On the Deployment of Wireless Sensor Nodes

Xin Liu and Prasant Mohapatra
Department of Computer Science
University of California
Davis, CA 95616
email{liu,mohapatrd@cs.ucdavis.edu

Abstract—In this paper, we study the deployment issue can be location-dependent. The lifetime of a network can
of a wireless sensor network. We address the following be limited by nodes with heavy traffic load or power

prOblem: given the required lifetime of a sensor network, Consumptions_ This problem is adequately Captured in
the initial energy of each sensor node, and the areaine proposed study.

to be covered, what is the minimum number of nodes In thi data d ity t del th t
needed to construct such a network and what is the nthis paper, we use dala density o model the amoun

corresponding deployment scheme? Finding an efficient Of data generated and assume that the data density is
deployment scheme involves location management, routing, uniform unless otherwise stated. lee_n the |n|t|al_ energy
and power management. Our analysis focuses on linear Of each sensor node and data density of the field, our

networks. We formulate two optimization problems with objective is to answer the following questions:
numerical solutions. Then, we propose and analyze a

greedy deployment scheme that achieves close to optimal What is the minimum number of sensor nodes
performance. We reveal the relationship among different we need to construct a sensor network and how

design parameters, namely, the number of sensor nodes, these sensor nOdeS_ should be placed_ SUCh_ that
the desired lifetime, and the coverage distance. The study the network can satisfy the predetermined life-

sheds light on the design, analysis, and evaluation of sensor time and coverage requirement?

network deployment. . . ..
ploy An alternative question to answer given the number of

sensor nodes, and the desired life time of the sensor net-
|. INTRODUCTION work, how large an area can this sensor network cover
Wireless sensor networks have attracted a lot of attédgnd how?Yet another objective isgiven the number of
tion for their broad applications and potentials. For marggnsor and the area to be covered, what is the maximum
applications, the desired lifetime of a sensor netwofitetime of the network and what deployment/placement
is of the order of a few years. It may be infeasible gicheme can achieve it?
undesirable to change batteries in sensor nodes once I this paper, our primary focus is on thieear sensor
wireless sensor network is deployed. Thus, it is criticaketworks, in which the sensor nodes are deployed in
and challenging to design long-lived sensor networlkslinear topology. Possible applications include sensor
under the energy constraint. In this paper, we stuagtworks for border surveillance, highway traffic moni-
the deployment of sensor nodes to satisfy the desireding, safeguarding railway tracks, oil and natural gas
lifetime requirement of the sensor network. The degrgépeline protection, structural monitoring and surveil-
of freedom for such a design is multi-fold. It involvedance of bridges and long hallways. A sensor network can
topology management, power management, and routibg, deployed along the borderline or the boundary of a
as elaborated in the next section. restricted area. Any irregular activities will be monitored
We focus on a many-to-one sensor network. In kay sensor nodes and reported to a control center. Another
many-to-one network, data from all nodes is directed &xample is to deploy sensors along a street to monitor
a sink-node/fusion-center. Many-to-one communicatidraffic situations and/or parking violations. Furthermore,
scenario is typical for sensor networks for monitomil industry spends hundreds of millions of dollars to
ing/surveillance purposes. Unlike a distributed peer-tprotect oil pipelines. Building a sensor monitoring net-
peer wireless networks, the traffic load is highly asymwork along an oil pipeline can significantly improve the
metric in a many-to-one network, i.e., nodes closer to tipeotection of oil pipelines and reduce cost. Such a sensor
sink node have heavier relay load, as illustrated by thetwork can also be used to detect corrosion of pipelines
bigger gray nodes in Figure 1. Thus, the traffic load awdhen different types of sensors are used. Furthermore, a
the corresponding power consumption in different nodése topology can be used to model a narrow and long



7 e . D oe . . /' o ° structures are proposed to address the problem. Bhardwaj
M SV L. . % .\./ et al have provided upper bounds on the lifetime of
0*0\. oﬂfQ I Q —e O jo sensor networks [1], [2] where sensor node locations are
e o o.f ¢ o ¢ \. -t .f given. In [10], the authors propose a transmission range
¢ ,/ \. ° ° distribution optimization scheme to maximize the net-
work lifetime given fixed node locations. In comparison,
Fig. 1. A Hierarchical Linear Network our work is to address the deployment issue of sensor
networks.

Energy conservation and lifetime extension is in-

sensor network, as shown in Figure 1. Another advantagstigated in [3] using cell-based techniques [13]. In
of a linear network is its tractability and the results in §omParison, our work focuses on many-to-one networks,

linear network help us understand the more sophisticat¥fich is significant different from random distributed

planar networks, as discussed in Section VI. peer-to-peer networks. _
In this work, we focus on the case where the de- In [9], the authors study the problem of placing the

ployment of sensor nodes is carefully planned aﬁmk-no_de to maximize the life-time of the network in

controlled instead of randomly performed. First, in 8 Wo-tiered wireless sensor network. Furthermore, the
majority of sensor network deployments, sensor nodB&cement of additional relay nodes and their power
are manually deployed instead of randomly thrown infOVisioning are aiso considered in [7]. The joint de-
the field of interest. Furthermore, there are scenarip@" Problem is formulated as a mixed-integer nonlinear

where controlled deployment is desirable. For examp%r'ogrammmg problem and heuristic algorithms are pro-

sensors used to monitor bridges are usually precisé’@sed' Our work is different because we assume one and

placed. In addition, a hierarchical structure is likely tBXEd sink node. _
be needed in a large-scale sensor networks. The highef N€ Most related work is by Ganesainal [6], where

hierarchy may be responsible for data back-haulin ur work differs in terms of the data aggregation model.

