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Abstract—Data aggregation is a key functionality for wireless node. Every node; has an ability to monitor the environment,

sensor network (WSN) applications. This paper focuses on & and collect some data (such as temperatlre), v; has a
aggregation scheduling problem to minimize the latency. We set of raw datad;. Let A = U" , 4, and N = |A| be the
7 - = ) -

propose an efficient distributed method that produces a coiéion- .
free schedule for data aggregation in WSNs. We theoreticall cardinality of the setd. Then (A, Ay, ---, Aj,---, Ay) IS

prove that the latency of the aggregation schedule generale Called a distribution of4 at sites oflV. Data aggregation is
by our algorithm is at most 16R + A — 14 time-slots. Here R to find the valuef(A) for a certain functionf, such asmin,

is the network radius and A is the maximum node degree in max, average, variancand so on with minimum time latency.
the communication graph of the original ngtwork. Our extensve The data aggregation scheduling problems have been ex-
simulation results corroborate our theoretical results ard show tensivelv studied i t Th t related
that our algorithms perform better in practice. ensively studied In recent years. € mos rg ate Or_]es are
i . ) as follows. Huanget al. [9] proposed a scheduling algorithm
Index Terms—Wireless networks, aggregation, scheduling, la- with the latency bound dI3R + A + 18 time-slots, whereR is
tency, sensor. . . .
the network radius and\ is maximum node degree. However
the interference model used in [9] is a simple primary inter-
. INTRODUCTION ference model: no node can send and receive simultaneously.

Wireless sensor networks (WSNs) have drawn considerabl@der Protocol Interference Model, Yet al. [3] proposed
amount of research interests for their omnipresent applich distributed scheduling algorithm generating collisioee
tions such as environmental monitoring, spatial explorati Schedules that has a latency bound2eD + GA + 16 time-
and battlefield surveillance. To design and deploy sucakss!OtS: whereD is the network diameter.
wireless sensor networks, many issues need to be resolvedh® main contributions of this paper are as follows. We
such as deployment strategies, energy conservationpgpinti ProPose efficient algorithms that will constru_ct a _data agar
dynamic environment, localization and so on. All the issug@tion tree and a TDMA schedule for all links in the tree
essentially correlate to collecting data from a set of tage SUCh that the latency of aggregating all data to the sink node
wireless sensors to some sink node(s) and then perform|@PProximately minimized. For simplicity of analysis, wee
some further analysis at sink node(s) which can be termitf following interference model: when a nodés receiving
as many-to-one communication. In-network data aggregatig@t@ from a sender, v is not within the interference range
[15] is one of the most common many-to-one communicaticm any_o_ther active s_ende:r As an |Ilustratlon, We_flrst present
patterns used in these sensor networks, thus it becomes a ¥@yefficient centralized algorithm that will build a TDMA
field in WSNs and has been well-studied in recent years, Schedule of links based on the aggregation tree which is

We consider the problem of designing a schedule for ddtyild distributively. Our schedule uses a bottom-up appinoa

aggregation from within networks to sink node(s) with miniSchedule nodes level by level starting from the lowest level

mum time-slot latency. Some of previous research works &' Simplicity of analysis we assume that the interference
in-network aggregation did not consider the collision peo '@ng€rr = 7, and then we theoretically prove that the latency
and left it to the MAC layer. Resolving collisions in MAC ©f the aggregation schedule generated by our algorithm is
layer could incur a large amount of energy consumption and®h MOSt16R + A — 14 time-slots. Notice that, for general
large latency during aggregation. Thus, in this paper watpai 77+ OUr algorithm will produce a coII|S|on-1;ree schedule for
. ) - .
concentrate on the TDMA scheduling problem above the MAgg9regation whose latency is at ma@s¢(7-) R + A) time-
layer. To define the problem formally, consider a wireleslots. We then present an efficient distributed algorithat th
network G formed by n wireless nodes/ = {vy, ..., v} builds an aggregation tree and gives a schedule for each
- y e Un . . .. ..
deployed in a2-dimensional regionu, € V is the sink node link. For simplicity, our d|str|buted_ method_assumes trhﬁ_t
that will collect the final aggregation result. Every nadéhas clocks of all nodes are synchronized. Unlike our centrdlize
a transmission range and interference range = O(r). A algorithm, our distributed algorithm witiot explicitly produce
nodev; can send data correctly to another nage, if and a schedule for links in the aggregation tree. The link scheedu
only if (1) v; is within v;'s transmission range, and (2) is_ im_plicitly generat_ed in the_ process of data aggrggamm. _
is not within interference range; of any other transmitting distributed scheduling algorithm thus works well in dynami
networks, as long as the constructed backbone of the network
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aggregation methods. Our simulation results corroborate dhat every data is used at most once. To simplify our analysis
theoretical results and show that our algorithms perforttebe we will relax the requirement thaf; N S; = 0, Vi # j.
in practice. We find that data aggregation by our distributéfhen the setsS;, 1 < ¢ < [ are not disjoint, in the actual
methods have latency close it data aggregation, a node that appears multiple times isi;,
The rest of the paper is organized as follows. Section 11< ¢ < [, will participate in the data aggregation only once
formulates the problem. We present our centralized and d{say the smallest when it appears irf;), and then it will
tributed scheduling algorithms in Section Il and analyzeit only serve as a relay node in the following appearances.
performances in Section IV. Section V presents the simardati The distributed aggregation scheduling problem is to find

