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Abstract—Efficient aggregation of data collected by sensors is model has been extensively studied recently [1], [6], [1124],

crucial for a successful application of wireless sensor netrks
(WSNs). Both minimizing the energy cost and reducing the
time duration (or called latency) of data aggregation have
been extensively studied for WSNs. Algorithms with theoretal
performance guarantees are only known under the protocol
interference model, or graph-based interference models gerally.
In this paper, we study the problem of designing time efficien
aggregation algorithm under the physical interference moel.
To the best of our knowledge, no algorithms with theoretical
performance guarantees are known for this problem in the
literature. We propose an efficient algorithm that producesa data
aggregation tree and a collision-free aggregation schedel We
theoretically prove that the latency of our aggregation sckdule
is bounded byO(R+ A) time-slots. HereR is the network radius
and A is the maximum node degree in the communication graph
of the original network. In addition, we derive the lower-bound
of latency for any aggregation scheduling algorithm under he
physical interference model. We show that the latency achied
by our algorithm asymptotically matches the lower-bound fao
random wireless networks. Our extensive simulation resul
corroborate our theoretical analysis.

Index Terms—Wireless sensor networks, aggregation, schedul-

ing, physical interference model.

I. INTRODUCTION

[23], [25]. Protocol interference model is generally a drap
based interference model, under which, given a netweyk
there is a conflict grapli/ such that two vertices i/ cannot

be activated simultaneously. Here verticesfbfcould be all
wireless nodes of7, or all wireless links ofG, depending

on the interference model. For minimizing the latency ofadat
aggregation, a class of constant-ratio approximationrétgos
have been given under various protocol interference models
captured by some conflict graphs. When the conflict graph
H is a unit disk graph, Liet al. proposed an algorithm
[2] that achieves latency at moguD + 6A + 16 for a
network of diameterD and maximum node degre&. This
was recently improved ta6R + A model by Xuet al. [27]

and (1 + (log R/V/R)) R+ A by Wanet al. [25] under the
same network model.

However, protocol interference model and other graph-dbase
interference models can not reflect some key features in real
WSNSs. They are only approximate interference models. It
is a folklore that physical interference model captures the
interferences between links more accurately. Surprigjrigiv
previous literatures have studied data aggregation urer t
model. This may be due to challenges in handling physical

One practical issue in wireless sensor networks (WSNgkerferences in which we have to take care of the effect of

is efficient data processing. As we know, in WSN, data a

Hygregated interferences from nodes that are far away. The

generated everywhere, such as temperature reporting anth§@ntial interference effect from far-away nodes makes it
on. In most scenarios, we assume there is a distinguishkd Siifficult to design a scheduling method to ensure the SINR

sensor that has more computing ability than other sensqi§ignal to Interference-plus-Noise Ratio) of every reeeiv
Thus we only need to send all data from sensor nodggge is always above the threshold.

within network to the sink sensor which is termed as data

collection or data aggregation. Different from data cdltat,

To the best of our knowledge, we are the first to study the

data aggregation allows in-network processing. This meapoblem of data aggregation under the physical interferenc

that data can be compressed within the network. This feat

lEpé)del. Our main contributions are as follows. Assume that

introduces a possibility of a new energy or time efficie’® @re given a networks consisting ofn wireless nodes’.

method to collect data, comparing to data collection. F
data aggregation, different objectives will be emphasize
depending on the applications, such as to minimize the gne
consumption, to minimize the latency, to increase the agur

of the reported data, and so on.

Every node inV will transmit with a constant poweP and

e power received by a node at distantés assumed to

P - min(1,d™%). The variance of the background noise is
assumed to béVy > 0 and for a successful transmission, the
received SINR is required to be above a threshold value

In this paper, we concentrate on minimizing latency for dafg) ensure that we can perform scheduling using some local

aggregation. It can be roughly defined as follows: given atet »
sensor nodes distributed in a two-dimensional Euclideangyl SPecifically,
the objective is to compute an aggregation function (Whié
will be defined later) on the input data from all sensors waiithi

the networks. Data aggregation under the protocol intenies

978-1-4244-5113-5/09/$25.0@2009 |IEEE

information, we will focus only on links that are not too lang
letr = (%)—(y be the maximum length of a
jnk which can transmit alone successfully. For the Bebf
wireless nodes, we will only consider all linkg, v) with
Euclidean length at mosir, where0 < § < 1 is a small
constant. The network formed by these links is denoted as
G(V,dr). We first present an algorithm for data aggregation
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scheduling for the networkz(V, ér) under the physical in- receive a packet from a sender nadé and only if:
terference model. We analytically proved that our algonith

: Y P : Py (u)
can achieve a constant approximation ratio on the latency of
data aggregation where the optimum is also computed using No+ > pes, Po(w)

network G(V; or). We then present the latency lower-boungiere 3 - ( denotes the SINR threshold], > 0 denotes the
of any algorithm under this network model. Notice that usingmpient noise, and, denotes the set of other simultaneous

links longer thanir, we may be able to reduce the latency ofengers with sender. Note thatS,, is not necessarily the same
data aggregation (it is an open question at the current stage 4| time-slots.

whether we can reduce the latency by more than a constanfy our paper, we set path-gain g, v) = min(1, [|uv| %),
factor). F_ortunatel_y, we are able to prove that our method \ifhere the constant > 2 is the path-gain exponent, atjdv||
asymptotically optimum for random wireless networks wherg ihe Euclidean distance between nadandv.

nodes are uniformly and randomly distributed in a square - .
region. We prove that, using onlgi(V, sr), a subgraph of COMMUNICATION GRAPH: By the above deﬂmﬂ_on of p.hy5|cal
the original communication grapf(V;r), our method will interference model, we can compute the maximum link length

