop
ously. For a nodev;, assume that the data collection patipath to route the data from to the sinkv,. Thus, the energy
is composed ofk; hops and the Iength of thé; links cost of data collection using CDS is at m@stA) times of

are x;1, Ti2, "'+, Tik,. Then Z ‘,z;; = L. The total the minimum. ]
energy cost, denoted as, of such data collectlon path is Consequently, we know that Algorithm 1 is asymptotically
e; = Zkizl %zj > (21711» i.7) . Thus, optimum_ if we want to optimize the time—cornplexity, message
I ' : complexity and energy-cost-complexity simultaneousiyr O
k> (1)2 the other hand, the minimum energy data-collection based on

minimum energy path tree (MEPT) has delay that is at most

Obviously, the total number of messages &7é_, k; and O(A") times of the optimum.

the total energy cost i§"!" | ¢;. We will use the Holder's Lemm4a 9:Data collection using MEPT is¢r =
inequality: for positiver; andbz, p>0,q>0with 141 —1, O(A(G)*)-approximation for time complexity.
we have Proof: Consider the node such that its minimum energy
" 1 path P to the root has maximum number of hops, which
Q_a PquwZaz i th Eucli
contains data. Assum& hash hops with Euclidean length
= Y1, Y2, ,Yn. Then ZLI Yi > % since every node can

: n 1 n 1 no % g% have at mostA nodes withinr distance. The total energy of
Equivalently, (>, ai)i 1 b 2 > ,ar-b7. Then _
i (e ) 2iim1 this path isZ?:l y? > M > "A—T;. On the other hand,
" (n—1)*  consider the path from to root with minimum number of hops
> 7/ E = . . . .
(Z; ki) z; €2 Z \/_ 2; 4 hs. For this path its energy cost is at mast-, which should
= ’ ’ be at IeasgZ 1 1/2 due to optimality ofP. Thus,hor? z
Clearly, the minimum number of messages i®r any scheme implies thath < haAZ2.
and the minimum energy cost i/2 for any scheme. Thus, Ny consider an edge in the MEPT, scheduling this edge

we haveoa - op = (n —1)*/(2n) = O(n). B will interfere O(A?) nodes. SinceV/ EPT is planar, at most
Notice that we generally assumed that the energy cost {9{A2) edges in MEPT will be interfered. In other words, if

supporting a linkuv is [[uv(|*. Then we can show that we take one round to b&(A2) time slots, each edge in the
ot no—1 MEPT can be scheduled once. The height of the MEPT to be
(om)* op > a1 h. Scheduling the MEPT in a fashion similar to Algorithm 1




can finish the data collection operationdN + h) rounds, network. In [7], Kashyagt al. studied a randomized (gossip-
henceO(A?(N + h)) time slots. On the other hand, any datdased) scheme using which all the nodes in a complete overlay
collection algorithm will takeQ(NN + h9) time slot. Hence, network can compute the common aggregatesaof, max,
data collection using MEPT igr = O(A(G)*). B sum, average, andrank of their values using(n loglogn)

We construct a network example, in which the MEPMessages withi®(logn loglogn) rounds of communication.
has delay that i€2(A?) times of the optimum. Consider aKempe et al. [8] earlier presented a gossip-based method

rectangleuvwz with side-length||uv| = p - and |uz|| = which can get the average i(log n) rounds withO(nlogn)
p%r(l—e). There are+1 nodesu = wuy, ug, - -+, upp1 = v Messages.

uniformly distributed over the segment andg = pA%/8—1 VIl CONCLUSION

nodeswy, vq, ---, v, uniformly distributed over the rest of )

the 3 segments. Then it is easy to show that the MEPT path There are still a number of interesting questions left for

connectingu and v is uv vy - - - vv, With ¢ = pA2/8 — 1 future resear_ch. One is to design efficient algorithms when

hops. Obviously, the patius - - - u, connectingu andv has each node will produce a data stream. The second challenge

the least delay. is what is the best algorithm when we do not require that

the found data item to be precisee., we allow certain

relative errors, or additive errors on the found answer. We

also need to study the lower bound on energy cost and design
Most existing convergecast methods [3], [6], [14] are bas&ergy efficient algorithm for other data operations, sush a

on a tree structure and with minimum either energy or daéggregation, selection, tdpquery, and other holistic queries

latency as the objective. For example, [14] first constractssuch asmost frequent itemsiumber of distinctive items

tree using greedy approach and then allocates DSSS or FHSS

codes for its nodes to achieve collision-free, while [3],U6es

TDMA to avoid collisions. In [3], the authors didotgive any 1 Ge8nitn o T e, X e Transaiions

theoretical tradeoffs between energy cost and latencyn@ha  on Parallel and Distributed Processing 14 (2003), 408-421. Short

and Huang [16] proposed a hop-distance based tempOra]l Xel.riigSBiln IKEEII\fl ICVE\)//(A:I\? 2POO§ AND FRIEDER, O. Message-optimal

coordination heuristic for adding transmission delaysvinich e L o iy

collisions. They studied the effectiveness of packet agggien ffggf)ftﬁg.dfg_"fé'ﬂg sets I moble ad hoc neworkAghl Mobihoe

and duplication mechanisms with such convergecast fram& ARUMUGAM, M., AND KULKARNI, S. S. Tradeoff between energy and

work. Kennelman and Kowalski [9] proposed a randomized @:&Zﬁ;ﬁroﬁm\gﬁf&aﬁsggoiﬁgeg;nsgzn?sf EP&%"’M International

distributed algorithm for convergecast that has the exgukct [4] CHu, D., DESHPANDE A., HELLERSTEIN, J. M., AND HONG, W.

