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Abstract— We study the deployment of data back-haul nodes 7 /. ° ° ° °

for wireless networks with energy constraints. We address the ¢ e e N Qe /
. . . e .- < Lo / L N\ Y o —

following problem: given the required lifetime of a sensor . Y S, O —'HO 4»0
network, the energy constraint of back-haul nodes, and the e e '*/ q o t ° o
area to be covered, what is the minimum number of nodes I e o f o [ o o oo \ ./f‘ .f
needed to construct such a back-haul network and what is ° / ° \. o °
the corresponding deployment scheme? Finding an efficient d

deployment scheme involves location management, routing, and

power management. We focus on linear networks and formulate a Fig. 1. A Hierarchical Linear Network

deployment optimization problem. We then propose and analyze

a greedy deployment scheme that achieves close to optimal

performance. We reveal the closed-form relationship among . . o .

different design parameters, namely, the number of sensor node nodes to satisfy the desired lifetime requirement. The egyr
the desired lifetime, and the coverage distance. We also studyof freedom for such a design are multi-fold. They involve

the effect of miscellaneous power consumptions and non-uniform topology management, power management, and routing.
data density, and consider extensions to planar networks. We focus on a many-to-one sensor network. In a many-
Index Terms— Deployment, Sensor Networks, Lifetime. to-one network, data from all nodes is directed to a sink-
node/fusion-center. Many-to-one communication is tyjpina
sensor networks used for monitoring/surveillance purpose
Unlike a distributed peer-to-peer wireless networks, thé#it
We study the deployment of data back-haul nodes fiad is highly asymmetric in a many-to-one network, i.e.,
wireless networks with energy constraints. An applicationodes closer to the sink node have heavier relay load, as illu
scenarios is in wireless sensor networks. For many sendéated in Figure 1. Thus, the traffic load and the correspundi
network applications, the desired lifetime of the netwarlon Power consumption are location-dependent. The lifetime of
the order of a few years. It may be infeasible or expensiigtwork can be limited by nodes with heavy traffic load or
to change batteries in sensor nodes once a wireless sef§yyer consumptions. This problem is adequately captured in
network is deployed. Thus, it is critical and challenging téhis work.
deploy sensor nodes effectively to form long-lived sensor We use data density to model the amount of data generated
networks under energy constraints. in a sensor network and assume that the data density is omifor
Hierarchical structure has been considered as a necesH[iess otherwise stated. Given the energy constraint afed da
for large wireless systems. An example is shown in Figure 4ensity, our objective is to answer the following question:
The bigger gray nodes represent more capable and expensive What is the minimum number of data back-haul
nodes in the higher hierarchy that are responsible for data nodes we need to construct a sensor network and
processing and back hauling. The smaller dark nodes rep- how these data back-haul nodes should be placed
resent sensing nodes that collect information on intedeste  such that the network can satisfy the predetermined
events and report to nearby gray nodes for processing and life-time and coverage requirement?
communication. Consider a real-world example. Crossbo#n alternative question igjiven the number of data back-haul
Technology Inc. supplies both smaller and less expensite maodes, and the desired life time of the sensor network, how
series and more sophisticated and expensive Gateways.sel&ge an area can this sensor network cover and how? Yet
We can consider the mote series as sensing nodes andahether objective is:given the number of nodes and the area
Gateways series as data back-hauling nodes in the Figucebe covered, what is the maximum lifetime of the network
In a remote area, both sensing nodes and data back-hand what is the deployment scheme to achieve it?
nodes can be energy constrained, which limit the lifetime In this paper, our primary focus is dinear sensor net-
of a sensor network. In this study, we focus on data backorks, in which the data back-haul nodes are deployed in a
haul nodes that consume more energy for communicatiditeear topology. Such a topology can be used in a narrow
and are mission-critical. Because these nodes are importand long sensor network, as shown in Figure 1. This is
and usually expensive, strategic deployment of these nogestified by real world examples. For instance, the sensor
is justified. In this paper, we study the deployment of thesetwork deployed on Great Duck Island is in a narrow-and-
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long shape (about 50 nodes long and 5 nodes wide) [1]. Otlidéstance has more data. In our model, more complexity is
applications include sensor networks for border surusi#g involved because the data volume at each node is a function
highway traffic monitoring, safeguarding railway tracks, oof its distance from its neighboring node. In other wordg, th
and natural gas pipeline protection, and structural mango total amount of data relayed to the fusion center is linearly
and surveillance of bridges and long hallways. In additiwa, proportional to the total number of nodes in [9], while it is
have also provided heuristics for analyzing planar networkroportional to the total distance that the network coveisur
using the analysis of the basic linear topology. work. Thus, their results do not yield our results. We jystif
We assume the deployment of data back-haul nodes is cargr assumption using the following example of a borderline
fully planned and controlled instead of randomly performedurveillance network. Assume that events happen uniformly
First, in most current sensor network deployments, sensord randomly in the surveillance area. Then it is reasonable
nodes are manually deployed instead of randomly throvim assume that the total number of events reported to therfusi
into the field of interest. Furthermore, because data baclenter is proportional to the length of the borderline iadte
haul nodes are mission-critical, expensive, and in a welgti of the number of nodes deployed. In other words, a node that
small number, careful planning and deployment is justifiedovers a larger area/distance observes more events and thus
Our numerical results show that the lifetime of a randomligenerates more data. This phenomena is particularly eviden
deployed network is an order of magnitude lower than that efhen we consider the higher layers in a hierarchical network
a carefully deployed one. Maximum lifetime routing in sensor and ad hoc networks
The paper is organized as follows. We discuss related wdrkve been studied extensively in the literature, see €.], [
in Section Il. In Section lll, we elaborate the problem anfll1], [12], [13], [14]. Most of proposed schemes assumegive
introduce a deployment optimization problem. In Section I\hode locations (potentially mobile in ad hoc networks), aihi
we propose and analyze a greedy deployment scheme. M/alifferent from the deployment requirement. On the other
show that the performance of the greedy scheme is closehand, for a given deployment, the proposed schemes can be
optimal. The closed-form analysis of the greedy schemevalloused so that the lifetime of the deployment can be numeyicall
us to understand the relationship among the design paresnetevaluated, and thus beneficial to obtain good 2D deployments
We study the effects miscellaneous power consumptions andur preliminary work is presented in [15], [16]. We extend
non-uniform data density, and consider extensions to plarthe previous work by including studies on miscellaneous
networks in Section V. The paper is concluded in Section Mhower consumptions and non-uniform data density, as well
as heuristics on planar networks in this paper.