— (Pt i
achieve a latency that is within a constant factor of tH S:j_ (rJ]Voﬁ_) ,|.e.,r?ny ?]Od(?‘ cannot transmltapfml:lket toa
optimum latency achievable using all links fro(V;r) for N0dev thatis more than the distanceway successtully even

random WSN. On the negative side, we show that, given a re is no other simultaneous transmission. In other wards
constant < 1, there is an example @zf'nodesV such thaany pair of nodes can possibly communicate and thus be connected

algorithm for data aggregation scheduling using only liirks if and only if their mutual distancg is smaller or equa.rtdf .
G(V, 5r) will have latency that is at least, while the optimum we draw a link between every pair of nodes whose distance is

latency using all links irG(V, r) is only O(y/n). Our extensive smaller tharrG, we C";‘In (_jerir\]/_e a commqnication grafph (géenote
simulation studies show that our method performs well iﬂSG(V’r))' enerally in this paper, given a set of nodes
e useG(V,r) to denote the graph that has all eddesv)

practice. To further reduce the latency, we also adopt abvef’ i )
strategies to compress the scheduling by possibly mergiWBOse Euclidean length is at most .

the scheduled links in previous time-slots. We found that th S We know, the longer the link, the smaller the path-gain,
compressive scheduling will almost halve the latency actte thus the smaller the SINR can be obtained by its correspgndin

by our first algorithm for sparse networks (with maximurfieceiver. Therefore, a long link with length comparatively
node degree < 25, which is always true in practice). close tor is not a good candidate in practice for transmission
The rest of the paper is organized as follows. Section jince the SINR at the receiver 1S very small. _E\{en worse, It
formulates the data aggregation problem. Section Ill Meprevents many possible S|mu_ltaneous transmissions. &f, bri
our scheduling algorithm and Section IV analyzes its perfof?l srr:(_)rter link is a better canﬁldate for_”the tlransmlssmrw.s'l,lfhk
mances. Section V discusses the overall lower-bound undfert™S paper”we hassume t_f_at l‘;"e will-only useh sonrwle INKS
our model. Furthermore, Section VI provides the analyticdiat aré smaller than. Specifically, we assume that there is

results in randomly deployed networks. Section VI presen"[l constant factos € (0,1) and we consider .only the links
the simulation results. Section VIII outlines the relateorkv shorter or gqual tar. We call these short links as strong
Section IX concludes the paper. connected links. Then we can construct a strong connected

communication graph (denote &3V, dr)) with only these
strong connected links. In the strong connected commuaitat
graph, only the nodes which lie withiir of « can receive the
In this section, we describe the network model that we witlata transmitted by successfully. Note that this requirement
use and some related terminologies. is not necessary. However it allows multiple simultaneous
transmissions for data communications. Next, we consider
A. Network Model data aggregation scheduling in this new communicationtgrap
Consider a WSN consisting of nodesV wherev, € Vis  G(V,dr).

the sink node. Each node can send (receive) data to (from)glita AcGREGATION SCHEDULING For simplicity, we only
directions. The objective is tp find a "valid” data aggregati -gnsider data aggregation scheduling in a synchronous mes-
schedule such that after using the schedule, all data candige passing model in which time is divided into slots. Irheac
aggregated to the sink node. Here “valid” means that, in thighe-slot, a node € V is able to send a message to one of its
schedule, a node can receive data successfully if and oitey if yeighboring nodes for unicast communication. Note thahet
Signal to Interference-plus-Noise Ratio (SINR) is greéi@n  cost of higher communication cost, our scheduling can agso b
some threshold. In other words, we consider data aggregatigyplemented in asynchronous communication settings using
scheduliqg under the physical interference model. We defifgs notions of synchronizer. The data aggregation schegluli
physical interference model formally as follows. is to define transmission time-slot(s) for every nages V
PHYSICAL INTERFERENCEMODEL: Assume all nodes havesuch that with a minimum latency (measured in time-slots),
fixed transmission poweP. We defineP,(u) = P - g(u,v) the sink node will be able to get the final correct aggregation
as the received power at the receiver nadef the signal results.

transmitted by node:, Here g(u,v) < 1 is called the path- Consider a time-slat, and letA be the set of senders aft
gain from node: to nodev. A receiver node can successfully be the receivers. Assumg& B € V andANB = (. Then data

> 1)

Il. SYSTEM MODELS
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are aggregated from to B in communication grapli*(V,dr) CONNECTED DOMINATING SET: In a graphG = (V, E), a
in one time-slot if: subsetl}, of V' is a dominating set (DS) if each node ¥nis
1) all the transmission links exist i@ (V, or); either in V, or adjacent to some node it. Nodes inVj
2) all the nodes iM merge their data and the receiving datare called dominators, whereas nodes not/jnare called
if any usingan aggregation function and then transmit dominatees. A subse&t of V' is a connected dominating set
data in one time-slot simultaneously; (CDS) if C is a dominating set and’ induces a connected
3) all data are received by some nodesHiwith the SINR  subgraph. Consequently, the node€ican communicate with
at each receiving node greater or equapto each other without using nodes in\ C.
Here aggregation functions will be defined in Section II-B.
Then a valid aggregation scheduleGi{V, ér) with latency L
can be defined as a sequence of sender Sgt§s, -, S
satisfying the following conditions:
1) SiﬁSj:@, Vi # j;
2) UL, S =V \ {ush
3) Data are aggregated frof). to V \ U¥_, S; in G(V,dr)

. A. Aggregation Tree Construction
at time-slotk, for all k = 1,2,---,L and all data are ggrey i o
aggregated to the sink node in L time-slots. We construct the aggregation tree on the communication