results. Section VI outlines the related work. Section VI scheduleSy, Ss,---,S; in a distributed way such thdtis
concludes the paper. minimized and this problem is proved to be NP-hard in [4].
This paper proposes an approximate distributed algoritlitin w
Il. SYSTEM MODELS latency16 R+ A —14 time-slots, whereR is the network radius
A. Aggregation Functions and A is the maximum node degree.

. o . . We assume that a node cannot send and receive data
The database community classifies aggregation functions

into three categories: distributive.¢, max, min, sum, coupt simultaneously. In protoc_:ollinterference mpdel, we asstirae
algebraic €.g, plus, minus, average, variancand holistic each node hasgtransmlsspn rangmd_ an interference range
(e.g, median,k" smallest or largest In this paper, we only r 2 A receveru .Of a link wv is interfered by anqther
focus on the distributive or algebraic ones. senderp of a link pg if ||p — vf| < rs. As [4], [9], we first
A function f is said to bedistributive if for every pair assume thatd.l = 7, which is normalized tol unit in this
of disjoint data setsX;, X, we have f(X; U X5) — paper. We will later study a more general cage> r.
h(f(X1), f(X2)) for some functionh. For example, wherf
is sum thenh can be set asum when f is count h is sum C. Related Terminologies

Assume that we are given an aggregation funcfiothat can  pFor simplicity, we present our distributed algorithms in a
be expressed as the Comb|nat|ork(ﬂ|str|but|ve functions for synchronous message passing model in which time is divided
some integer constart i.e., into slots. In each time-slot, a node is able to send a message

FX) = h(g1(X), ga(X), vy i (X)) one of its ne_lghbors for unicast communication. Note that, a

. the cost of higher communication, our algorithms can also be

For example, whery is average thenk = 2, g; can be set jmplemented in asynchronous communication settings using
assum g2 can be set asount(obviously bothg; andgs are the notions of synchronizer.
distributive) andh can be set as(y1,y2) = y1/y2- ThUS,  |n a graphG’ = (V, E), a subsesS of V is adominating set
instead of computingf, we will just computey; = ¢;(X) (DS) if for each node: in V, it is either inS or is adjacent

distributively fori € [1,k] and h(y1,y2, -+ ,yx) at the sink to some nodev in S. Nodes froms are called dominators,

node. whereas nodes not i are called dominatees. A subsgetf
nodes isindependent seflS), if for any pair of nodes inS,

B. Network Model there is no edge between them. An $Sis a maximal IS if

We consider a wireless sensor network consisting abdes NO another IS that is a superset 8f Clearly, a maximal IS
V wherev, € V is the sink node. Each node can send (receivi§) @lways a DS. A subsef’ of V' is a connected dominating
data to (from) all directions. For simplicity, we assumettia S€t (CDS) ifC'is a dominating set and' induces a connected
nodes have the same transmission rangech that two nodes Subgraph. Consequently, the nodegisan communicate with
u andv form a communication link whenever their Euclidea®ach other without using nodesifi\C'. A CDS is also called
distancellu — v|| < . In the rest of the paper we will assumé® backbone here.
thatr = 1, i.e, normalized to one unit. Then the underneath
communication graph is essentially a unit disk graph (UDG).  Ill. DISTRIBUTED AGGREGATION SCHEDULING

Let A,B C V andAN B = (). We say data are aggregated oy data aggregation scheduling (DAS) algorithm consists
from A to B in one t_|me—sIoF if all the nodes inl transmit _of two phases: 1) aggregation tree construction and 2) ag-
data simultaneously in one time-slot and all data are receivyregation scheduling. As an illustration of our methods, we
by some nodes in3 without interference. We will define fist present a centralized version of our data aggregation
interference at the end of this section. Then a data aggeegalcheduling. We adopt an existing method for the first phase
schedule with latency can be defined as a sequence of sendghq the second phase is the core of our algorithm. We will

SetssS1, Sa, -+, Si §atis_f.ying the following conditions: present these two phases in the following two sections. &t th
1) S@' NS; =0, vi#j; end of the section, we present a distributed implementation
2) Uiy Si =V \ {vs}; based on our centralized aggregation scheduling algorithm

3) Data are aggregated frof), to V' \ UX_,S; at time-slot
k, forall k =1,2,--- .1 and all the data are aggregated ) )
to the sink node, in [ time-slots. A. Aggregation Tree Construction
Notice that hereJ!_, S; = V' \ {v,} is to ensure that every In the first phase we construct an aggregation tree in a
data will be aggregatedy; N S; = 0, Vi # j is to ensure distributed way using an existing approach [14]. We employ



a connected dominating set (CDS) in this phase sinceAtgorithm 1 Aggregate Data to Dominators

can behave as the virtual backbone of a sensor network. & for i =1,2,--- /A do
distributed approach of constructing a CDS has been propose:  Each dominator randomly choosésieighboring dom-
by Wan et al. [14]. In their algorithm, a special dominating inatee, whose data is not gathered yet, as transmitter.