Il. RELATED WORK

In this section we briefly discuss the related work on IIl. PROBLEM DESCRIPTION

the capacity and lifetime of wireless adhoc/sensor netsork It is well-known that in a many-to-one communication
Bhardwajet al have provided upper bounds on the lifetime ofietwork, the sink node is usually the capacity bottleneck.
sensor networks [2], [3] where sensor node locations aengivit is also noticed that the sink node can be the energy
In [4], the authors propose a transmission range distobutibottleneck. We elaborate the problem in the context of a
optimization scheme to maximize the network lifetime giveftinear network. Assume that the sink node is at the end of
fixed node locations. In comparison, our work is to addresise network. Data back-haul nodes closer to the sink node
the deployment issue of sensor networks. Energy consenvatwill have much higher relay load. When evenly spaced, nodes
and lifetime extension is investigated in [5] using celbéd close to the sink consume more power and die quickly, which
techniques [6]. In comparison, our work focuses on many-toauses the wireless sensor network to be disconnectedsin th
one networks, which is significantly different from randontase, nodes closer to the sink node limit the lifetime of a
distributed peer-to-peer networks. In [7], the authorsdgtu sensor network. There are different approaches to alkee
the problem of placing the sink-node to maximize the lifegroblem, including allocating more energy to nodes closer t
time of the network in a two-tiered wireless sensor networkhe sink node, placing more nodes, and placing nodes closer
Furthermore, the placement and power management of &d-heavy load areas. Another possibility is to perform load
ditional relay nodes are also considered in [8]. The joimtalancing, i.e., a node with lower traffic load can send data
design problem is formulated as a mixed-integer nonlineaver longer hops to release the burden of other nodes. We
programming problem and heuristic algorithms are proposembnsider all these possibilities in the paper. Our objects/
Our work is different in the sense that we assume only ome deploy data back-haul nodes in an optimal way such that
fixed sink node. In addition, the relay nodes do not have thefre network can cover as large an area as possible given the
own traffic load in [8], which also differs from our scenario.number of nodes available and the desired lifetime of the
The most closely related work is by Ganesanal [9], network.
where our work differs in terms of the data collection model.
The problem is not solved for the general model in [9]
and the optimal scheme presented in [9] assumes that eéchsﬂem Model
node has the same amount of data regardless of its coverage this paper, we assume a perfect medium access control
distance. In comparison, we assume uniform data densay in [4], [9]. Due to low energy supplies and low duty-
across the network, and thus a node that covers a larggcles of wireless sensor networks, many research effaxts h



suggested (localized) TDM-type of access schemes, which is do di

in accord with our assumption. = . "= o o h
We use the following communication model in the paper. 1 | |+1

Let d be the distance between the sender and the receiver,

and P be the transmission power. Then the data rRtés Fig- 2. A Linear Network

proportional to the received signal strength; iR.= P/3d",

where v is the distance loss facto?, < v < 5, and g is

a constant, which can be considered as the signal stren

requirement. This model is widely used in the literature,,e.