which requires more powerful, sophisticated, and e or the general data aggregation model, the problem is

pensive sensor/communication nodes. These nodes ngt, solved in [6], and the optimal scheme presented in
more significant and in a small number, which justifi ] assumes that each node has the same amount of data
careful planning and placement. The results in this pag&gardiess of its coverage distance. In comparison, we
apply to such communication back-haul networks (e.%sj-lsume uniform data density across the network, and
the higher layer in the hierarchy), as shown by the bigghiS node that covers a larger distance has more data. In

gray nodes shown in Figure 1. (Note that the back-haQl" model, more complexity is involved because the data

network considered here also collect data along the W}ég)um'e at egch node is a function of its distance from
back to the fusion center.) neighboring node. In other words, the total amount
The paper is organized as follows. We first discug data relayed to the fusion center is linearly propor-

related work in Section Il. In Section Ill, we elaborate thgOnal tp the total numbe_r of nodes in [6], while it is
problem and give formal objective functions Numericaﬁmport'onal to the total distance that the network covers

results are obtained. In Section IV, we propose afg our work. Thus, their results do not yield our results.

analyze a greedy deployment scheme. We show that g justify our assumption using the following example
performance of the greedy scheme is close to that of fa borderline surveillance network. Assume that events
ppen uniformly and randomly in the surveillance area.

optimal ones. The closed-form analysis of the gree -
scheme allows us to understand the relationship amo en it is reasonable to assume that the total number of

the design parameters. Extensions to planar networks% nts reported to the fusion center is proportional to
t

the effect of data aggregation are briefly discussed e length of the borde_rllne. In other words, a node that
Section VI. We conclude our paper in Section VII. covers a larger area/distance observes more events and

thus generates a higher amount of data. This phenomena
is particularly evident when we consider the higher layer
in a hierarchical network.

In this section we briefly discuss the related work In our preliminary result of a related work [4], because
on the capacity and lifetime of wireless adhoc/sensits specific applications, the number of nodes in the
networks. In [8], the authors identify the energy-holaetwork is small and the boundary effect is significant.
problem, i.e., uneven energy consumption in manffurthermore, the performance analysis, miscellaneous
to-one sensor networks. Mobile sink and hierarchicabwer consumptions, and non-uniform data density are

Il. RELATED WORK



not considered in [4]. data rateR is proportional the received signal strength;

i.e.,
P

| . o R=3m

It is well-known that in a many-to-one communication
network, the sink node is usually the capacity bottleneckhere v is the distance loss factog < + < 5, and
It is also noticed that the sink node can cause energyis a constant, which can be considered as the signal
bottleneck. Let’'s elaborate the problem in a linear nestrength requirement. We are interested in the case where
work. Consider a linear network with the sink node at is relatively large (e.g., at least on the order of tens
the end of the network. Sensor nodes closer to the sk meters). We assume that background noise is at a
node will have much higher relay loads. When deployepnstant level, and therefore the received signal strength
uniformly, nodes close to the sink will consume morifers signal to noise ratio (SNR). Thus, the energy
power and die quickly, which causes the wireless sengmnsumption to convey one unit of data over a link with
network to be disconnected. Thus, nodes closer to tistanced is
sink node limit the lifetime of a sensor network. There
are different approaches to address the problem.

One possible approach is to allocate more enerRP/ . .
. . ..o ajote that we only consider the transmission power here.
to nodes closer to the sink node. This possibility

[ : g
captured in the formulation of Problem IDEAL whereather power consumptions, such as receving power
. . and miscellaneous power at the transmitter, will be
we only have a total energy constraint, which serves as_ . .
considered in the future.
a benchmark. On the other hand, such a heterogeneouI

S . , .
energy allocation may be inconvenient and impractical n practice, qlug o shaglowmg and fading phenomena
In. the transmission environment, the received signal

in sensor production and deployment. Thus, in Proble , : -
P Ploy rength is often random. However, without precise infor-

HIE (Homogeneous Initial Ener we assume homogg- <! . S
(Homogene ay), € homog tion about the territory and considering the long-term

X - m
neous sensor nodes; i.e., all nodes have the same InIr;[llvaa]era e, it is reasonable to assume a direct relationshi
energy. In the problem formulation, we also include the ge, b

possibility of load balancing, i.e., a node with lowe etween distance and signal quality. Thus, we use Eq. (1)

traffic load can send data over longer hops to release i starting point to understand the deployment issue in

burden of other nodes. Our objective is to place sens\’(\ﬂlrrTer:es.Sds‘e?sOr netW(?[rks. del in Eq. (1 Is0 b
nodes in an optimal way such that the network can cover € ideal power-rate model in Eq. (1) can also be

as large an area as possible giversensors and theextended to a more practical power-goodput model. Basi-
desired lifetime of the sensor network cally, we explore the fact that goodput increases as SINR

Another possible approach is data aggregation. pafgreases. First, with the advances in DSP and sensor

aggregation decreases the amount of traffic and certai \:eltt)pmg'ntst, ge;/ver \{ersgms gf senshors h?ve tr(lje'zt.capa-
prolongs the lifetime of a sensor network. Preliminar ity 1o adjust data rates based on channel conditions.

results show that data aggregation has significant impa ﬁgqlt'ﬁ.n’hfortﬁ gggg rE'c;duIatlon{co'dlrllg rate, Vg?ﬁre
on the deployment and further examination is amo IS higher, the (bit error rate) is lower, and thus

future research topics. the probability of failure is smaller, which implies higher

Hierarchical sensor networks have been studied in tﬂg?s.pUI and thus I%\Ner enlgr?jytconsutmptlon._g\]ll results
literature. Our approach applies to the higher layer gy this paper can be applied fo systems with power-

pr— /'7
the hierarchy which is responsible for data back-hauliry odpit mc(l)d<eIthe§D . CT@J}R(d/D”g.)t where q
along with collecting data from their own clusters. SN=7 05 Drepy Drey 1S @ TEIETENCE diSlance, and
Crey is a reference constant. It models a less aggressive

_ correlation between power and distance, which takes into
A. Assumptions account less-than-ideal hardware realizations.