running timeO(log n) and use®)(n logn) times of minimum Approximate data collection in sensor networks using pdistic

energy in the worst case, whetéds the number of nodes. They Eﬁ;ﬁ':érmg rgé%eg,'gg)s(z%foge ;223. International Conference on Data

also showed the lower bound of running time of any algorithms] ConsibINE, J., Li, F., KoLLIOS, G., AND BYERS, J. Approximate

in an arbitrary network i§2(log n). However, they assume that _ aggregation techniques for sensor databaseCE (2004), p. 449.

all nodes can dynamically adjust its transmission powemfro (! Somg:'g?éa{sst "sfgeA(;\luﬁi’n\g(. 'ir?'\\‘/\ﬁrgggg2&%0?22&?%?&??&&8

0 to any arbitrary value and a data message by a node can (2006), p. 50.

containall data it has collected from other nodes. In [4], Chul7l KASHYAP, S., DEB, S., NaIDU, K. V. M., RASTOGI, R., AND SRINI-

et al. studied how to provide approximate and bounded-loss X’(\:S,\jNs’yf_\ﬁpoESfiffn'f”éngOsrsifc'iz?esfdoﬁgdgartefbégseCzys‘i;tﬁa&?&Pg’g,a;

data collection in sensor networks instead of accurate. data pp. 308-317.

Their method used replicated dynamic probabilistic model8] KEMPE, D., DOBRA, A., AND GEHRKE, J. Gossip-based computation

sl R of aggregate information. IROCS '03: Proceedings of the 44th Annual
to minimize communication from sensor nodes to the base IEEE Symposium on Foundations of Computer Sci¢@683), p. 482.

station. [9] KESSELMAN, A., AND KOWALSKI, D. R. Fast distributed algorithm for
To significantly reduce communication cost in sensor net- convergecast in ad hoc geometric radio networlds Parallel Distrib.
ks. in-network tion has b tudied and i Comput. 664 (2006), 578-585.
WOrks, In-network aggregation has been studied and IMpi&s) pmappen, S., FRANKLIN, M. J., HELLERSTEIN, J. M., AND HONG,
mented. In TAG (Tiny AGgregation service) [10], besides the = w. TAG: A Tiny AGgregation service for ad-hoc sensor netveorkn
basic aggregation types (such @unt min, max sum aver- Proc. 5th USENIX OSD(2002).

- . . 1] MADDEN, S., RRANKLIN, M. J., HELLERSTEIN, J. M., AND HONG,
age) prowded by SQL, five groups of pOSSIble sensor aggrEl- W. The design of an acquisitional query processor for senstworks.

gates are summarized: distributive aggregages, Count min, In ACM SIGMOD(2003), ACM, pp. 491-502.

max, sun), algebraic aggregates.(), averagg, holistic aggre- [12] MANJHI, A., NATH, S.,AND GIBBONS, P. B. Tributaries and deltas:
t di . t t disti efficient and robust aggregation in sensor network streamsACM
gates €.g, mediar), unique aggregate®.g, count distinc}, SIGMOD (2005), pp. 287-298.

and content-sensitive aggregatesy( fixed-width histograms [13] NatH, S., GeBONS, P. B., SSHAN, S., AND ANDERSON Z. R.

andwavelet$. Notice that the first two groups aggregates are Synopsis diffusion for robust aggregation in sensor netaoin ACM
to achieve by a tree-based method. To overcopg -o"SY$2004). pp. 250-262.

very easy 1o achiev y ’ Vv UPADHYAYULA, S., ANNAMALAI , V., AND GUPTA, S. A low-latency

the severe robustness problems of the tree approaches [10], and energy-efficient algorithm for convergecast in wirglesnsor net-

[11], [15], multipath routing for in-network aggregatioras works. InlEEE GLOBECOM(2003), vol. 6, pp. 3525-3530.

s [15] Yao, Y., AND GEHRKE, J. Query processing in sensor networks. In
been proposed [5]’ [13]' Then recently Man}m al. [12] Proc. of Conference on Innovative Data System (CICER03).

combined the advantages of the tree and multi-path appesacfi6] zrang, Y., AND HUANG, Q. Coordinated Convergecast in Wireless
by running them simultaneously in different regions of the  Sensor NetworkslEEE MILCOM (2005), 1-7.
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