[17], [18]. We are interested in the case whédres relatively

large (e.g., at least on the order of tens of meters). We assuga Problem Formulations

that background noise is at a constant level, and therefiere t | ot 17 pe the initial energy of each node aficbe the desired

received signal strength infers signal to noise ratio (SNRjetime of the sensor network. We are interested in the ofise
Thus, the energy consumption to convey one unit of data 0\gfe|atively larger”. Let d; be the distance between tita the
distanced is (i+1)th nodesj = 1,--- ,n—1, andd, be the area covered by
1 . nodel, as shown in Figure 2. We assume that the nodd|
P x R pd’. @) collect all the data between nod@s-1) andi, which isd; ¢
Note that we only consider the transmission power here.r()tr{)ee’ilg;n:nugt;{r; hgﬁ;orr]?é; {/S\/Gt}hﬁa(\:l;ye;agefgrls;ﬁnicewifer:gde
. 7T — L]

ower consumptions, such as receiving power and miscellj-. . . .
P P . 9P . . is the predefined maximum distance between two nodes.
neous power at the transmitter, are considered in Sectidn V- . X L )
. . : In the case of a hierarchical network) limits the distance
In practice, due to shadowing and fading phenomena

l!)%tween a sensor node to its neighboring data back-haul node
the transmission environment, the received signal stheiggt 9 9

fen random. However without precise information ab Lﬂ.e., the cluster head) in the higher hierarchy.
often random. However, without precise information abo We first introduce Problem IDEAL. In this problem, we
the territory and considering theong-term average, it is

assume that energy can be allocated arbitrarily among nodes

reasonable to assume a direct relationship between ddstapc . .

. ) n other words, we only have a total energy constraint. Given
and per bit energy consumption [19]. Thus, we use_Eq. .(1) b 1) nodes, the total initial energy i3: — 1)E. (Note that
a the model to understand the deployment issue in W'releng'den is the sink node.) This is an idealized case, and its
sensor networks.

result serves as laenchmark of the system. When energy can

The ideal bit-energy model in Eq. (1) can also be extend%% allocated arbitrarily among nodes, the network dies only

to a more practical power-goodput model. Ba_S|caIIy, We Efihen there is absolutely no energy left in any nodes. Thus,
plore the fact that goodput increases as SINR increases, F

. ; fhe definition of the lifetime of such a network is very genera
with the advances in DSP and sensor developments, newer YBL- il show later that the performance of the proposed
sions of sensors, especially more expensive and sopléstic

%cheme under more realistic assumption is close to that in

ones, have the capability to adjust data rates based on eha?ﬁe benchmark case, and thus the effect of arbitrary power
conditions. In addition, for a given modulation/codingerat 8llocation is limited '

\t/;/]hertehSINRblsb_rll_ltghefr,ftqe BI.ER (blt”errorhr_a':]e) IS ll_owir_, and \when energy can be allocated arbitrarily among nodes,
us the probability of tailure 1s sma’ler, which impliegher routing in a linear network is greatly simplified. A necegsar

goodput ang thdgs Iot\INer enlgrg)/tconSLtjmpt|on_.tr,]0\I| results Il‘S'(;hcondition for optimality is that nodé should relay all data to
paper can be directly applied to systems with power-goody dei+1, its nearest neighbor toward the destination because
model where per-bit energy consumption is a polynomlgé

Bmds is a surveillance sensor network where incidents érapp
aniformly along the surveillance line (e.g., a border line)

. ) . b)Y > a” +b7, wherea,b > 0 and~ > 1. In other words,
function of distance. Such a model can take into account le +9) a’t “ v

than-ideal hard lizati d ; | ; consumes more energy to transmit data over longer hops
an-ideal hardware reafization and capture a Iess ageeesy, 5, oyer multiple shorter hops. This holds when energy can

correlatlrc])n :Jdetween Energr;]y and dlstaﬂce_. gel d be arbitrarily allocated among nodes.
We should note that the communication model does notyyq objective of Problem IDEAL is to find a deployment

impo§e a constraint on the transmission fange- Inst_ead, i%j:heme to cover the maximum distance given the number
possible for two far-away nodes to communicate With €ag} yata pack-haul nodes and the lifetime requirement. The

other at the cost of high transmission power. Thus, the mo lJbIem is formulated as
is general. On the other hand, imposing an additional range

constraint will not change the problem significantly beeaus ] no!
communications over a long link is penalized in teams of marize Zdi @)
power consumption. Furthermore, the proposed greedy algo- =0 ) )
rithm does not rely on the assumption of unlimited com- . - — (n—1)E

L ) X subject to d; dl < ———— 3
munication range, yet yields close-to-optimal perforneanc ) ﬁZc Z k= T )

=0 k=i+1

Thus, the impact of allowing large communication range is 0<di<D, i=0--n—1 (4

negligible.
We assume that each unit coverage distance genetratds Eq. (2),cd; is the amount of data collected by noget 1)
unit of data per unit time. An example where this assumption one time unit and it is relayed to nodé+ 2), ..., and node



(n — 1), to noden. Furthermore{n — 1)FE is the total initial I

energy andl’ is the required life time, and thuss — 1)E/T "\ -+~ opt, B, =27.4395

is the maximum amount of energy consumed per time unit by 091 - greedy, D,=27.4392

all nodes. Therefore, Eq. (3) is the energy constraint. By. ( osl i

is the maximum distance constraint. We note that it can take &

several hops for a packet (bit) to be forwarded to the sink, < 07 E”\Q

and thus the energy consumption could happen at different .