In this paper, we assume a perfect medium accessn this communication model, we do not have a notion
control as in [10], [6]. Due to low energy supplies irof “communication range”. Instead, it is possible for
sensor networks, many research efforts have suggested far-away nodes to communicate with each other at
(localized) TMD-type of access schemes, which is ithe cost of high transmission power. Thus, the model is
accord with our assumption. more general. On the other hand, imposing an additional

We next introduce the communication model used fikommunication range” constraint will not change the
the paper. Let/ be the distance between the sender apdoblem significantly for the following reason. The com-
the receiver, and® be the transmission power. Then thenunication over a long link is severely penalized because

[1l. PROBLEM DESCRIPTION

P x % = Bd". 1)



do d We first define Problem IDEAL. In this problem, we
e J ———>e AR assume that energy can be allocated arbitrarily among
1 | 1+1 nodes. In other words, we only have a total energy
constraint forn nodes. Givernm nodes, the total initial
energy is(n — 1) E. (Note that node: is the sink node.)
This is an idealized case, and its result serves as a

. o : benchmarkof the system. We will show later that the
power consumption over a long link is much higher than

that of several short links, i.e(dy +ds + -+ -+ d;)7 >> performa}nce. of the proposed_ scheme under more realistic
d++d7 . We note that the proposed greedy algorithr%ssumptlon is close to that in the benchmark case, and
1 v thus the effect of arbitrary power allocation is limited.

does not rely on the assumption of unlimited commu- When energy can be allocated arbitrarily among

nication range, yet yields close-to-optimal performanc_ﬁbdesl all nodes can die at the same time. The network

:;:rl:sr the impact of unlimited communication range Gies only when there is absolutely no energy left in any
' . _ nodes. Thus, the definition of the lifetime of such a
We assume each unit coverage distance genergies ork is very general

¢ unit of data per unit time. An example where this The following lemma presents a nice property of such

assumption holds is a surveillance sensor network wheye, ..\ o \which can be used to simplify the problem
incidents happen uniformly along the surveillance "n%rmulatioh
(e.g., a border line). Another example is that SeNsor| arnma 1:When energy can be arbitrarily allocated

nodes are uniformly deployed in the lower hierarchgmong nodes, a necessary condition for a placement
and report collected data to their cluster heads (higr‘gervrheme to be optimal is

hierarchy).

Fig. 2. A Linear Network

fij:O, Vi >4 2.

In other words, nodé should relay all the data to node

i+1, which is its nearest neighbor toward the destination.
Let E be the initial energy of each node aifcbe the Proof: We have(a+ b)Y > a” + b7, wherea, b > 0.

desired lifetime of the sensor network. We are interestétother words, it consumes more energy to transmit data

in the case of a relatively largE. Let d; be the distance over longer hops than over two shorter hops. Because

between theth the (i + 1)th nodes,i = 1,--- ,n —1 energy can be arbitrarily allocated among nodes, the

and dy be the area covered by node We call d; the Lemma holds.

coverage distance of node + 1) because nodéi + By Lemma 1, an optimal placement scheme can be

1) is responsible to collect data between nodesnd presented byl instead of(d, F') becausé is determined

(i +1). Noden is the sink node, as shown in Figure 2by d. Givend, we have

We haved; < D for all i, where D is the predefined i1 e

maximum distance between two nodes. Note fhatan fij = { ¢ (Zkzo dk) if j = i+1

be determined by the sensing range of a sensor node 0 otherwise

so that all area is covered. In the case of a hierarchicalThe objective of Problem IDEAL is to find a place-

network, D limits the distance between a sensor node taent scheme such that it can cover the maximum dis-

its cluster head in the higher hierarchy. We assume thahce givem sensor nodes and the lifetime requirement.

the nodei will collect all the data between nodés—1) The problem is formulated as

and i, which isd;_,c per time unit.

B. Problem Formulations

n—1
Let f;; be the amount of traffic sentirectly from node mazmize Z d; )
i to node;j per time unit, wherel < j. Note thatf;; d P
infers both the routing decision (from nodeo nodej) subject to  cdoB(d; +dy +---+d.,_4)

and the power allocation for this route. To elabordig,

. : ted B(dy 4 -+ dl
is the amount of traffic sent from nodeto node;j per 18(d; n-1)

unit time, and thuss f;;(3>7_! dj)" is the corresponding T
energy consumption per unit time. Let = {f;;}, +ediB(diy 4+ dyy_q)
which is ann x n matrix. Thus, aﬁsensqnlacerpent 4.
schemecan be defined by a tuplgi, F'), whered = —1)E
y 2 el P vedopd < PDE )

{do, - ,dn—1}. The placement schemgi, F'), includes T
location management, routing, and power management. 0<d; <D, i=0,---,n—1. (4



The objective function is to maximize the total coverage
distance. In the above equationdy is the amount of

data collected by nodé in one time unit. This data

is relayed by node, ... nodei, node(i + 1), ... node
(n—1) to noden. The power consumption of the relay is
cdofS(dy +dy+---+d) _;). Similarly, cd; is the amount

of data collected by nodé& + 1) in one time unit and

it is relayed to node(i + 2), ... node(n — 1), to node gy 3
n. Furthermore(n — 1) E is the total initial energy and