Notice that hereJ”_, S; = V'\ {v,} is to ensure that all data 9r@Ph G(V, dr) using Algorithm 1. The basic idea of Algo-
will be aggregatedSi_OSj = () (Vi # j) is to ensure that every rithm 1 is to construct a tree similar to the breadth-firstreh
datum is aggregated at most once. To simplify our analyst&€. With the following properties: (1) the depth of theetre
we will relax the requirement tha$; N S; = 0, Vi # j. 'S within a small constant factor of the diamet®(G), (2)
When the setsS;, 1 < i < L are not disj'éint in the actual €ach internal node will be connected with at most a constant
data aggregation a node that appears multiple times ifi; number of other internal nodes. The second property ensures
1 < < L, will participate in the data aggregation only oncéhat we can schedule the transmissions of internal nodes in
(say the smallest when it appears inS;), and then it will constant time-slots. Our algorithm is similar to [21] witha

only serve as a relay node in later appearances. crucial modifications:
We will find a valid aggregation schedu{é,, So, - - - , Sz} 1) We select theéopology center of G(V, dr) as the root of

IIl. AGGREGATION SCHEDULING

In this section we first present an algorithm to construct
a data aggregation tree. Then based on this tree, we design
a schedule of links’ transmissions to approximately miaieni
the latency of the aggregation.

in the graphG(V,ér) with minimum latency L. Here, we
assume the networ& (V, or) is connected. This assumption

our BFS tree. Notice that, previous methods use the sink
node as the root. Our topology center selection enables us

is necessary, otherwise the disconnected nodes cannot send 0 réduce the latency to a function of the network radius

their data to the sink node via the network. For simplicitg, w

define A(G), D(G), R(G) as the maximum degree, network

diameter, network radius of gragh(V, or) respectively.
B. Related Terminologies

AGGREGATIONFUNCTIONS: Data aggregation functions can
be classified into three categories: distributiveg.( maxi-
mum, minimum, sum, count), algebraic €é.g., minus, aver-
age, variance) and holistic €.g., median, k" smallest or

largest). Here we only focus on the distributive or algebraic

aggregation functions. A aggregation functighis said to
be distributive if for every pair of disjoint data setX;, Xo,

R(G), instead of the network diamet&(G) proved by
previous methods. Here a nodg is called thetopology
center in a graphG if vy = argmin,{max, dg(u,v)},
wheredq(u,v) is the hop distance between nodeand

v in graphG. Notice that in most networks, the topology
center is different from the sink node.

After the topology center gathered the aggregated data
from all nodes, it will then send the aggregated result
to the sink node via the shortest path from the topology
centeryg to the sink node,. This will incur an additional
latencyd¢ (vo, vs) of at mostR(G).

we havef(X; U X5) = h(f(X1), f(X2)) for some function Algorithm 1 Aggregation Tree Construction

h. For example, whery is sum, thenh can be set asum;

1: select the topology centey, of G(V,dr);

when f is count, h is sum as well. Given a distributive 2: usingv, as the root, perform BFS ové¥(V, dr) to build

aggregation functiory, it can be expressed as a combination

of k distributive functions for some integer constant.e.,

F(X) = hg1(X), g2(X), ..., g (X))
For example, whenf is average, thenk = 2, ¢1(X) =
D owex Tiy 92(X) = >, cx 1, (obviously bothg; and g
are distributive) andi(g1,92) = g1/g92. When f is variance,
thenk = 3, g1(X) = ZziGX x%, 92(X) :2 ZziGXxi’
93(X) = ¥, cx L, andh(g1,92,93) = g1 — i—g. Hereatfter,
we assume that an algebraic functigns given in formula

the BFS tre€ls; we denote the height df; as R =
R(G), theradius of the networkG(V, dr).

. select the MIS off; by an existing approach [21]. We

call all nodes in MIS as dominators and all the other nodes
in T as dominatees;

: connect MIS using some nodes (we call them as con-

nectors) to form a CDS of the graghi(V, or) (note that
connectors are some dominatees originally);

: output the CDSG.. as the backbone of the aggregation

tree withvy as the root.

h(g1,g2, -, gx). Thus, instead of computing, we just com-
pute g;(X) distributively fori € [1,%k] and h(g1, 92, - ,9k)
at the sink node.
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v not in G, we will connect it to the neighboring dominatorAlgorithm 2 Link Coloring by receiver locations
that has the smallest hop-distance to the topology center Input: Set of linksC = {l1,l2,- -+ ,1,};
The tree formed by these additional links is called the fin@utput: Colored links;

data aggregation tre®. For the constructed aggregation trees: for » =0,--- , K —1 ands=0,--- , K — 1 do

T, we can prove that the depth ®fis at mosRR(G), where 2. for i, j € Z do

R(G) is the radius of the networ&(V, ér). Additionally, each 3. if i mod K =r andj mod K = s then

nodev € G is connected to at mod® nodes inGe. 4: select one link fromZ whose receiver is located
B. Our solution within g; ;;

We then propose our aggregation scheduling algorithrr‘?: all the selected links are colored &5.;

based on the aggregation tree constructed in Algorithm 1.
Assume that each wireless node already knows its geomegigorithm 3 Link Coloring by sender locations

locations. A number of methods have been proposed in figut: Set of linksZ = {i1,ls, - ,In};

literature to approximate the geometric locations of nodesytput: Colored links;

We partition the deployment plane into grids by using a Sel. for = 0.... K —1lands—=0--- K —1do

of vertical linesa, : + = v-¢ (v € Z) and horizontal i o

linesb, : y = h-¢ (h € Z). Hereafterv (h) is called the

2. fori,jeZdo

ind f th ical (hori N B). Wi I th ¥ 3: if # mod K =r andj mod K = s then
:cn ex((j); € vert_lcaf( o_rlzr:);ta_) ine. ( h?.l' e call the ced 4 select one link whose sender is located withip;
ormed by a pair of neighboring vertical lin@s,, a,, an 5. all the selected links are colored &$ ;

neighboring horizontal linesy,, b,41 as g, . Then we color
the cells (shown in Algorithm 2 and Algorithm 3) with the
specification that any pair of cells that have the same color

are far away enough for simultaneously transmitting. Then, V. PERFORMANCE ANALYSIS OF OUR ALGORITHM

for any cell, at any time-slot, we will only choose at most n this section we first show that our schedule is valie,
one node from this cell to transmit. In Theorem 1, we will| receiver nodes have SINR at legstWe then analytically

formally give the closest distance between any two cells Wibroye that the latency of data aggregation using our sckedul
the same color in terms of the number of cells between the.at most a small constant factor of the optimum.