time periods. The problem formulation assumes steady. state 0.6} &%%

This is reasonable in a long-lived sensor network, where the “%e%g

time period to forward a packet, on the order of seconds, is 0.5¢ %Mmmm 1
much smaller than the life-time of the network, on the order [iitee (SRR
of months or longer. Problem IDEAL serves ad®enchmark 045 10 20 30 20 50
because of its arbitrary energy allocation assumption aad t node index

CorreSpondmg. deﬂmtlon.Of !If.etlme' A similar prOb.lem cha Fig. 3. Compare the locations of data back-haul nodes in thedyrscheme
formulated to introduce individual energy constraints @ele i the numerical solution of Problem IDEAL.
node. We refer interested readers to [16] for details.
We note that Problem IDEAL is not a convex optimization
problem because the domain is not a convex set. Howevee. (5). If data density is non-uniform, we can replace
because the number of variables is relatively small, we hise tz;;}) d; by the aggregated load from distance (E@;é d;.
fconmin function in matlab to obtain the solution numerically.
Next, we present a heuristic deployment scheme that a@hiex\e Nurmerical Comparison
close-to-optimal performance and enables analysis. ' P
We compare the performance of the greedy scheme with that
of Problem IDEAL. Figure 3 compares the numerical solution
of Problem IDEAL and the performance of the greedy one.
Problem IDEAL serves as &enchmark because of its Problem IDEAL serves as a benchmark because of its arbitrary
arbitrary energy allocation assumption and the corresipgnd energy allocation assumption and the corresponding genera
definition of lifetime. However, such a heterogeneous gnerdefinition of life time. Define a constant’ = E/(c0T).
allocation may be inconvenient and impractical in procrcti When D > C(/0+1) ' we havex; < D for all 4. This is
and deployment. In this section, we present a greedy dbe case where the required lifetime is long and/or theaihiti
ployment scheme where each node has an individual (usuadlyergy in each data back-haul node is low, which is of our
homogeneous) energy constraint. The intuition of the greegrimary interest. In the numerical resutf; = 1, D = 1,
scheme is as follows: a node relays data for all nodes that arel » = 50. We sety = 4 for all numerical results in this
further away from the sink. It tries to push its data as faryawagaper unless otherwise specified. In Figure 3, the x-axis is
as possible given the lifetime and energy constraints, lwhithe index of nodes and the y-axisds, which is the distance
determines the distance to its nearest neighbor towardrike sbetween two consecutive nodes. In the legehgl,is the total
To elaborate, the total traffic load of nodds ¢ Z;;%) d;). coverage distance givennodes. We notice that the difference

Let x; be the pushing distance; i.e., the maximum distan&% performance of the greedy algorithm with the optimal one

that nodei can push this amount of data given the enerds Very small. Figure 4 compares the energy allocation of the

and lifetime constraints. We ha\ﬁdczi’l d;)z] = £. The two schemes. In the greedy scheme, all nhodes consume the

j=0% )i = T

algorithm is greedy in the sense a node tries to push its d&&{Ne amount of energy by definition in Eg. (5). In the optimal
as far away as possible under the constraints. Furthermcﬁ%‘,unon of Problem IDEAL, we notice that the leftmost nodes
nodei does not directly send data to noglewherej > i + 2, have slightly higher energy allocations, which infers te th
because it consumes more energy. Because of the maxinlightly largerd; in Figure 3.

distance constraint, we have = min{D, z;}, whered; is Figure 5 compares the coverage length of the greedy al-

the distance between nodeandi + 1. Therefore, the greedy 90rithm with the optimal solution of the Problem IDEAL

IV. GREEDY DEPLOYMENT SCHEME

algorithm can be stated as: where D = 1 and C = 0.01, 1, 10, respectively. (Note
that smaller values of” are of more interests since they
do =D correspond to long network lifetime.) It includes both case

' - g _ (syhereD > C/(r+1) and D < ¢/0F1), The x-axis is the
d; = min | D, (m) ;=L ,n—1L number of nodes and y-axis is the total distance covered. For
each fixedC, we can see that the performance of the greedy
In the greedy algorithm¢; can be calculated iteratively. Wealgorithm is almost indistinguishable from that of the ol
note thatd; is monotonically decreasing — a node with heaviescheme with arbitrary energy allocations. Figure 6 showes th
relay load is compensated through a smaller transmissimsults fory = 2.
distance. The greedy algorithm can be easily adopted to morén summary, the advantage of allowing arbitrary energy
general cases. For example, if each node has heterogeneadlggation is negligible; the greedy algorithm where eacten
initial power constraints,F;, we can replacel/ by E; in has the same initial energy performs very well. Its coverage
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distance is almost equal to that of the optimal deployment.
Thus, it justifies the greedy deployment of homogeneous data
back-haul nodes.