T is the required life time, and thus — 1)E/T is the

maximum amount of energy consumed per time unit Ryata fromi to j. Thus, Eq. (8) is the energy constraint
all nodes. Therefore, Eq. (3) is the energy constrairj each node. By Eq. (8), the lifetime of a network is
Eq. (4) is the distance constraint. defined as the time until one node runs out of energy
Problem IDEAL serves as Benchmarkbecause of first. Thus, the definition of the lifetime is less general
its general energy assumption and the correspondip@n that in Problem IDEAL. The last equation is the
definition of lifetime. However, as discussed earlier, Histance constraint. Compared to Problem IDEAL, we
may be infeasible in practical systems to allocate energigtice that the number of variables of Problem HIE is
arbitrarily among different nodes. Thus, we present Projwch larger, i.e.n(n + 1)/2 vs. n. Thus, it is more
lem HIE (Homogeneous Initial Energy) where each nodgfficult to find a numerical solution.
has its own energy constraint. We consider homogeneousn this section, we present two problems formulations
sensor nodes, i.e., each node has the same fixed in{iigh and without the assumption of homogeneous power
energy E. Our objective is to maximize the length ofgjiocation among nodes. Because closed-form solutions
the linear network that: sensors can cover for timefor the two problems are difficult to obtain, we find
T. Recall thatf;; is the amount of data directly senfyymerical results for both. Next, we present a heuris-
by nodei to node;. Lemma 1 does not hold in thistic deployment scheme with the following features: 1)
case because energy is not allowed to be allocaedhchieves close-to-optimal performance compared to
arbitrarily among different nodes. Thus, we need ale numerical solutions of Problems IDEAL and HIE;
possible communication patterns as shown in Figure 3. it allows closed-form analysis and thus reveals the
Problem HIE is formulated as relationship among design parameters; and 3) it can be
easily adopted to more general cases, such as the case

Possible relay scenarios

Ml
—_
S

mazxmize (5) with non-uniform data density.
d,F “—o
subject to Z fii = me +di e IV. GREEDY DEPLOYMENT SCHEME
j=it1 In this section, we present a greedy sensor deployment
i= 2,-.-, -1 (6) scheme. We will show that the performance of our
greedy scheme is close to that of the optimal ones. The
Z frj = doc, (7) greedy algorithm is defined as follows:
> do =D
Z Bfij (Z dz) < T d; = min (D,xi : 6 (Z;;z djc) r] = %) , (10)
Jj=i+1
i=1,---,n—1 (8 fori¢ = 1,---,n — 1. Note thatd; is monotonically
0<d;<D, i=0,1,---,n—1.(9) decreasing, ied; <d; if i > j. The reasoning is that

the closer the node is to the sink node (larger index), the

In the problem formulation, Eq. (6) is the flow conheavier is the relay load. To compensate for it, its relay
straint: ), sz is the amount of data relayed to nodglistance should be shorter. Define a constant
i by other nodesdz_lc is the amount of data collected B
by nodei itself, and}_}'_; .| fi is the total amount of C= BT
data that nodeé sends to all other nodes. Eq (7) is the
flow constraint at nodd. Note that(3>)—'d;) is the When D > ¢/0+1), we havez; < D for all . This
distance between nodesndj and f;; is the amount of is the case where the required lifetime is long and/or the



initial energy in each sensor node is low. The greedy \
algorithm is simplified as:

~ % - opt, Dn:27.4395
0.9r ! - greedy, D =27.4392

dy=D B
1 5

d; = (z%) T T cor &
The algorithm is greedy in the sense a node tries to push o6l %,
its data as far away as possible. Note thégj;}) di> “‘%@%9%
is the total traffic load of nodé andz; is the maximum 0.5 %@Wmmww ]
distance that nodé can push this amount of data given ‘ ‘ ‘ ‘mm““
its energy constraint. We call; the pushing distance. 0 10 2 e indel 40 %0
The intuition of the approach is that nodeshould not
directly send data to nodg wherej > i+ 2, because it Fig. 4. Compare the locations of sensor nodes in the greedy scheme
consumes more power. In the greedy algorithm, all nod¥éh the numerical solution of Problem IDEAL.
run out of power at the same time. In other words, at r | | | |
any given time, the residual energy of all nodes are kept ' < opt.
the same given the same initial energy. — greedy

On the other hand, ib < C(1/(+1)  then there exists

nodes such that its maximum pushing distangce- D, L
e.g., node 1. Because of the maximum distance constraint
d; < D, we havel; = min(D, x;). Some nodes (leftmost
nodes) will have left-over energy when other nodes run 0.5
out of energy. In such cases, it is clear that the greedy
algorithm is not optimal. A heuristic remedy is to let
nodes with leftover energy to send data farther away. For ‘ ‘ ‘ ‘
example, node 1 can send a portion of its data directly 10 20 30 40
to node 3, etc, as illustrated in Figure 3. node index

energy

Fig. 5. Compare the power allocation among sensor nodes in the

. . greedy scheme with the numerical solution of Problem IDEAL.
A. Numerical Comparison