And we prove that this distance guarantees the simultaneous

transmission. A. Correctness
We first prove that at any single time-slot, every receiver in
E&@O‘*ﬁ o4 o% o ® e our schedule can receive data successfull
N evely v.
(/{ Oj@ K \\\. 3 levely Theorem 1. After the plane is divided into cells, we can set
O?Eo N K= [(—22 2" )i +1++/2] to ensure the SINR at

¥ el A (V3)=eP4==—4No :
L oe AVs ) . . - -3
Ojv@ Q{ . ¢ Thg l@.‘ every receiver is at least the threshpldHerer = %4—
I FL L= 0r/V2,
A D e T -
io L B B. Upper-bound on the latency of Algorithm 4

(a) Phase | (b) Phase I In this section, we prove that the latency achieved by
Algorithm 4 is O(D + A) where D is the diameter of the
Fig. 1. The process of Algorithm 4: the black nodes are dotoisaand networkG(V,or) and A is the maximum node degree (&.
white nodes are dominatees. We first bound the number of connectors that a dominator

u will use to connect to all dominators within two-hops. Our

Then, our aggregation scheduling algorithm can be diVid'ﬁqoof is based on a technique lemma implied from lemmas
into two phases: roved in [24]
Phase 1 every dominator .aggrgga.tes the data fr.om al it% Lemma 2: [24] Suppose that dominatorandw are within
dominatees (as described in lide— 9 of Algorithm 4 2-hops of dominatoru, +' and w' are the corresponding

and also shown in Figure 1(a)); . . )
. ! . connectors forv and w respectively. Then eitherwo’| < 1
Phase Il: dominators aggregate their data to the sink nade v P 1 y duov’| <

. S . or jow'| < 1if Zvuw < 2arcsin 7.
level by level (as described in lin) — 20 of Algorithm Lemma 3: There are at mosl% connectors for each dom-
4 and also shown in Figure 1(b).). inator
For each level (which is an iteration in the pseudo-code as F;roof' After we delete all the redundant connectors, for
shown in linell — 20 of Algorithm 4) in the second phase, h ' h . | domi ' hich
the process can be further divided into two sub-phases: cac conngctor, there eX|st'_5 at gast one dominator whic
) ) - " has only this connector as its adjacent connector. This can
« every dominator aggregates its data to its porresp_ondlgg proven by contradiction as follows, assume there exists a
connectors (as shown in linel — 15 of Algorithm 4);  ynnector:; such that each of its adjacent dominators is also a
o every connector transmits its data to the dominator in ﬂ?\%ighbor of some other connector, then we can always delete
upper level (as shown in liné6 — 20 of Algorithm 4). s redundant connectoy.
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Algorithm 4 Minimum Latency Aggregation Scheduling  cell. It follows that the load of each cell in the first phase is
1: Partition the deployment plane into cells, each with sidgt mostA. According to Theorem 1, because every cell can

length dr /v/2. be scheduled at least once evéty time-slots, all the links
2: Construct an aggregation tree using Algorithm 1; can be scheduled i&K? - A time-slots. [ |
3: while there still exist some unmarked dominateles Lemma 6: In the second phase of Algorithm 4, the sink can
4:  For each dominator, we select an unmarked neighborirgceive all the aggregated data in at mgsti - R time-slots.
dominatee. All the links form a sef. Proof: Since there is at most one dominator fallen in
5. We then apply Algorithm 2 to color the links if; one cell, the total load of each cell in the first sub-phase of
6: forr=0,---,K—1lands=0,---,K —1do phase two is at most. Further, Lemma 4 shows that every
7 schedule all links inC with color C, ; connector has at mos§b neighboring connectors, so the total
8:  Mark all the selected dominatees; number of connectors fallen in the same celbis then we
9: Unmark all nodes (including all dominators and dominaget the load of each cell in the second sub-phase is at most
tees); 61. By summarizing the above analysis on the two sub-phases,
10: for i= R to 2 do we have the total load of each cell is at mast 61 = 62.

11:  while there still exist some dominator in levelwhose Again, based on Theorem 1, we find that all the data can be
data have not been aggregated to their parent nodggyregated from level+ 1 to i by at most62 - K2 time-slots,

(connectorsypo note thatK is a constant. Since the depth of our aggregation
12: For every dominator in level, we select the link tree is R, we finally get a upper-bouné2 - K2 - R on the
from itself to its parent. All the links form a sel.  |atency for the second phase. u
13: Apply Algorithm 3 to color the links inZ; Lemma 5 and Lemma 6 together imply following theorem.
14: forr=0,---,K—1lands=0,---,K—1do Theorem 7: The latency of Algorithm 4 is at mogt2- R+
15: schedule all links inC with color C, s; K2. A,

16:  while 3 some dominators in level — 1 that did not

aggregate the data from all its connectdos V. OVERALL LOWER-BOUND ON LATENCY

17: For every dominator in level, we select the link

from its connector to itself, and this link t6. Here we discuss the overall lower-bound on the latency for
18: Apply Algorithm 2 to color the links inC; data aggregation under the physical interference model. An
10: forr=0,---,K—1ands=0,---,K —1do overall lower-bound is the minimum time-slots (which may
20: schedule all links inC with color C,. . not be tight) needed to finish the data aggregation by any

possible algorithm for the given network(V, dr).