B. Performance Analysis

Because the greedy scheme achieves close to optimal per-
formance, its closed-form analysis can provide insigha the
design of wireless data back-haul networks, which is onbef t
reasons to introduce the greedy algorithm. In this sectian,
obtain a closed-form approximation for the greedy alganith
Let D;, = };10 dy, i.e., D; is the total length covered by
nodes 0 to(¢ — 1), which can be calculated iteratively using
Eqg. (5). We claim a closed-form approximation &f; as
follows:

L\
C’Yil<’y+ Z>W ) Z:Lvnv (6)
v

To justify our claim, we only need to show that the above
equation satisfies Eq. (5) iteratively. Assume Eq. (6) hoid f
k=0,1,--- ,i— 1. By Eq. (5), we have

¢ (o) (8
ko= Ca~—i—1 —\p,

~ O N oo @)
~ Grok) o FThrTh

In the above equation, the first equality holds by definition
(Eqg. (5)) and the second by Eqg. (6). Then,

Di ~

i—1 i 1
1 fy y+1
Di = d do ~ CH+T T d +d
2 du+do / (ml)m) T
) 1\ 71
- o (221

Thus, Eq. (6) is an approximation of the total distance ceder
by i nodes in the greedy algorithm. In Eq. (8), approximations
occur when we replace a summation with an integral, and
when the impact ofi, (i.e., the boundary effect) is ignored.
The approximation is very close, especially for relativiaisge

n (e.g.,n > 5). We compare the numerical result to a network
up to 10000 nodes, fob.01 < C' < 10, and observe that
the maximum discrepancy between the approximation and the
actual value is smaller thah2% for all n, where5 < n <
10000. When n is reasonably large, the approximation of
summation by integral is relatively small.

This closed-form approximation in Eq. (6) reveals the
relationship among the design parametersthe number of
data back-haul nodes needéH, the life time of the data
back-haul network[, the total distance that the network can
covered { = D,, when there are data back-haul nodes). We

have
E 1\"
R G 9)
TeB \ v
Having any two design parameters fixed, we can obtain the
. . a+1 . . .
third. For example, giverf’, n o« L™~ , which indicates a
super-linear increase in the number of node required with



respect to the coverage distance. Givenn T+ is sub- where the inequality holds wheR, < P,,,,, and E} is the
linear. In addition, the marginal effect of adding one morminimum amount of energy consumed to transmit a bit. The
node is sub-linear. Suppose that 4 and all other parametersenergy consumption by the receiver for the bit is

are fixed. To double the lifetime of a sensor network, we only 1 Bd
need19% more data back-haul nodes. To double the length E, = E(PT) =—
of the sensor network, we ne@d8% more nodes. ) i _ )

Finally, we compare the greedy scheme with the unifor@din, the last inequality holds whef, < P, and £ is

deployment scheme. In the uniform deployment scheme, nodl#& Minimum amount of energy consumed to receive one bit.

are evenly placed along the line. Assume the routing decisi®NUs, it saves energy to transmit with the maximum power
is to relay data to the nearest node toward the sink nodé, thehighest data rate instead of lower power at lower data
Because node — 1 is the closest to the sink node and hatate because this mode takes the smallest amount of time and

the most heavy relay load, it exhausts its energy first. Thjgus reduces the miscellaneous power consumption at beth th
its lifetime limits the lifetime of the network. Our analgsi transmitter and the receiver. This accords to current rebea

show that givenn, £ and T, the greedy scheme can covefindings [20]. We assume from now on tteansmitting at the
((y+1)/7)"/ O+ larger in distance than that of the uniformMeXImum power is the transmission mode used. The challenge
deployment [16]. For example, the coverage distance of d&mains to determine the deployment and routing strategy.

greedy scheme i24% and 19% longer than the uniform one _Let us consider the t_radeoff between long and short hops.
when~ = 3 and~ = 4, respectively. Alternatively, the lifetime Without loss of generality (WLOG), we compare a long hop

of the greedy deployment i€l + 1/+)” times of that of the ©f distancel; versus two short hops with distancesand s,

uniform deployment, which i€37% and 244% when~ = 3 Wherelq = si + s;. Assume all nodes transmit &,,., as
and~ = 4, respectively. discussed earlier. The total energy consumption to move 1 bi

using the long hop of distandg is

(P> 60— 2 B ()

Pt max

V. DISCUSSIONS Eiong = L Prwe+ Pt P = 513M.

R( Pmcm

Using two short hops, the energy consumption per bit is

In a wireless device, power consumption is multi-facet. It Pous + P, + P, Pous + P, + P,

consumes energy to keep the circuit awake, to receive alehort = ﬁ(dl)wp—+5(d2)wp—-

process signals, etc. Such power consumption is usually not e e

negligible in practice. For instance, the power consunmptid " 7 > 1, we have(ls)” = (s1 + s2)” = s] + s3, and thus

for reception is usually of the same order as that for tragsmiiong = Esnort- The intuition is that the total awake time for

sion. In this section, we consider such miscellaneous pow© short hops is shorter than that of a long hop when 1

consumptions and their impact on deployment. and_the rate is proportlonal to the _recelved SNR. Note that
To conserve energy in a wireless device, the device sholfitf important factor is that the (maximum) rate decays super

be put into sleep mode when no transmission/reception sccd‘rneaw with respect to dlst.ance, i.en> 1. Thus, the time to