set using a MIS of the network is constructed first and then a  The set of such chosen links form a link det
CDS is constructed to connect dominators and the other nodes  If there are conflicts among chosen links, resolve inter-
All nodes in the MIS is colorethlack and all other nodes are ference using Algorithm 2;
coloredgrey. This CDS tree can be used as the aggregation:  All the remaining links inZ now transmit simultane-
tree in our scheduling algorithm with a small modification as ously;
follows. 5 i=1d+1;

1) We choose thetopology centerof the UDG as the

root of our BFS tree. Notice that, previous methodgjgorithm 2 Reconnect Dominatees to Dominators
will use the sink node as the root. Our choice of th.:l: while (exist a pair of conflicting inksjio

topology center enables us to reduce the latency to Let u;z; and u,z; be one of the pairs of conflicting
function of the network radius?, instead of the net- 7

. . links.
work dlameterD proved by previous methOdS' Here 83 Find the setsD; and D; based on rules described
node vy is called thetopology centerin a graphG previously,

’ = z‘?gminv{glaxu dG(“’”(}e}' where d (u, ) C‘:S if (|usz;| < 1 and|u,z| > 1) then

the hop distance between nodesand v in graph G. T o : . ‘

R = max, dg(u,vo) is called theradius of the network ™ llf)D7 7 @ replaceu;z; by a link u;z,, for azj, €
G. Notice that for most networks, the topology center is g
different from the sink node. ..

2) After the topology center gathered the aggregated datgi
from all nodes, it will then send the aggregation resultg:
to the sink node via the shortest path from the topologyo'_
centeryg to the sink node,. This will incur an additional
latencydg (vo, vs) Of at mostR.

Therank of a nodeu is (level, ID(u)), wherelevelis the ,

hop-distance of, to the root in the BFS. The ranks of nodes
are compared using lexicographic order.

6: If D; = ¢, then remove the link;z;.
else if (jujz| <1 and|u,z;| > 1) then
If D; # ¢, then replace; z; with u;z;,, for z;, € D,.
If D; = ¢, then remove linku;z;.
o else if(Jujz| <1 and|u;z;| < 1) then
11: If D; = ¢, remove the linku;z;; otherwise, ifD; =
¢, remove the linku,z;.
If both D; and D; are not empty, replace;z; and
U2 by two new |inkSuiZi0, UjZj0 for Zig € Dy,
Zijo S Dj.

B. Centralized Approach

The second phase is aggregation scheduling which is tii@nsmitters in these two links respectively andand z; are
core of the whole algorithm. It is based on the aggregatigiominators. For each dominatee let D(v) be the set of
tree constructed in the first phase. As an illustration, wat fimeighboring dominators. Obviously(v)| < 5 for any node
present an efficient centralized algorithm. We will thenseret  v. Let D(u;) = D(u;) \ {2z}, D(u;) = D(u;) \ {2;}. Notice
our distributed scheduling implementation in SectionGll-  that hereD(u;) and D(u;) may be empty, and (u;) N D (u;)

Algorithm 1 shows how the data from the dominatee®ay also not be empty.
are aggregated to the dominators. Our method is a greedy-or each active transmitter v # u; andv # u;, we delete
approach, in which at every time-slot, the set of dominatoddl dominators fromD(u;) (and also fromD(u;)) that are
will gather data from as many dominatees (whose data haighin the transmission range of Notice that we can discard
not been gathered to a dominator yet) as possible. Notite tHzese dominators since their degrees are already decregpsed
since the maximum degree of nodes in the communicatiehleastl because of the existence of some active transmitter
graph is A, our method guarantees that after at mast v. We also delete the dominators that are within transmission
time-slots, all the dominatees’ data will be gathered tarthgange of bothu; and u; from D(u;) and D(u;). Notice
corresponding dominators when considering the interfazenthat we can do this because these dominators’ degree will
which will be proved in Lemma 2. The basic idea is as followde decreased by since our re-scheduling can guarantee at
each dominator will randomly pick a dominatee whose dat@ast one transmitter of; and u; will remain as an active
is not reported to any dominator yet. Clearly, these setect#ansmitter, as we will show later.
dominatees may not be able to send their data to correspgpndinLet D; (resp.D;) be the set of remaining dominators in
dominators in one time-slot due to potential interferen®és D(u;) (resp.D(u;)).
then reconnect these dominatees to the dominators (and malig. 1(a) illustrates one possible state after the precedin
not schedule some of the selected dominatees in the currevit deletions of dominators from®(u;) and D(u,). Notice
time-slot), using Algorithm 2, such that these new links cathat
communicate concurrently. 1) The distance between and any member ab; is greater