Lemma 8: Under the physical interference model, for a
communication grapt(V,dr), it requires at leasi? time-
Itimplies that if there aré 3 connectors for one dominator,gots for any algorithm to finish the aggregation transmoissi

we must have at leasB non-sharing dominators. By Lemma_ Here R is the maximum hop-distance for any node to the
2, we know that there are at least two dominators will sharesﬁqk node inG(V, or).

same connector which contradicts to fact that all of tho%e Proof: We can see that the scheduled links can only be

dominators should be non-sharing with each other. _l selected from the edges i@(V,sr). It requires at leasi?

Lemma 4: Each connector has at moke - 5 neighboring time-slots for the farthest node to transmit its data to the

connectors. sink nodev,. SinceR > Z, the latency is at leasb/2. =

Proof: This lemma can be proven by contradiction. We Lemma 9: Under the physical interference modela for a
first prove that each connector has at mdsheighboring communication grapli/(V, r), there are at most = ﬂ_
dominators, assuming there exists a connecfowhich has | — oo _ 1 senders transmitting simultaneously WhICh are
at least6 neighboring dominators, then there must exisf neighbors of a single node.
two dominatorsd; and dj, such that/d;c;d, < 60°, this Corollary 10: Under the physical mterference model, for a
contradicts to the fact that no two domlnators are adjae@nt tommunication graplG(V, 6r), it requires2 time-slots for

w

each other. . . any algorithm to finish the aggregation transmission.

Then since each connector has at noseighboring dom- Proof: We consider the node whose degree reaches
inators and there are at mast connectors for one dominator,maximum valueA (if there are multiple such nodes, choose
so there are no more thaa-5 neighboring connectors for eachone randomly). Since for every neighboring node it needs
connector, otherwise, there must exist one dominator whigh report its data to the sink. This means every neighboring
has at leastl3 neighboring connectors. It contradicts to oUpode of v needs to transmit at least once. By Lemma 9,

previous results. This finishes the proof. B at each time-slot, at most neighboring node can send
Lemma 5: In the first phase of Algorithm 4, all the dom-simultaneously, thus it requires at legttime-slots to finish

inators can aggregate the data from all its correspondiaggregation scheduling. u

dominatees ink? - A time-slots. From Lemma 8 and Corollary 10, we can derive the overall

Proof: Since the maximum degree of each dominatpr lower-bound for data aggregation scheduling as follows.
is A and the side length of each cell d8/+/2, so there are  Theorem 11: Under the physical interference model, for
at most1 dominator andA dominatees falling in the sameany é < 1, for a communication graply(V, ér), it requires

357



max{R,A/w} time-slots forany algorithm to finish the ag- to connect any two vertices i@(V,r) is in the same order of

gregation transmission. Hee is the maximum hop-distancethe minimum number of hops used @#(V, dr). ]
for any node to the sink node in gragh(V, ér) and A is the Theorem 14: If there is an algorithm for aggregation
maximum degree of the graph. scheduling inG(V, ér) with approximation ratios, then we

This theorem implies that our algorithm achieves the asympan achieve an solution for the original topolo@yV, r) with
totically optimum latency for data aggregation when we caapproximation ratiqp - a w.h.p.

only use links with length at mosir. Proof: Assume the optimum schedules f6{(V,r) and
G(V,ér) are OPT(G(V,r)),OPT(G(V,or)). We overload
VI. COMPARE WITH OPTIMUM USING ALL LINKS the terms as the latency achieved using the schedules re-

i . spectively. By Lemma 13, the hop distance in the graph

In this section, we then study the performance of Oty 5r)is at mostp times of the hop distance in the original
algorithm compared with the optimum solution when all I'”kﬁraph G(V.r). SO Ry = maxycy min h(u, v) of the graph
in th_e networkG(V,r) could b_e used for data aggregationG(V’ 5r) is at mostp times of Ry = maxycy min h(u,vs)
We first study the case whén is randomly placed and then ¢ ihe original graptG/(V,r). Hereh(u,v,) is the number of
study the case for a séf of arbitrarily placed nodes. hops between the nodeand the sink node,. By Lemma 8,
A. Randomly Placed Nodes R is a lower bound of the data agg_regation unde_r the physical
interference model. At the same time, the maximum degree
. ; b raphG(V,ér) (As) is at most the maximum degree of
in many scenarios, the sensors are deployed randomly phG(V,r) (Ar). In Corollary 10, we have proved that
uniformly. Thus we can use a random graph 1o denote t Sanother lower bound of the data aggregation under pHhysica

topology in which all the sensors are deployed randomly ari}ﬂerference model. The®@PT(5r) < p- OPT(r). Thus by
uniformly. For random networks, we assume thatratiodes definition, ALG(6r) < a - OPT(6t) P p-a-OPT(r) =

are randomly deployed in a square region of side-length

Notice that we assume that the transmission power of evddy Arbitrarily Placed Nodes

node is a fixed constarft and the background noise 1. ~ Theorem 14 shows that the optimum solutions for the
This implies that the maximum link lengthis Then it is well- - communication graph€/(V,ér) and G(V,r) are in the same
known that to ensure that the random network is Connectgﬂjer for random wireless sensor networks. One may Conjec-
with high probability, the degree of each node should be {ire that this nice property holds for an arbitrary network.
the order of(}(log 7). Then the side-length is assumed to be ynfortunately, Fig 2 gives such an example where the latency

in the orderA = O(y;;;) here. Before we study the latencyof data aggregation using these two graphs will be different
for random networks, we first introduce the following lemmayhen( < § < 1 is a given constant.