We compare the performance of the greedy scheme
with that of the numerical solutions for Problems IDEALsame amount of energy by definition in Eqg. (11). In the
and HIE. Figure 4 compares the numerical solution optimal solution of Problem IDEAL, we notice that the
Problem IDEAL with the result of our greedy algorithmleftmost nodes have slightly higher energy allocations,
In Problem IDEAL, energy can be arbitrarily distributedvhich infers from the slightly larged; in Figure 4.
among different nodes. The objective is to find an opti- Figure 6 compares the coverage length of the greedy
mal placement to maximize the coverage distance givalgorithm with the optimal solution of the Problem
the lifetime requirement and the total energy constrainDEAL where D = 1 and C' = 0.4, 1, 2, respectively.
Problem IDEAL serves as a benchmark because of itsncludes both cases wheide > ¢(1/(+1) and D <
general energy distribution assumption and the cor@{!/(*t1) The x-axis is the number of nodes and y-
sponding life time definition. In the numerical resultaxis is the total distance covered. For each fixgdwe
C =1,D =1, andn = 50. We sety = 4 for all can see that the performance of the greedy algorithm is
numerical results in this paper. almost indistinguishable from that of the optimal scheme
Numerical results show that the performance of owith arbitrary power allocations.
greedy algorithm is very close to the optimal solution. In summary, the comparison indicates 1) the advantage
In Figure 4, the x-axis is the index of nodes and the pf allowing arbitrary energy allocation is negligible; 2)
axis isd;, which is the distance between two consecutiibe greedy algorithm where each node has the same
nodes. In the legend),, is the total coverage distancenitial energy performs very well. Its coverage distance
for the givenn nodes. We notice that the differencés almost equal to that of the optimal placement. Thus,
of the greedy algorithm with the optimal one is veryt justifies the greedy placement of homogeneous sensor
small. Figure 5 compares the energy allocation of the tvnodes.
schemes. In the greedy scheme, all nodes consume thie Figure 7, we compare the numerical result of Prob-
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Compare the greedy algorithm with the numerical soluti
of Problem HIE.

To obtain the coverage distance withnodes, we can
use the above equations iteratively. We also obtain an
approximation ofD,,. We claim

D, ~ O <7+1z‘)”1, (14)
v
Ly
Do~ o (— L) 1
i~ ot (o) e

fori=1,---,n. To justify our claim, we only need to
show that the above two equations satisfies Egs. (12) and
(13). Assume

1

Y T+ 1
By Eqg. (13), we have

i—1
Z di, + dp
k=1

S #d +d
(v+ Dz a: 0

R Cﬁ (’y—i— 1Z>#1
~
In the above equations, approximations occur when
replacing a summation by an integral, and when the
impact of dy is ignored. The approximation is very
close, especially for relatively large (e.g.,n > 5).

(16)

, M.

D; =

2
|
Q
i

(17)

“Substituting Eq. (17) into Eq. (12), we have

C\~ 1 ~y v+l
di = H ~ (C>+1 71 - s
lem HIE with the performance of our greedy scheme. g (v+1)

In Problem HIE, all nodes have the same initial energyhich is the same as the hypothesis in Eq. (16). Thus,
Thus, the performance of its optimal placement is uppézd. (14) is an approximation of the total distance covered
bounded by the performance of the optimal solutidey ¢ nodes in the greedy algorithm. We compare the
of Problem IDEAL where we only have total energyiumerical result to a network upto 10000 nodes, and
constraint, and is lower-bounded by the performance @fserve that the maximum discrepancy between the
the greedy scheme where each node has the same initproximation and the actual value is smaller thalryo
energy. We seC = 1, andD = 1. We can see the two for all n, where5 < n < 10000.
curves match each other closely. This closed-form approximation in Eq. (14) reveals
the relationship among the design parameters, #g.,
the number of sensor nodes needé&dthe life time of
the sensor noded,, the total distance that the network
We first obtain a closed-form approximation for ougan coveredX = D, when there arex sensor nodes).
greedy algorithm. LeD; = Y41 dy, i.e., D; is the total TO €laborate, we have
length covered by nodes. We have E (7 +1 >V
~y

B. Performance Analysis

L’y+1 —
Tep

(18)

c\>
d“(m)

(12)

1—1
Zdﬁdm i=1,--,n. (13)
k=1

Having any two design parameters fixed, we can obtain
the third. For example, giveR, n o« L s super-linear
increase of the coverage distance. Givenn T

is a sub-linear function. Suppose that= 4 and all



other parameters are fixed. To double the lifetime of & Miscellaneous Power Consumptions
sensor network, we only neeid% more sensor nodes. | the previous section, we only consider the transmis-
To double the length of the sensor network, we negghn power, to be more specific, the power emitted by the
138% more nodes. This closed-form approximation alsghtenna at the transmitter. However, in a wireless device,
enables us to observe the marginal effect of adding er consumption is multi-facet. It consumes energy to
more node_, which is sub-linear, and the result is use I’(%ep the circuit awake, to receive signals and perform
for the design of planar networks. signal processing, etc. In this section, we consider such
Numerical results show that the result of the greegyjiscellaneous power consumptions. To conserve energy
placement is very close to the optimal solutions to bof a wireless device, the device should be put into
Problems IDEAL and HIE. Thus, we expect that Eq. (1&)eep mode when no transmission/reception occurs. We
will provide close approximations for the performance gfssume that the energy consumption in the sleep mode
the optimal placement schemes as well. is negligible. We assume perfect synchronizations, and
Finally, we compare the greedy scheme with th@us the transmitter and the receiver are awake only when
homogeneous placement scheme. In the homogenegdAsmission occurs. We also assume that the power
placement scheme, nodes are placed along the line wghsumption of infrequent sensing/event-driven sensing
equal distancel”. We assume the routing decision iss negligible, e.g., the power consumption to sample the
to relay data to the nearest node toward the sink nO(ﬂ@:nperature every 30 minutes is insignificant. LRt
Because node — 1 is the closest to the sink node ange the amount of additional power consumed by the
has the most heavy relay load, it exhausts its energy firgansmitter in order to keep the circuit “awake?; be
Thus, its lifetime limits the lifetime of the network. Letthe transmission power, i.e., the power emitted by the
d" be the distance between two consecutive nodes. Tdienna, and,,., be the maximum transmission power
traffic load at node: — 1 per time unit is(c(n — 1)d" +  allowed by the power amplifier, whefe< P; < P
cdg) ~ cnd" for large n. Its energy consumption perThus, P, + P, is the total power consumed by the
unit time is approximately3cnd” (d"). We have transmitter. LetP, be the total power consumed by the
receiver, including the power consumed by a circuit, to

cBnd(d") ~ 57 receive signals, and to perform signal processing. Given
T the transmission poweP; and the SNR requiremerit,
and thus if the distance between the transmitter and the receiver
. O\ 751 is d, then the achievable data transmission rates
= (5) R P
Bdr