Suppose that two directed linksz; andu, z; interfere with than1. The distance between; and any member oD;
each other(see Fig.1), where the dominategesind u; are is greater than.



f' '\7 Algorithm 3 Centralized-DAS
, ‘ Input: The BFS tree with rootyy and depthR, and a
. distributive aggregation functiofy dataA; stored at each node
’ Vi.
1: Construct the aggregation tré& based on CDS. Remove
the redundant connectors to ensure that each dominator
uses at most2 connectors to connect itself to all domina-

Ci Cj - : 0
(a) (b) tors in lower level and is withir2-hops. Here a connector
node 2 (a dominatee of a dominatar) is said to be
Fig. 1. (a) An interference betweehlinks. (b) A state after rescheduling redundantfor the dominatorw. if removing = will not
the two links. ,

disconnect any of the-hop dominators of; from w.
Let T" be the final data aggregation tree.
2) Both D; and D; may be empty and may not be empty. 2: for i=R—-1,R—2,---,0 do
Algorithm 2 shows how to re-connect dominatees to dominas:  Choose all dominators, denoted As in leveli of BFS
tors to avoid the interference. tree.
After all the data in the dominatees have been aggregated 9 for every dominator € B; do
dominators, our next step is to aggregate all the interntedia s. Nodew finds the setD,(u) of unmarked dominators

results in the dominators to the root. that are within two-hops ofi in BFS, and in lower
We can see that in each layer of BFS tree, there are some level i + 1 or i + 2.

dominator(s) and some dominatee(s). For every domindtee, d. Mark all nodes inDs(u).
has at least one dominator neighbor in the same or upper Every node w in Do (u) sends
level. Thus, every dominator (except the root) has at least f(Aw, X1, Xs,---,X,) to the parent node (a

one dominator in the upper level within two-hops. Using this
property, we can ensure that all the data in the dominatars ca
reach the root finally if every dominator transmits its daia t
some dominator in upper level within two-hops. From anotheg.
point of view, considering dominators in the decreasingeord
of their levels, a dominato in level L aggregates data from

all dominators in levelL + 1 or L+ 2 that are within two-hops

connector node) ii7". Here A,, is the original data
set nodew has, andX;, X,, ---, X, are data that
nodew received from itsd children nodes irf".
Every nodez that is a parent of some nodesiii (u)
sendsf (X, Xs,---,X,) to nodewu (which is the
parent ofz in 7). Here X;, X», ---, X, are data
that nodez received from itsp children nodes iri".

of w. This will ensure that all the data will be aggregated tog: ; —; — 1

the root. Algorithm 3 presents our method in detail. 10: The rooty, sends the result to the sink using the shortest
In Algorithm 3 we only concentrate on communications path.

between dominators. Since dominators cannot communicate

directly. we have to rely on some dominatees, each of which

acts as a bridge between two dominators. Hereafter we rename

these dominatees asonnectors The algorithm runs from 1) Every dominatee transmits its data to the neighboring

lower level to upper level in aggregation tree, every doruna dominator with the lowest level,

will remain silent until the level where it locates begins 2) Data are aggregated from dominators from lower levels

running. When it is its turn, the dominator will try to gather  to dominators in upper levels and finally to the root of

all the data from other dominators in lower levels that have the aggregation tree which is the topology center of the

not been aggregated. If a dominator’s data has been callecte network,

before, then it is unnecessary to be collected again. Algtual 3) Topology center then transmits the aggregated data to the

we have to guarantee this for every data should be and only be original sink via the shortest path.

used once. Our algorithm implements this by discarding theThe distributed implementation differs from the centretiz

dominators after their data have been gathered to uppdslevene in that the distributed one seeks to transmit greedity: w
Notice that in our algorithm after we process dominatoigill try to allocate a nodes a time-slot to transmit whenever

B; (all dominators in leveli), there may still have somey has collected the aggregated data from all its children

dominators inB; 1, whose data are not aggregated. This coulgbdes in the data aggregation trée Thus the first two

happen because a dominatorfi;; could be within2-hops phases may interleave in our distributed implementatidre T

of some dominator inB;_;, but not within 2-hops ofany interleaving will reduce the latency greatly since it irases

dominator fromB;. We conclude that after the execution othe number of simultaneous transmissions. Later, we will

all the dominators inB; , all dominators inB;» have already provide the simulation result of our distributed methodjakh

been aggregated their data. shows that our distributed implementation is quite close to

o ) (I1+¢e)R+ A+ 0O(1), wheree is a small positive constant.

C. Distributed Implementation Therefore we conjecture that the data aggregation latency
Now we present a distributed implementation for our datay our distributed implementation indeed has a theoretical

aggregation scheduling. The distributed implementation-c performance guarantee ¢f + )R + A + O(1). It will be

sists of three stages: interesting if we can prove or disprove this conjecture,oluhi




is left as a future work.