Lemma 12: [18] Assume there is a graph withnodes ran-

When we study WSNs deployed in real life, we find th

domly deployed in a square region with side—lengl%). v-ee see oo o t
We patrtition the deployment square into cells, each of side~s ¢ ¢ ¢ ¢ ¢ o
length a constant. Then there is a sequence &fn) — 0 SRR SR B S B
such that ¢ 4 ¢ L B B
I I
Pr (every cell contains a nogle> 1 — 6(n) R TN SR R B
LI T T N )
In a graphG, the hop distance between a pair of nodes |+ ¢ « ¢ ¢ ¢
andv is defined as the smallest number of hops between themt ¢+ ¢ ¢ o ¢ ¢
in the topology graphh;(u,v). In random wireless sensor S wWev ted e ue o
networks, if we connect any pair of sensor nodes with digtanc GraphG(V, ér) GraphG(V, (6 + €)r)
smaller thardr andr respectively, we get two topology graphs
G(V, 5r) and G(V7 r)_ Fig. 2. A network example: the optimum solutions &(V, r) andG(V;, ér)

. : are not in the same order. The distarggbetween consecutive vertical lines
Lemma 13 For any pair of nodes ando, W.h.p, we have is (6 + ¢)r. The distance between two consecutive nodes on a vertiealidi

hav,sy(u,v) < p-havn(u,v), wherep is a constant. dy = ot
Proof: In a graphG(V, dr), any pair of nodes:, and v

from two adjacent cells (sharing a common side) will be able In Fig 2, there are: nodes deployed in a rectangle region.
to communicate with each other directly. Then by choosinthere are,/n vertical evenly spaced lines with Euclidean
one node from each cell which is crossed by segmentve distanced, = (§ + ¢)r between consecutive lines. Hefe< 1
can connect; andv using ©(|luv||/r) hops. is a given constant and < ¢ < 1 — 6. For example, we

Similarly, if we partition the network into squares withcan sete = min(&,%). For each such line, we evenly
side-lengthér /+/5. Then together with the assumption thaplace \/» nodes with Euclidean distanag, = or between
the random network is connected with high probability, itonsecutive nodes. Additionally/n—1 nodes, likew between
follows that by only using the links with lengthr, we can « and v in the example, act as the bridges to guarantee
connect any two vertices and v within ©(Jjuv||/dr) hops. the network connectivity when doing aggregation in graph
Notice thatO(||uv]||/dr) = O(||uv]||/r). It implies that under G(V,dr). Distance betweew andu (or v) is smaller or equal
random network model, the minimum number of hops uséd ér, and distances betweenand other nodes are larger than
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TABLE |

ér. Thus, in graphG(V, dr), if we want to aggregate the data THE PARAMETERS OF PHYSICAL INTERFERENCE MODEL
from s to ¢, we should strictly follow the dashed path as shown

in Fig 2. The latency of data aggregationd{V, ér) thus is parameter Val'ue parameter V;'Ue

at leastn. On the other hand, in grapH(V,r), the red solid ]\5,0 01 j’; 1'55

path may be a possibility for getting data from a source node
s to the sink node. It is easy to show that for grapB(V,r),

the network radius is in the order @(/n). On the other \qte that atency is defined as the number of time-slots reeede
hand, the grapi:(V,r) contains the grapi(V. (6 + ¢)r) g aggregate all data from within the network to the sink
as a subgraph. Notice that, for the graphV’, (6 + €)r), the  ,4e “we evaluate Algorithm 4 from different perspectives

maximum node degree isv < 10 and the radius of the \,hqer the physical interference model. For simplicity, wetfi
network is at most? < 2/n. Then using our schedulingjis¢ the parameter setting of physical interference model i

algorithm, for graphG(V, (6 + ¢)r), the latency of data rapje | Note that the parametdris set tol while in reality
aggregation is at mosb(A + R) = O(y/n). Consequently, this threshold could be much more than Based on the

the latency of data aggregation in the original netw@ii, r) parameters, we can compute the value .of
is at mostO(y/n). Thus, we have the following theorem

Theorem 15: For any constan) < & < 1, there are A. The effects of A and R in Algorithm 4
examples of networks with nodes)” in two-dimensional such  To evaluate the effect of maximum node degr&e we
that the latency using only links i¥(V, ér) is at least» while measure the latencies of Algorithm 4 with varied values of
the latency using all links irG(V,r) is only O(y/n) using A,
Algorithm 4. In other words, there is no universal constant \We fix the network deployment area @(m x 500m) and
that ensures a constant approximation ratio for the lat@ficyvary the network size (# of nodes) from0 to 1000 with step
data aggregation bany algorithm that only considers links in 50. By connecting every pair of nodes with distance no larger
G(V,ar). thandr, we get a communication graph. Here we &et 0.6

We then show that the ratio of the latency for data agvhich can ensure that the corresponding communicatiorhgrap
gregation inG(V, dr) over the latency for data aggregations connected. Later we will discuss how to set the valué.of
in G(V,r) is at mostO(n?/3) for any network ofn nodes By fixing the size of network deployment area, we find that
V in a two-dimensional space. Let us consider anpodes the network radiusk is nearly fixed (around5). At the same
V distributed in a two-dimensional region. Lét and R be time, the network density/) increases monotonously with
the maximum node degree and radius for netwGd/,r) network size. We measure the performance of Algorithm 4
respectively. Obviously, we haveR* - A > n. This implies for 50 times under this condition, the average performance is
that max(R,A) > «'/3n!/3. Thus, the latency of dataillustrated in Figure 3(a). We can see that the latency ases
aggregation irG(V,r) is at leastr'/3n'/2. On the other hand, monotonously when the network densitx)(increases. That
the latency of data aggregationd(V, ér) is at mostn. Then is because the interferences will be greatly decreased when
we have the following theorem. our algorithm aggregates data level by level.