We assume that the energy consumption in the sleep modd@@1Smit and receive one bit grows super-linearly overdise

negligible. We assume perfect synchronization, and thes #@nd so does the total power congumptlon. In a linear network,

transmitter and the receiver are awake only when transomiss|0"9 Nops can always be broken into two or more shorter hops

occurs. We also assume that data back-haul nodes do Hgj@tively, and thus short hops are preferred under theeabo

perform sensing or the power consumption of infrequefffated assumption. o
sensing/event-driven sensing is negligible. Compared to the case where we only take the transmission

Let P, be the amount of additional power consumed bjoWer into account, we notice that the energy consumption
the trangmitter in order to keep the circuit “awaké, be the © transmit and receive one bit is scaled by a constant factor

transmission power, i.e., the power emitted by the antent&maes + Lo+ Fr)/Pras. We define
and P,,,, be the maximum transmission power allowed by B Pras
the power amplifier, wheré < P, < Py,4e. Thus, P, + P, P= Prow + P, + P,
is the total power consumed by the .trans.mitter.' Petbe the as the energy coefficient. In other words,is the ratio of
total power consumed by the receiver, including the POWgle energy that is used for signal transmission to the total
cpnsumed by a C|rC_U|t, to receive §|gnals, and to perforghergy consumption. A node consumie times of energy
signal processing. Q|ven th.e transmission powgrand th? to handle one bit compared to the transmission-power only
SNR requiremen{s, if the distance between the transmittef,ce  Because a node (except the sink node) receives and
and the receiver isl, then the achievable data transmissiop,.<mits the same amount of data, this is equivalent tinsgal
rate R is R = P/(8d”). The total energy consumption by, original energy by a factor of
the transmitter to send one bit over distamces Note we make the assumption that a data back-haul node
1 BdY receives data from sensors in the lower hierarchy and ddes no
B = E(Pt +Fa) = ?t(Pt +Fa) perform sensing itself. Furthermore, we assume that a node
B Proz + Pa A o (10) consumes the.same. amount of energy to receive one unit of
- Tt data from a neighboring data back-haul node and from sensors

max

A. Miscellaneous Power Consumptions

Y
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in the lower hierarchy. This assumption may not always be tru
because a sensor node in the lower hierarchy may have smaller
transmission power and consumes longer time to transmit one
bit to data back-haul nodes. However, for nodes with a large
relay load, the difference is small. The larger the value,of ‘ ‘
the better the approximation. The difference is more sigguifi 0 2000 4088cation 6(3)(())00 8000 10000
for nodes far away from the sink node.

In summary, the effect of miscellaneous power consumption
can be well modeled by a scaling factpr It may seem
counterintuitive that smaller hops are desirable even when
miscellaneous power consumptions are taken into account.
The reason is that when nodes are closer, the reliable data

Density
N ~

(=)

Estimate
N B [=2] [ee]

o

0 2000 4000 6000 8000 10000

rate is higher, the aggregated time for transmission/temep Location (x)
is shorter, the miscellaneous power consumption is lowef, a . _ .
thus the total energy consumption is lower. Fig. 7. Nonuniform data density profile.

B. Non-uniform Data Density

In sensor network applications, data density may vary over
locations. For instance, different portions of a road may
experience different volumes of traffic and intersections a
in general busier. To model this phenomena,det) be the
density at locatiorr, wherez > 0. The sink node is located at % 2000 4000 6000 8000 10000
the rightmost location. The greedy algorithm can be exténde Location ()
to the case with non-uniform data densities along the cgesra 20 ‘ ‘ ‘
area as follows:

15

Density

15¢

o W TN

Q
d; = min (D,xi  Bl(i)z] = T) , (12) T i I 13 h
_ _ S SR S 3 SO O N
where [(i) is the load for nodei to forward; i.e.,l(i) = % 2000 4000 6000 8000 10000
i—1

foz’;o 4 ¢(x)dz. In words, in the greedy algorithm, node Location ()

tries to push its load(7) as far as possible within the constraintig. 8. Bursty data density profile.
D, which reflects the same intuition as in Eq. (5).