Algorithm 4 Distributed Data Aggregation Scheduling

To run our algorithm, every node should maintain some Input: A network G, and the data aggregation trée

local variables, which are

1)

2)

Leaf indicator:Leaf[i] € {0,1}, to indicate whether the 1:
nodew; is a leaf node in the data aggregation tree.
Competitor SetCS][i], the set of nodes such that for each 2:
j € CS[i], nodesv; andwv; cannot transmit simultane-
ously to their parents due to interference. In other wordss:
if j € CS[i], we have either the parept-(i) of nodev;  4:
in the data aggregation tréé is within the interference s:
range of nodey;; or the parenpr(j) of nodev; in the
data aggregation tre€ is within the interference range 6:
of nodew;; or both. Notice that under the interference 7:
model studied in this paper, each nodelf[i] is within  &:
a small constant number of hops ©f 9:

Output: TSTY¢] for every nodey;

The nodey; initializes the valu&NoC[i], andLeaf[i] based
on the constructed aggregation trEe
Initializes the se€S[i] based on the treE and the original
interference relation,
RdyCSJi] < CS[i]n{j | j is a leaf inT}.
TST[i] — 0; DONE—FALSE;
Node i randomly selects an integer,. Then we say
(7’1',2.) < (Tj,j) if (1) Ty <715 0r (Z)TZ =Ty andi <jJ.
while (not DONE)do
if NoC[¢] = 0 then
Send messageEADY (i, ;) to all nodes inCS[i].
if (ri,7) < (rj,7j) for eachj € RdyCS[i] then

3) Ready Competitor SefRdyCSJi], which is the set of 10:
nodes that collides withi and it is ready to send data 11:
to its parent,i.e, it has received the data from all its 12:
children nodes. 13:
4) Time Slot to TransmitTST[i], which is the assigned 14:

time-slot that node); indeed sends its data to its parentis:

Send messagBINISH(7) to all nodes inCSJi;
DONE+~TRUE;
if 4 received a messadeINISH(j) then
Delete;j from RdyCSJ[i[;
TST[i] < max {TST[i], TST[j] + 1};
if 7 is a child ofi then

5) Number of Children:NoCJi], which is the number of 1e: NoCli] « NoC[i] — 1;
children nodes ot); in the data aggregation trée 17:  if ¢ received a messag@EADYj, r;] then
Observe that here, at sometime, if we Rily be the set 1s: if jisin CS[i] then
of nodes which are ready to transmike( v € Rdy iff v has 19 Add j to RdyCS][i].

collected the aggregated data from all its children nodéksén 20: Nodei transmits data based on the time sloflifT|[:].

data aggregation trég), and letF’ denote all the nodes which 21: The topological center transmits aggregated data to the

have finished their transmission, th&lyCS[i] = CS[i] N sink.

Rdy — F. The TST of all nodes are initialized td). The

details of our distributed algorithm are shown in Algorithm

4. methods could perform worse thdh + ¢)R for a sufficient

When a node; finishes its scheduling, it sends a messaggnall constant > 0. At last, we present a general lower-

FINISH to all nodes in its competitor s€tS[i]. When a node Pound on the latency of data aggregation for any algorithm.

received a messagdNISH, it sets itsTST|:] to the larger one )

of its original TST[i] and TST[j] + 1. When all the children A- Performances of Our Algorithm

of nodew; finished their transmission, the node is ready First we show that, by using Algorithm 2, for each domina-

to compete for the transmission time slot and it will sentbr, the number of neighboring dominatees whose data is not

a messag®READY (i, r;) to all nodes in its competitor set.collected is reduced by at leakt

When a nodev; received a messageEADY from another  Claim 1: For Algorithm 2, our schedule will ensure that

nodew,, it will add the sendeyj to its ready competitor set after every time-slot, for each dominator, the number of

RdyCSJi] if j is in CS[i]. When the scheduling ends, allneighboring dominatees whose data is not collected is estluc

nodes will transmit their data based @8T|i]. In the end, the by at leastl.

topology center aggregates all the data and sends the tesult ~ Proof: First, according to Algorithm 1 each dominator

the sink node via the shortest path. u chooses a dominatee randomly from its neighbors and let
the chosen dominatee transmitsitoThe selected dominatees
are calledactive transmittersfor the set of selected links.
Therefore, there are links transmitting at the same time-

In this section we first theoretically prove that the latencsiot. If thesen links do not conflict with each other, our claim

of the data aggregation based on our scheduling is at mhsids. Here two directed linkav and zy conflict with each

16R + A — 14, whereR is the radius of the network anl  other if either receivey is in the interference range of sender

is the maximum node degree in the original communicatianor receiverv is in the interference range of sender

graph. We conjecture that the theoretical performance of ou If there exists interference among chosen links, there are

centralized and distributed algorithms could actually hecin only 3 possible cases. For each case, it is easy to show

better thanl6 R+ A — 14, which is supported by our extensivethat Algorithm 2 re-schedules these two links to avoid the

simulations. On the other hand, we also present a netwadnkerference while the number of neighboring dominatees

example to show that our centralized algorithm cannot aehiewhose data is not collected is reduced by at ldast ]

a latency lower thanlR + A — 3. It remains a future work Lemma 2:Given a communication grapty of network,

to find bad network examples to show that our distributachder the assumption that the interference range the same