Theorem 16: The ratio of the latency for data aggregation To evaluate the effect of network radid®, we create a
in G(V,dr) over the latency for data aggregationG{V,r) network instance similar to the first one with two crucial
is at mostn?/3 /7/3 for any network ofn nodesV in a two- modifications: we vary the network deployment area from
dimensional space. (200m x 200m) to (1000m x 1000m) gradually with the net-

This implies that our algorithm achieves a latency that is afork size and sef = 0.1. In other words, we fix the node den-
mostO(n?/?) factor of the latency by the optimum algorithmsity in the network deployment area. We find tisiis nearly
for G(V,r). Theorem 15 implies that there are network exixed (around25) as well in the corresponding communication
amples such that the latency achieved by our algorithm isgraph. At the same timeR increases monotonously with the
least(n'/?) factor of the latency by the optimum algorithmnetwork size. We measure the performance of Algorithm 4
for G(V,r). Note that there is a gap between the performanfs 50 times under this condition, the average performance is
bound of our algorithm for networks(V,r). We conjecture illustrated in Figure 3(b). We can see that there is still p ga
that between the latency of Algorithm 4 amk+ R. This is because

Conjecture 17: The latency achieved by our algorithm iswe useA+ R as a lower bound on the latency. This means that
O(n'/?) factor of the latency by the optimum algorithm foreither Algorithm 4 can be potentially further improved oeth
G(V,r). lower boundA + R should be improved for data aggregation
under the physical interference model. We leave it as an open
guestion to further close the gap between upper bound and

_ _ _ _ lower bound on latency.
In this section, we present our simulation results. We

randomly deploy a number of nodes in a two-dimensional B- Compare Algorithm 4 with compressive scheduling

square area and randomly choose one node as the sink nodk this section we show that in practice, our algorithm can
The objective is to measure the latency for the sink node be further improved, although the theoretical performance
get the aggregationrx, sum or average) result of all data remain the same here. The new method, naceedbressive
using our aggregation scheduling algorithm (Algorithm 4)}cheduling, will further reduce the latency by merging the links

VIl. SIMULATION RESULTS
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Fig. 3. Simulation results of running Algorithm Fig. 4. Comparing the latencies of Algorithm 4 Fig. 5. Simulation results of running Algorithm
4 with varied A and R. and compressing scheduling. The legend “Com4 and compressive scheduling with variéd

press” in both figures means the compressive
scheduling algorithm.

scheduled in different slots to a single slot without vimigt communication graph data are aggregated from the same set
the SINR. We will then compare the performance of owf nodes to the same sink node. Figdrshows the average
algorithm (Algorithm4) with that of compressive schedulinglatencies of different algorithms respectively. From Feu
algorithm. Our compressive scheduling algorithm, whiciis 4(a) to Figure4(b), we can see that when network is sparse,
fact a greed algorithm, is described as follows. compressive scheduling has remarkable effect on the latenc
1) find all leave nodes, say, in the same BFS tree of data aggregation. It significantly reduces the latencies
constructed in Algorithm 1. C. Discussion on the choices of §

2) partition_the deployment region into cells using the Same a5 we know,s is a crucial parameter on the latencies of
method in Section |I-B. ) data aggregation. In previous subsections, we all jsets
3) find a subsetV; € IV such that each cel! contains aly,me default values, which may not be an optimum choice
most one node fronVy. If some cell _contams multiple to minimize the latencies. Here we discuss on how to choose
nodes fromV, we choose the one with the largest levehq \a1ue ofs. Generally, the smaller the valuedfthe smaller
In BFS tree. _ _ L the length of links we can choose @#(V, ér). Thus we have
4) for each node inV;, we find the corresponding link from o4 jinks in the corresponding communication graghthis
itself to its parent in the BFS tree. All the links founqmp"eS that inG:
form a link set.. 1) each node has less incident links (edges), thus the maxi-
« color the links inL using Algorithm 2, find a subset; mum node degred becomes smaller. This will help to
of links with monotone color with the largest size. We  reduce the latency of data aggregation.
then try to add more links greedily without destroying 2) the maximum length of links inG becomes smaller,

the SINR threshold constraint ( Equation (1) ); thus the network radiug becomes larger. This will then
« apply Algorithm 1 in [15] to find a feasible solution increase the latency of the data aggregation.
L, which is a subset of’; Thus, it is not straightforward whether we should select