Next, we show numerical results in the case of non-uniform
data density. We consider a linear network of lengib00(m).
The data density along the linear network is not uniform, e lower plot in each profile). In the uniform deployment,
shown in Figures 7 and 8, respectively. In both figures, the ®-nodes are evenly distributed along the linear network. In
axis represents location and y-axis shows the variatiorata dthe random deployment, nodes are randomly and uniformly
density. Figure 7 represents a linear network with locatioflistributed along the line. In all deployments, each node
varying data density, e.g., a border line with differentwnes forwards data to its nearest neighbor toward the sink node,
of traffic. Figure8representsanetwork with bursty datHitra which is at the end of the linear network. The network is
e.g., a highway with exits. We assume that the data densp@nsidered dead when the first node runs out of energy.
profile does not change over time and can be estimated whefrigure 9 compares the greedy deployments with and with-
the sensor network is deployed. When the lifetime of theut estimation errors on the data density. The x-axis is the
network is relatively long, short-term variation (e.g.shehour node index, and y-axis represents the distance between two
vs. mid-night) is smoothed. In addition, to evaluate theaatp consecutive nodes. The two curves of the greedy deployment
of estimation errors of data density on the network lifetimavith and without estimation errors (noted as “greedy” and
a zero-mean Gaussian estimation error is added to the actwal error” in the legend) are almost indistinguishable. To
data density profile to create a noisy estimate, as shown &ghieve the desired lifetime, the greedy deployment reguir
the lower plot in each figure. The standard deviation of tH&43 nodes with perfect density information. In the presesfce
Gaussian-distributed error is 200f the actual value of the estimation errors, 244 nodes are required and the depldymen
load, which we consider as moderate estimation errors.  achieves 9% of the desired lifetime. The preliminary result

We compare the performance of the greedy scheme withows that independent estimation errors have little irnpac
perfect knowledge of the data density profile, the greedkie performance of the greedy deployment. This is due to the
scheme using noisy estimate, uniform deployment, and rdaet that the aggregated load at each node is more important
dom deployment. We first use the greedy algorithm in Eq. (18)an the density at a location. Because estimation err@s ar
to calculate the number of data back-haul nodes neededindependent, theggregated estimation error at a particular
monitor the linear network, denoted as The greedy algo- location is small compared to the total aggregated load, due
rithm is then used based on the noisy estimated data densitythe central limit theorem, for moderate or large values of
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Fig. 9. Compare the deployment of the greedy algorithm withaitdout Fig. 10. Compare the deployment of the greedy algorithm with &ithout
estimation errors. estimation errors.

i. Therefore, the impact oindependent estimation errors is deployment andl; be the actual deployment with errors. The
small. On the other hand, if estimation errors are corrdlatdifetime of the actual deployment igtimes of the desired one,
say a large portion of the network is under-estimated, th¢here
impact will be larger. The impact of such correlated errors O 4
. . : i Dok—o %k
needs to be further investigated. 7 = min =T
As a reference, we plot the curve of a greedy deployment ()7 2o &

Wherg the data density is umform. with the same a\./era%wever, as increases, the performance deteriorates because
density (average over the whole linear network), which i

noted as “unif” in the legend. This deployment requires 2§ is bounded by the worst-case scenario. We hope to study the

nodes to achieve the desired lifetime. The difference btmmweI sue further in the future.

the uniform and non-uniform density cases is most significan
when a low data density exists and thus the distance between
two consecutive users are larger (e.g., nodes 20-50). C. Planar Networks

In the uniform deploymenty (n = 243) nodes are evenly  The deployment in planar networks presents great chal-
spaced in the linear network. The lifetime of the Un'fomlbnges, mainly due to the large search space of decision
deployment is34% of the desired lifetime. This is in ac-yariaples. For instance, even with the assumption of anyitr
cordance with the result presented in Section IV. In the,er allocation, we cannot reduce the search space ohgputi
random deployment, we run 100,000 independent realiztioogsibilities much due to possible triangular routes. With
where in each realizatiom (n = 243) nodes are randomly (a4 pack-haul nodes, we have + 22 continuous variables

and uniformly deployed. The average lifetime of the randogg optimize. In addition, the coverage area of each data-back
deployment is less thaift of the desired lifetime. This is due 5| node needs to be determined so that the total transmissi

to the randomness in the deployment of nodes; i.e, therésex{Soyer is minimized while it is guaranteed that all sensors in

consecutive nodes with a large gap with a high probability,e |ower hierarchy can be connected to at least one badk-hau

The larger the network, the worse the lifetime of the randofhge. In the following, we present two heuristics for thenpla
network in comparison. This justifies strategic deploymant deployment. '

nodes and is in accord with theoretical results on the cgeera
and connectivity properties of randomly deployed networlﬁ,

(eg. I[.ilp'twfe .?ljo rLOtfhthaL nodeslclodser to the sink figure 11. There ar@? nodes and nodén,n) is the sink.
more fikely to 1al _ue_ o their ea_lwer 0ads. o The deployment is symmetriad; is the distance between
Bursty data density is also considered, as shown in F'gured%des(z’ j) and(i+1,j), and the distance betweép i) and

Similar comparison is shown in Figure 10. In this case, ;| 1) Each node collects data of the left-lower rectangular.
the estimation error costs the greedy algorithm no additiony g ;me only total energy constraint is considered. When

node and % decrease in the desired lifetime. The uniforr@ > 2, to send data fronfi, j) to (i + 1,5 + 1), it is more

deployment achieves %7 percent of the desired lifetime andefficient to send to nodéi, j + 1) and then to(i + 1, + 1)
the random deployment achieves less thén 1 because ’ ’