IV. PERFORMANCEANALYSIS



as the transmission range Algorithm 1 (aggregating data In the rest of the proof, for a dominatar we useC(u) to
from dominatees to dominators) costs at masttime-slots denote the set of connectors used to connect all dominators i

whereA is the maximum node degree (. Dy (u).
Proof: Assume that there are dominatorsz;, (i = Lemma 5:In Algorithm 3, a dominatoru in level i can
1,2,---,n) in the network using a method in [14]. Eachreceive the data from all neighboring dominatds(u) in at

dominator has at mosiA neighboring dominatees. We de-most16 time-slots.
fine a dominator's degree as the number of the neighboring Proof: Each dominatoru will collect the aggregated
dominatees whose data has not been aggregated to dominatata from all dominators withirz-hops in lower level. Any
yet. At first, each dominator’s degree is boundedfdyOur connectorinC(u) has at most other neighboring dominators,
adjustment (Algorithm 2) repetitively adjusts the set olkB besidesu. Similar to the proof of Lemma 2, we can show
whenever there is a pair of conflicting links. Observe thatsi that it takes at most time-slots for each connector to collect
the recursive nature of our adjustment algorithm, we mudata from those neighboring dominators other tharRecall
prove that our algorithm will terminate in a limited numbethat at most12 connectors are needed far to reach all
of rounds. Clearly, when it terminates, there is no pair @fominators inD,(u). Thus, it will take at mosti2 time-slots
conflicting links, i.e., the remaining links from Algorithm 2 for the dominator: to collect data from all these connectors.
are a valid schedule. In addition, we also have to show thabnsequently, within at most2 + 4 = 16 time-slots, every
when the adjustment terminates, our schedule can ensure taninator v can collect the aggregated data from all the
each dominator’s degree indeed will be reduced by at [eastdominators inDs(u). ]

We defineLoop Invariant as: every dominator’s degree will Theorem 6:By using Algorithm 3, the sink can receive all
be decrease at leastWe can see that loop invariant is alwayshe aggregated data in at mdstR + A — 16 time-slots.
kept before and after one round of execution (which is eyactl  Proof: Every dominatee’s data can be aggregated to a
Algorithm 2) in the loop, To show that Algorithm 2 terminatesdominator within A time-slots from Lemma 2. Observe that
we define &otential Function for a schedule as the cardinal-every dominator, except the root of the data aggregatian tre
ity of the setC = {(x1, 22) | 1, 22 are active transmitters and7’, connects to at least one dominator in the upper level within
their corresponding linkszyy;, z2y2 are conflicting linkg.  2-hops. Then Algorithm 3 ensures that every dominator’s data
We call the pain(x1, xz2) € C a pair of conflicting transmitters. can be aggregated upwards the root finally. For each level of
Clearly, the initial cardinality of the sétis at mostw(n—1)/2. BFS, every dominatow including the root of data aggregation
After one round of re-scheduling, the interference betwaentree 7', can collect aggregated data from all dominators in
least one pair of conflicting transmitters is resolved. @ise D, (u) within at most16 time-slots by Lemma 5. Since there
that, our adjustment will not introduce new pairs of coniftigt is no dominator in level, after at mosti6(R — 1) time-slots,
transmitters. Thus the potential function will be decreldsg every dominator’'s data can be aggregated to the root. The roo
at leastl after 1 round, which means that Algorithm 2 will then uses at mosR time-slots to transmit data to the original
terminate after at moék@ rounds of execution of the while sink node via the shortest path. Therefore withitR+ A — 16
loop in Algorithm 2. m time-slots, all the data can be be aggregated to the sink node

We now bound the number of connectors that a dominator ]
u will use to connect to all dominators withiz-hops. Our ~ Next, we provide a revised schedule that only négtime-
proof is based on a technique lemma implied from lemmaots for dominators in level (i > 2) to aggregate data from
proved in [18]. some dominators withir2-hops, which can also ensure that

Lemma 3:Suppose that dominatosr and w are within data will be aggregated to the root finally. This means that we
2-hops of dominatoru, v and w’ are the correspondingcan reduce our latency b — 1 time-slots totally.

connectors forv and w respectively. Then eithewo’| < 1 For a dominatoru other than the root, we denote all

or jow'| < 1if Lvuw < 2arcsin%. dominators within2-hops ofu as Bs(u). Notice thatBs(u)
Lemma 4:In Algorithm 3, a dominator requires at mast includes at least one dominatorocated in upper level of:.

connectors to connect to all dominators witf2hops. By Lemma 4,u needs at most2 connectors to connect to