« select one of the two set3; and L, with a larger size. smaller§ or largerd here. Since the time spent (denoted as
Let all links in the selected set transmit simultaneously,) for collecting data to dominators increases monotonjcall
Delete all transmitters which are leaf nodes in the BRgith A. Thus/; becomes smaller asbecomes smaller. The
tree. Update the BFS tree accordingly. time spent (denoted ds) for collecting data from dominators
5) repeat sted)—4) until there is no leaf node in the BFSto dominators level by level increases monotonically with
tree. This means that all data have been aggregated to Tieis/, becomes larger as becomes smaller. To suim and
sink node. l> as the total latency, whe#hbecome smaller, it is not clear
Clearly, theoretically, the latency of our new compressiwehether the total latency will decrease or increase.
scheduling algorithm for data aggregation is at most the However, 6 cannot be too small or too large (close to
latency of our previous method. We do simulations for coni). First if ¢ is too small, the communication graph may
pressive scheduling algorithm and Algorithinfor 50 times not be connected, thus some un-connected node can not
and compare their latencies. Note all comparisons areyfaidend its datum to the sink node. Secondy ifis close to
conducted in the same communication graph, and in eaththen the network is strongly connected by a lot of long
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links. These long links prevent the simultaneous trandoniss distributed in Euclidean space, has been shown to be NP-
which potentially increases the latency. From this persgec complete. A greedy scheduling algorithm with approximatio
a link with smaller length is preferred for scheduling. Weatio of O(n'~%/(¥(2)+)(logn)?), where¥(a) is a constant
conjecture the smallestwhich can ensure the connectivity ofthat depends on the path-loss exponentis proposed in
G(V,dr) is an optimum choice. So far our conjecture cann@8]. Notice that this result can only hold when the nodes
be proved formally. are distributed uniformly at random in a square of unit area.
We conduct extensive simulations to see the effecf of In [14], an algorithm with a factolO(g(L)) approximation
different scenarios. Fig 5(a) shows the latencies of both AdJuarantee in arbitrary topologies, wheyél) = log¥(L) is
gorithm 4 and compressive scheduling with vardedrig 5(b) the diversity of the network, is proposed. In [5], an aldarit
shows the best choices &fwith varied network size in a fixed with approximation guarantee ab(logA) was proposed,
deployment area. Here a best choice means that the latencybéreA is the ratio between the maximum and the minimum
Algorithm 4 achieves minimum whef is set as this value. distances between nodes. Obviously, it can be arbitraityelr
than 9(L). Most recently, Goussevskag al. [15] propose
an algorithm which has a constant approximation guarantee.
Unfortunately, their method [15] works correctly only ifeth
Both data aggregation in sensor network and link scheduIiBngground noise i¥. Recently, Xuet al. [26] resolved
under the physical interference model have been both wglls issue by proposing an efficient link scheduling aldwrit
studied recently. However, no paper combine these issyggt has a constant approximation rati@, the number of

together, that is, studying the problem of data aggregatigeheduled links is at least a constant factor of the optimum.
under the physical interference model. Therefore ourditee

part can only review data aggregation under graph-based
interference models and link scheduling separately.

VIIl. RELATED WORK

IX. CONCLUSIONS

. In this paper we study the aggregation scheduling with

A. Related work on data aggregation minimum latency under the physical interference model in

There are a lot of existing researches on in-network aggtireless sensor networks. We proposed a distributed aggreg
gation [7], [8], [10], [22]. The tradeoff between energy eontion scheduling algorithm, and proved that the latencyexad
sumption and time latency was considered in [28] and sorhg our algorithm isO(R + A) time-slots, which is within
heuristic algorithms for data aggregation were proposégd [® constant factor of optimum if we can only use links in
[23], aiming at reducing time latency and energy consunmptioG'(V,dr). We further provided the overall lower-bound of
Kesselmaret al. [16] proposed a randomized and distributethtency by any algorithm for aggregation scheduling under
algorithm for aggregation in wireless sensor networks witie physical interference model. We also analyzed aggoegat
an expected latency aP(logn). A collision-free scheduling latency in a randomly deployed wireless networks. Some
method for data collection is proposed in [17], aiming dnteresting questions are left for future research. The s
optimizing energy consumption and reliability. to improve the constant approximation ratio of our schexpli

All these work did not discuss the minimal-latency aggrealgorithm. The second is to design efficient data aggregatio
gation scheduling problem. In addition, the minimum lagengnethod that has the asymptotical optimum performance guar-
of data aggregation problem was proved to be NP-hard [gltee compared with the optimum latency using@/,r). The
The distributed algorithms for aggregation schedulingewvethird is to extend our algorithm to deal with a more general
proposed in [2]. It proposed a distributed scheduling algor ~ path loss model.
generating a collision-free schedule that has a latencydbou
of 24D + 6A + 16, where D is the network diameter when X. ACKNOWLEDGMENT
the conflict-graph is the original UDG communication graph.

This was recently improved 672 + A model by Xuet al. 0832120, National Natural Science Foundation of China u@tant

[27] and (1 + (log R/ ‘Vﬁ)) R+ A by Wanet al. [25] under 64828003, No.60773042 and No.60803126, the Naturaingei
the same network model. Foundation of Zhejiang Province under Grant No.Z10809 7&jdval
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o ) 2010CB328100, National Basic Research Program of ChiraRP9e3-
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APPENDIX

PROOF OFTHEOREM 1.

Proof: When a sender transmits to a node, the SINR at
the receivew is %. Here theP is the total interference
at the receiver from all other simultaneous senders. As shown
in Fig. 6, the shortest hop-number ofand another sender is
at leasth’ = h — (14 /2).

N

.
N N N
N N

Fig. 6. Cell partition of the regionh(and h’ are hop-number).

We then bound the total interferenge
P < Y Y P(W’2 +j2~h’é>7a
i=—00 j=—00
= 4. <Z PR O™+ Y P/ +42) 7 (h’é)“)
i=1 i=1 j=1
= 4P(W'0)" - <Zz“ +3 Z(W)“)
i=1 i=1 j=1
= AP(h'e)""- (1 +Y 2R 42) (Vi)
=2 =2
S E )
i=2 j=2
-< —a/2
< gppee (2 2) 72 —APH ¢ 7
a—1 2(a — 2)
Here r = 2 2) 4 ;r('zf). Thus the SINR at receiver
v is at Ieastp'%?;;a > Noféigff,)lzz),a > B. Thenh' >
( ABTP-L”% )é’ So K — |'( ABTP-A )é +14+

V2] is a lower bound of..
PROOF OFLEMMA 9.
Proof: Assume by contradiction that there aresenders
transmitting simultaneously which are all neighbors of a
single node. Herew’ > w, thus o > Y22 Con-
sider the sendes; whose incident linkl; is the shortest
among all links of the senders, we assume its correspond-
ing receiver isr;. Then the interference gxperienced by

noder; is at leastSINRg_,(l;) = LA <

PN,
Ysjes,, Toyrme tNo

<

P P
Xses,, Hsjiua“\f‘) Zsjesw/ TojriT™ .
< (. This contradicts the fact thdt can transmit
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without interference.
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