- h .
The total coverage distance ofnodes,Dy;, is Thus, the time to transmit a unit amount of data is

DP e ndh = O 1/R. The total energy consumption by the transmitter

n ~ to transmit a data unit is
Compared with Eqg. (14), we can see that givenF E, = l(Pt + P,)
andT', our greedy scheme can covgty +1)/~)?/(0+1 ng
longer. For example, the coverage distance of our greedy = ?(Pt + P,)
scheme i24% and 16% longer than the homogeneous t
. Pmax + Pa
placement wheny = 3 and v = 4, respectively. < ﬁdVPi.

Alternatively, the lifetime of the greedy deployment is _ '
(1+1/~)" times of that of the homogeneous deploymenthe total energy consumption by the receiver for the
which is 237% and 244% when~ = 3 and v = 4, transmission of one data unit is

respectively. 1 d” P,
E.=—=(P) = pd’ (P,) < Bd"—".
R Pt max
V. EXTENSIONS AND DISCUSSIONS In both equations, the last inequality holds because

P, < P Thus, it saves energy to transmit with
In this section, we extend the previous result tthe maximum power at thhighest data ratanstead of
more general settings where miscellaneous power cdmwer power at lower data rate. This accords to current
sumptions and non-uniform data density are taken intesearch findings [12]. We assume from now on that this
account. is the transmission mode used. The challenge remains



to determine the placement and routing strategy. Note —— opt. total, D_=8.8828
that the indication is not the same as the result from R -«- greedy, D =8.8538 |
information theory because of different assumptions. In -o- greedy app., D, =8.8237
information-theoretic results, it saves energy to transmit 0.8f \

data at a rate as low as possible [5]. The reason is

that only transmission power is taken into account and = 07
the achievable rate is a logarithm function of the SNR 06l
in information-theoretic results. Compared to the case
where we only take the transmission power into account, 0.5/
we notice that the energy consumption to transmit a ‘ ‘
data unit is scaled by a constant factdt,,.. + P, + %% 5 de ind 10 15
P.)/ P4 We define node e
Prs Fig. 8. Compare the optimal solution of IDEAL with the greedy

p= scheme when miscellaneous power consumptions are considered.
Pmam + PCL + PT‘

as the energy coefficient. In other worg@ss the portion
of the energy that is used for signal transmission amégher, the time for the transmission/reception is shorter,
other portion of the energy is consumed for misceéind thus the total energy consumption is lower.
laneous purposes. If we only have the total energy

constraint, then the result in the previous section holds By power Attenuation Model

simply replacingF with pE, i.e., we only need to replace

. . In the previous sections, we ud¢d” as the signal
E by pE in Eq. (3) in Problem IDEAL. Because theattenuation model. This model is appropriate wieis

performance of HIE is in between IDEAL and the greecj%oderate or large. When increases, we can observe

it i i 1/(1+7) . ) .
Oreee’('jt 'Sa?n;'rt.iﬁd here. It;et us;isgmegf(ﬂ o The from our previous results thal, decreases. It is unrealis-
9 y aigoriinm can be moditied as Tollows. tic to assume that the power-law signal attenuation model

dy=D still holds, where the achievable rate grows infinitely as
E__P oDy, S the distance between the transmitter and receiver goes to
di = (cﬂzﬁ%wﬁdi)) , i=1n—1 zero. The propagation model is not well-defined when

, the distance between the transmitter and receiver is very
where D; = 3, di,, andcD; is the total amount of small [7]. Instead, we modify the power attenuation
traffic relayed to node from node: — 1. In general, model as follows:
scalingE’ by p is a good approximation. Consider node 1 it d>d..

i with a large relay load. The amount of input traffic ag = { ?(d) fded

i—1 : : i—1 min

w—o ¢di is close to the output traffied; + >} — cdy. ~
In this case, the amount of time nodén the receiving wheref(d) > d, . To be conservative, in the following
mode is almost the same as the amount of time it déscussion, we letf(d) = d_7 . Thus, if the distance
transmitting. The larger the value of the better the between the transmitter and the receiver is smaller than
approximation. The difference is more significant fofm:,, the power attenuation is bounded &y, .
nodes far away from the sink node. For instance, node 1Second, we usd,,;, to take into account the “max-
consumes no energy as a receiver. In Figure 8, weum achievable rate”. To be more specific, I},
compare three different schemes: 1) the optimal solutibe the maximum data rate between the transmitter and
to the case where energy can be arbitrarily allocateeceiver. It is the rate where the channel coding rate is 1,
among nodes, 2) the greedy scheme in Eq. (19), &) data can be correctly received with no retransmission
the greedy scheme in Eq. (11) by replacifg with  with high probability, and the transmission rate is limited
pE. We can see that the coverage distances of all thige the available modulation scheme. In other words,
schemes are very close, and the differencd;admong when two nodes are transmitting at rakg,,.., there is
three schemes vanishesamcreases. Thus, the impacho advantage to increase SNR by increasing transmission
of other power consumptions can be well-modeled Ipower or decreasing the transmission distance. Given
p, the energy coefficient. It may seem counterintuitiv;,,,, we can obtaind,;, if the transmission power
that smaller hops are desirable even when miscellane@®i$,,.
power consumptions are taken into account. The reason S ( Praz >
is that when nodes are closer, the reliable data rate is e BRmax