Proof: Consider any dominatat, let I>(u) be the set of Bs(u), we denote the set of at mos2 connectors ag’(u).
dominators within2-hops ofw in the original communication There must exists a connectore C'(u) which connects: to
networkG. Assume that we have already deleted all the redun- Then all dominators iB2(u) that are connected te are
dant connectors for node Let C' be the set of connectors leftalso 2-hop neighbors of the dominater, we denote the set
for a dominator.. Then for each remaining connector C', of these dominators aB%(u), thus Bs(u) C Ba(v). Clearly
there is at least one dominator (callesh@n-sharing domina- all data in B4(u) can be collected by, it is not necessary
tor) that can only use this connector to conneat (@therwise, for them to be collected by. So we letu only collect the
connectorz is redundant and thus will be removed). Assumeéata in By (u) \ Bj(u). It requires at most1 connectors (all
there arel3 connectors inC. Then there are at lea$8 non- the connectors irC'(u) \ {w}) to connect to the dominators
sharing dominators idz(u). From pigeonhole principle, we in By (u) \ Bj(u). So at mostl5 (= 4 + 11) time-slots is
know that there must have dominatorsv; andwvs such that required foru to aggregate the data frofy (u) \ B5(u). If
Zuyuvg < 27/13 < 2arcsin(i). Thus, using Lemma 3y;  every dominator: other than the root aggregate the data from
andwv, will share a common connector @, which contradicts By (u) \ B5(u), all the data can be aggregated to the root.
to the selection of; andwvs. [ | Theorem 7:By using Algorithm 3, the sink can receive all



the aggregated data in at mds$tk + A — 14 time-slots. andBFS+CTR is illustrated in Fig. 2(a). Notice that here, the
Proof: Similar to the proof of Theorem 6, we neell definition of latency is the time duration from the first datism

time-slots for dominators to aggregate data from domisate¢ransmitted heading for the sink node to the sink node report
After that, for each level of BFS, every dominatgrother than the result finally. From the Fig. 2(a), we can see that when
the root of the data aggregation tr€ecan collect aggregatedthe network density is not big, the latency difference betwe
data from all dominators iBs(u)\ B(u) in at mostl5 time- two method is not so big. In most cases, our DAS method
slots as stated above. Thus it costs at midgtR — 2) for has better performance than thatBfS+CTPR. The radiusR
data to be aggregated to the dominators in l&€The root for each case is indicated by the value in the brackets right
r¢ can collect the aggregated data from dominators in IBvelafter the network size on x-coordinate. The Fig. 2(b) deswi
within 16 time-slots. Therefore within5(R — 2) + 16 time- the average transmission times per node with the increnfent o
slots, every dominator’'s data can be aggregated to the rawttwork size for both methods. Clearly, for both algorithms
The root then transmit the result to the original sink node ihe average transmission times are not high (arouhgand
R time-slots. In all, withinl6 R + A — 14 time-slots, all the our method is better than the other in most cases.
data can be aggregated to the sink node. [ |

Observe that, although our analysis is based on the central- [=%~ , ==

distributed implementation (Algorithm 4). Consequenthe
have

Theorem 8:By using Algorithm 4, the sink can receive all
the aggregated data in at md$tR + A — 14 time-slots.

nnnnnnnnnnnnnnnnnnnnnnn 0t Deployed Noces (Radus %)

V. SIMULATION RESULTS (a) Latency (b) Average transmission times

In this section, we prese_nt the S!mUIatlon r_eSUItS WhICrQ . 2. Simulation results for two methods wheh is fixed to 22. z-
evaluate our Data Aggregation Algorithms. We implementedordinate is the number of deployed nodes, the value in thekbt right
DAS on TOSSIM of Tiny0S2.0.2. In our simulation, we after the node number is the radifisof the communication graph.
randomly deploy a number of wireless sensor nodes in a

2-D square region, all nodes have the same transmissioiEgr the second case, we fix the deployment are®@® x
range. Each node will generate a randbrbits non-negative 300) and continue to increase the network size frgfrto 200
number as its own datum. The objective of the sink node \th step30 while keeping the network is connected. By doing
to report the aggregatiomiax, min, sum or averayeesult of thjs we can fix the radiu® and test the performance of both
all data (totallyn data,n is the network size) correctly. algorithms with the increment of network density (maximum

In order to evaluate the EfﬁCiency of DAS, we also impledegreeA)_ As we can see from F|g 3, both |atency and
mented another data aggregation algorithm by combining BFS

tree and CTP (Collection Tree Protocol, which is provided by ==z e
Tiny0S2.0.2) using TOSSIM. We call this methd8lFS+CTP -
method for simplicity. The main idea dFS+CTP method -
is to construct a BFS tree rooted at the sink node based_
on the link quality. In other words, during the procedure of ..
constructing BFS, the link quality computed by CTP will be =
considered as the link weight. Notice that, the original CTP | _
method (components) provided in TinyG30.2 is used to TR w n w, m Y R
collect data to the sink node. To enable CTP to support data I

aggregation rather than to collect all data to the sink, we

e ; ; . 3. Simulation results for two methods when the radfiss fixed to
modified CTP in the upper layer such that each node will népx-coordinate is the number of deployed nodes, the value inbtheket

send data to its parent (on the BFS tree) until it aggregaltes f@yht after the node number is the maximum degdeef the communication
necessary data from all children (on the BFS tree). graph.