While we consider the estimation error on data density v
above, another type of error occurs on deployment due to (\/d? +d§) > (dj +dj).
inaccurate geographic measurements or physical coristrain
We expect the greedy deployment scheme to be robust agalnsthis case, routing is simple — a packet is routed either a
small independent deployment errors. lktbe the desired right or upper neighbor until it reaches the sink. Formathg

Consider a square area where the sink is located at the
ht upper corner. A square-shaped deployment is shown in
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Fig. 12. Deployment of data back-haul nodes in the strip mode.
Fig. 11. Square-shape 2D deployment with total energy cainss:

14f
problem is formulated as 12f
n—1
mazrmize Z d; (13) )
d i=0 o
Q
n—1ln—1 n—1 n—1 g
subjectto  » "> edid;B | > Al + Y d] &
i=0 j=0 k=i+1 k=j+1
< (n?-1)FE (14)
- T
0<d;<D, i=0,---,n—1. (15)

Eq. (14) is the total energy constraint, whetkd; is the vol-
ume of data collected by nodé+1, j+1) andﬂ(zz;il_,_l d}+ Fig. 13. Coverage area with given number of nodes in the segrepe

Z;;H dZ) is the energy to relay one bit to the sink fron,fjeployment. The x-axis is, wheren * n is the total number of nodes.
this node. Note that Eqg. (13) is not a general 2D deployment
problem because we limit the degree of freedom in allocating
nodes. a function ofn under different values of’'. In Figure 14, we

An alternative is the strip deployment, shown in Figure 1Zompare the number of nodes needed to cover the same area
The whole area is divided into a number of strips, where tly the two schemes. In the figure, the x-axis represents the
result in the linear network can be applied in each strip. kyuare deployment wher€ is the number of nodes needed,
the figure, the greedy algorithm is used, shown as circles. #e y-axis represents the strip deployment whefg,, is the
the right edge, a dense linear network is deployed vericaliotal number of nodes needed. The dashed line is the diagonal
to pull data to the sink node, shown by the hexagon nod&he square deployment is better if the curve is above the
The strip deployment is similar to the proposed in [9], wherdiagonal line (e.g.C = 10), and the strip one is better if
linear approaches are extended to planar networks by diyidithe curve is below the line (e.g¢ = 0.01). We note that
a planar network as strips or pieces of pies. square deployment is preferred whéhis large, and strip

We compare the performance of the two schemes. Fame preferred whed' is small. SmallC implies small energy
a fixed n, we solve Eg. (13) numerically to determine thdudget per bit (e.g., lon@’ or high ¢). In this case, it is
maximum coverage givem? nodes. The perimeter of themore efficient to aggregate the data to a few heavy duty nodes
area is denoted by.. We then run the greedy algorithm towith short transmission distances, as the dense vertioaliti
determine how many nodes are needed to cover the same strip mode. This implies that some kind of heavy-duty
area. The number of horizontal rows in the strip deploymebackbone may be desirable in optimal 2D deployments.
is determined bym, = [L/D] because the maximum width In general, deployment of large planar sensor network is
of a strip isD. The width of each strip isv, = L/m,. The of great challenge and requires further study. We hope that
load for theith node in the strip isw, }:O di. EQ. (5) can the strip and square deployments can shred lights on general
then be used to determine the distadgeThe vertical line at 2D deployments. Other potential solutions include depigyi
the right edge is determined with data density. L per strip. multiple sink nodes, exploiting mobile sinks, and decnegsi

In Figure 13, we show the perimeter of the coverage areadsta dimension (e.g., the maximum temperature instead of
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Fig. 14. Compare the number of nodes needed in the square-shape

deployment and strip deployment. The x-axisuig.p, Wherenﬁmp is the

total number of nodes. [12]
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temperature of all nodes). 114
VI. CONCLUSION [15]

In this paper, we study the deployment issue for data bagke;
hauling in wireless sensor networks. Determination of an
optimal deployment scheme involves location management,
routing, and power management. We formulate a general ggn
ployment optimization problem in a linear network and ofbtai
numerical solutions. We then propose a greedy algorit
that performs close to optimal compared to the benchmar
case. The closed-form analysis of the performance of the
greedy algorithm revealed the relationship among the desi@g]
parameters, i.e., the required lifetime, the number of data
back-haul 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 depices clog;
to-optimal performance.

We study the effect of miscellaneous power consumptions,
including circuit power consumption and receiving powep)
consumption. We also study the cases of non-uniform data
density and bursty data pattern. The greedy algorithm can
be easily adapted to both cases with significant better per-
formance compared to that of homogeneous and random
deployment schemes. We present two heuristic extensions to
planar networks. Future study include planar networks,thad
impacts of realistic data aggregation models and deploymen
errors.
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