2=




L N ‘ T problem_can be formulated as Eq. 5 by replacing Egs. 6
M -o greedy and 8 with
0'87 \\\s 7 .
,,,,,,,,,,,,,,, Pt T S " izl
0.6/ VT Y fi=a (Z Jri + di—lc> yi=2,---,n—1(20)
B Y j=i+1 k=1
0.4 . Z f1j = adoc, (21)
! “““ \\‘ j:2
0.2
In the numerical results, we notice that the greedy
0 ‘ Y algorithm well. In addition, performing data compression
0 2 odendex° 8 and aggregation has significant impact on the size of
the network. For instance, the total coverage distance is
Fig. 9. The optimal solution with thé,,;, constraint. 10% longer than the case where no data aggregation is

performed forn = 15. Whenn = 25, the total coverage

R _ with o = 0.9 is 20% longer.
In other words,d,,.;,, IS another lower bound such that

we cannot increase data rate by making the transmitgr

and receiver closer. Let Non-uniform Data Density

_ . The greedy algorithm can be extended to the case
dmin = max(dmin, dmin) with non-uniform data densities along the coverage area

i.e., d.., is the limit such that we cannot increasé&asily. In particular, let(z) be the density at location

data rate by decreasing the transmission distance thiafThe beginning of the linear network is set as 0.) The
is already smaller or equal td,.;,. Thus, the energy greedy algorithm can be expressed as:

consumed to send a unit of data over distaséeelower- dy =D
bounded by3d].. . To accommodate such a constraint, { d; = min (D, z; : fl(i)a] = £) (22)
we replace Eq. 8 by the following one: coT
wherel(7) is the load nodeé has to forward, i.e.,
n j 7 E Yi=0ds
> Bfij | max{dmin, »_ di} < =, (19) (i) = / c(w)da. (23)
j=i+1 =i T 0
wherei = 1,--- ,n—1 . This modification significantly !n words,}m the greedy a'go”‘hm’ .nodetrles o p_ush
changes the optimal solution. To obtain analytical resu {S .Ioad (i) as far as pos_S|b!e_ W'thm. the constraif
' Which reflects the same intuition as in Eq. (11).

is a part of our future work. Here, we present some
numerical results. To illustrate the effect df,;,, we
setdy, = 0.7 where D = 1. Figure 9 compare the

results with and withoutl,,,;,, constraints. In the figure, . . ) .
the greedy scheme is the one withaly;,, constraint density along the linear network is not uniform, as shown
o " in Figures 10 and 11, respectively. In both figures, the

The saw-shape curve is the numerical solution to th?axis is the location « in Eq. (23)) and y-axis the

ggz[ggaﬁlr?g igobler\r/lvepr:;sgr'[\fzg tﬁzf\l;zcgfe r;)tlr'lzom)ééta density. Figure 10 represents a linear network with
e "' |ocation-varying data density, e.g., a border line with

. . .
It may be necessary to transfer data using a long Sm%?a?rious degrees of traffic at different locations. Figure 11
hop instead of multiple short hops. We see that some ) )
represents a network with bursty data density, such as at
nodes may cluster together, e.g., nodes 5 and 6. : . : :
the intersections along a highway. In Figure 11, there are
10 bursts located in the linear network. We assume that
the data density profile does not change over time and
In this section, we consider the case when data cooan be estimated when the sensor network is deployed.
pression is performed at each node. We adopt a simflde impact of the time-varying data density is consid-
data compression model. At each node, we assume #ned by its average. When the lifetime of the network is
traffic is compressed by a factar, where0 < o < 1. relatively long, the variation over time is averaged out.)
Whena = 1, it is the case where data compression la addition, to evaluate the impact of estimation errors

not performed. Given the data compression model, cofrthe data density on the network lifetime, a zero-mean

Next, we show some numerical results of the per-
formance in the case of non-uniform data density. We
consider a linear network of lengt9000(m). The data

C. Data Compression
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Fig. 10. Nonuniform data density profile. Fig. 12. Compare the deployment of the greedy algorithm with and

without estimation errors.

15

o Figure 12 compares the greedy deployments with and

without estimation errors on the data density. The x-axis
is the node index, and y-axis the distance between two

Density

5t

(o]

0 2000 A0 aon g o0 10000 consecutive nodes. The two curves are almost indistin-

20 ‘ ‘ ‘ ‘ guishable. To achieve the desired lifetime, the greedy

@15 ‘ . deployment requires 243 nodes with perfect density

£ 10/ “ HH l ” ﬂ * 1 information. In the presence of estimation errors, 244
Gl owm Do 1 nodes are required and the deployment actually achieves

(e e e e et e e e ] 99% of the desired lifetime. In addition, as a reference,

0 2000 4000 6000 8000 10000

Location (X) we also plot the curve of a greedy deployment where

_ _ _ the data density is uniform with the same average
Fig. 11. Bursty data density profile. density (average over the whole linear network). This

deployment requires 256 nodes. The difference between
the uniform and non-uniform density cases is most

Gaussian estimation error is added to the actual d&ignificant when a low data density exists and thus the
density profile to create a noisy estimate, as shown ggﬁtance between two consecutive users are larger (e.g.,
the lower plot in each figure. nodes 20-50).