We tested and compared the efficiency (including latency
and transmission times) for DAS method aBFS+CTP transmission times have big gaps between these two methods
method in two different cases. For the first case, we randomifnen the density (maximum degrée continues increasing.
generated the network topology (connected) with differefihat is because the interference will be greatly decreased
network size (increasing frorg0 to 210 with step30) while after DAS gather all data to dominators. Hence the total
keeping the network density unchangeds., the network latency and average transmission times decrease sigtifican
deployment area increases with the increment of the netwdikwever, forBFS+CTP method, the number of relay nodes
size. Actually, by doing this, we fixed the maximum degrewill continue to increase with the increment of network size
A (In our simulation,A is around22) for each case, thus thesuch that the latency and average transmission times Be&rea
radius of communication graph increases with the increroentgreatly due to the interference. From the simulation rssult
network size. The latency performance of two methods, DA8e can see that in most cases, DAS has better performance

(a) Latency (b) Average transmission times



thanBFS+CTPmethod. Especially, the denser the network i feasible way of improving the aggregation quality. In this
the more efficient our DAS algorithm is. paper we study the problem of distributed aggregation adhed
ing in sensor networks and propose a distributed scheduling
algorithm with latency bound6R + A — 14. This is a nearly

VI.
cqpstant approximate algorithm which significantly reduce

reclzjei[fll a[gz?reﬁg';loag] S[%?Oznrﬁm;ﬁ r;as r%ezr:i(\)/\:]ell StUdlﬁe aggregation latency. The theoretical analysis andithe s
y 1ol ’ ' : ggreg ulation results show that our algorithm outperforms prasio

computing and transmitting partially aggregated dataenathal orithms
than transmitting raw data in networks, thus reducing tHed '
energy consumption [15].

There are a lot of existing researches on in-network ag-
gregation in the literature [6], [16]. Suppression scheme a [!]
model-driven approach were proposed in [5], [7] towardsy
reducing communication cost. The tradeoff between energy
consumption and time latency was considered in [20]. 33]
heuristic algorithm for both broadcast and data aggregati
was designed in [1]. Another heuristic algorithm for data4]
aggregation was proposed [17], aiming at reducing time la-
tency and energy consumption. Kesselreaal.[11] proposed |5
a randomized and distributed algorithm for aggregation in
wireless sensor networks with an expected latenay @bg n). o
Their method are based on two assumptions: One is thM
sensor nodes can adjust their transmission range withgut an
limitation. The other is that each sensor node has the cgabi [/l DES ) . > .

. .. . ploiting Correlated Attributes in Acquisitional Query Ressing.
of detecting whether a collision occurs after transmittilaga. [8] GANDHAM, S., ZHANG, Y., AND HUANG, Q. Distributed Minimal
Both assumptions pose some challenges for hardware design Time Convergecast Scheduling in Wireless Sensor Netwdrk$EEE
o i isi ICDCS (2008).
and is |_mpract|cal when the networl_< scgles. A coII|S|_orefre (9] HUANG, S.. VAN, P., VU, C.. L1, Y., AND Y40, F. Nearly Constant
sgh_edullng m_eth(_)d for data CO”eCt'On_ 1S propos_ed_l_n [12], Approximation for Data Aggregation Scheduling in WireleSensor
aiming at optimizing energy consumption and reliabilityl A Networks. InIEEE INFOCOM (2007), pp. 366-372.
these work did not discuss the minimal-latency aggregati6q] 'NTANAGONWIWAT, C., ESTRIN, D., GOVINDAN, R., AND HEIDE-
. MANN, J. Impact of Network Density on Data Aggregation in Wireles
scheduling problem. _ Sensor Networks. MEEE ICDCS(2002), vol. 22, pp. 457—458.
In addition, the minimum latency of data aggregatiofll] KESSELMAN, A., AND KOwALSKI, D. Fast distributed algorithm for
_ 1) i ; convergecast in ad hoc geometric radio networBsurnal of Parallel
prObl.em was proveoNP h"’.‘rd and a(A 1) approxmatlon and Distributed Computing 66} (2006), 578-585.
algorithm was proposed in [4], whera is the Maximum 151 | gg, H., AND KESHAVARZIAN, A. Towards Energy-Optimal and
degree of the network graph. Another aggregation scheglulin = Reliable Data Collection via Collision-Free Scheduling Wireless
algorithm was proposed in [9], which has a latency bourﬁj Sensor Networks. IHEEE INFOCOM (2008), pp. 2029-2037.
. . 3] MADDEN, S., FRANKLIN, M., HELLERSTEIN, J., AND HONG, W.
F)f 23R + A + 18, where R is the ngtwork rad"j's and\ TAG: a Tiny AGgregation Service for Ad-Hoc Sensor Network&o-
is the maximum degree. All the algorithms mentioned above ceedings of the USENIX Symposium on Operating Systems Desig
are centralized. In many cases centralized algorithms are My Implementation, 2002.
practical, especially when the network topology changésnof
in a large sensor network.

The distributed algorithms for convergecast schedulingewe !

proposed in [8], [11] and [3]. [8], [11] focused on the
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