We compare the performance of the greedy algorithmThe preliminary result shows that independent esti-
with the perfect knowledge of the data density prof“épation errors have little impact on the performance of
the greedy algorithm using the noisy estimate, the hthe greedy deployment. This is due to the fact that the
mogenous deployment, and the random deployment. Wegregated load at each node is more important than
first use the greedy algorithm in Eq. (22) to calculafés particular density. On the other hand, if estimation
the number of sensor nodes needed to monitor the lin€4§0rs are correlated, say a large portion of the network
network, denoted as. The greedy algorithm is theniS under-estimated, the impact will be larger.
used based on the estimated noisy data density (thén the homogenous deployment, (n = 243) nodes
noisy figure in each profile) and its lifetime calculatecire evenly space in the linear network. The lifetime
For the case of homogenous deploymentnodes are of the homogenous deployment 3¢% of the desired
evenly distributed along the linear network. For théfetime. This is in accordance with the result presented
case of random deployment, nodes are randomly andin Section IV.
uniformly distributed along the line. In all deployments, In random deployments, we run 100,000 independent
a simple routing strategy is implemented where easimulations, where in each simulation, (n = 243)
node forwards data to its nearest neighbor toward thedes are randomly and uniformly deployed. The aver-
sink node, which is at the end of the linear networlage lifetime of the random deployment is less thghof
The network life time is defined then as the time thahe desired lifetime. This is due to the randomness in the
the first node runs out of energy. deployment of nodes; i.e, there exists consecutive nodes
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Fig. 13. Histogram of the index of the first failure nodes. VI. DisCUSSIONS
a) Planar Networks: As mentioned earlier, the

10° ‘ ‘ ‘ emphasis of the paper is on linear networks. However,

some results can be extended from linear networks as

heuristic placement schemes in planar networks. In [6],

linear approaches are extended to planar networks by

—— greedy

- w. error dividing a planar network as strips or pieces of pies.

unif

Similar approaches can be applied here, as shown in
Figures 15 and 16.

Consider a rectangular area where there is a road
along the right boundary of the area and thus a mobile
data-collecting agent can move back-and-forth to collect

‘ ‘ ‘ data. In such a case, the result in the linear network
0 100 200 300 400 . .

Node index can be extended easily to the planar network which can
be considered as a set of linear networks, as shown
i Figure 15. When the width of each strip is larger
than D, the sensing range, inter-strip communication is
not desirable. Thus, nodes may be aligned vertically
as show in the upper seven strips in Figure 15. On
with a large gap with high probability. The larger théhe other hand, if each strip is thin, then inter-strip
network, the worse the lifetime of the random networkommunication may help reduce power consumption by
in comparison. This is in accordance with the theoreticplacing nodes interleaved with each other, as shown
results on the coverage and connectivity properties iof the lower three strips in Figure 15. Furthermore, if
randomly deployed networks (e.g., [11]). Figure 13 ihere is no mobile collecting agent, a (dense) linear data
a histogram of the index of the first failure nodes. Thisack-hauling network can be deployed along the right
x-axis is the index of the sensors, and y-axis indicatbsundary of the area to collect data from all strips and
the frequency. Node 1 is the node farest from the siskend the the sink node.
and node 243 is the node closest to the sink node. The b) Data CompressionWe have considered a sim-
histogram indicates that nodes closer to the sink are mgjie data compression model in the case when data
likely to be the bottleneck link due to their heavier loadgompression is performed at each node. At each node, we

assume the traffic is compressed by a fastowhere0 <

We also study the case where data density is bursty,< 1. Preliminary results show that performing data
as shown in Figure 11. Similar comparison is performedpmpression and aggregation has significant impact on
as shown in Figure 14. In this case, the estimatidhe size of the network. For instance, the total coverage
error costs the greedy algorithm no additional nodes addtance is10% longer than the case where no data
2% decrease of the desired lifetime. The homogenoaggregation is performed for = 15 anda = 0.9. In
deployment achieves %7 percent of the desired lifetimegeneral, data compression needs to be taken into account
and the random deployment achieves less tHan 1~ when sensor nodes are deployed.

Distance

Fig. 14. Compare the deployment of the greedy algorithm with a
without estimation errors.



analysis of the performance of the greedy algorithm
revealed the relationship among the design parameters,
i.e., the required lifetime, the number of sensor nodes,
and the length of a linear network to be covered. We
expect such relationship holds in the case of optimal
deployments because the greedy scheme obtains close-
to-optimal performance. We have conducted prelimi-
nary study on planar networks and the effect of data
aggregation. Due to the importance of these issues,
further investigation is certainly desired. Other issues
that are currently being investigated include the effect
of miscellaneous power consumptions and the case of
non-uniform data density.

We study the effect of miscellaneous power consump-
tions, including circuit power consumption and receiving
ower consumption. We also study the cases of non-

niform data density and bursty data pattern. The greedy
orithm can be easily adapted to both cases with sig-

Fig. 16. Placement of sensor nodes in each pie.

c) Miscellaneous Power Consumptioim the pre-
vious section, we only consider the transmission pow
to be more specific, the power emitted by the anten

at the transmitter. However, in a wireless device, pows ficant better performance compared to that of uniform

consgmption s multi-face_t. It consumes energy to !‘e%d random deployment schemes. It is also shown that
the circuit awake, to receive signals and perform sign timation errors on data density has little effect on the

proiessmg, _eltlc. .SUCh |c|)|0}/ver conshgr?ptut)n; j‘re_ SI9NEErformance of the greedy algorithm. Our results show
cant, especially in small [ess sophisticated deviCes. 4l ynq apilities to allocate power arbitrarily among

our preliminary approach, we take into account such mi&i’fferent nodes and to transmit at unlimited range (at

cellaneous power consumptions in the greedy algoritrl . o o
. ) e cost of high transmission power) have little impact
defined into Eq. (11). We assume that nodes transrgﬁ; the networgli lifetime P ) P

at the maximum power to the nearest neighbor toward
the sink to minimize the transmission time. We will
further investigate the effects of miscellaneous power
consumptions.
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