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Abstract—We consider a network of rechargeable sensors, ) discharge
deployed redundantly in a random sensing environment, and active
address the problem of how sensor nodes should be activated
dynamically so as to maximize a generalized system performance
objective. The optimal sensor activation problem is a very .
difficult decision question, and under Markovian assumptions on activation
the sensor discharge/recharge periods, it represents a complex (depends on
semi-Markov decision problem. With the goal of developing a policy) ready
practical, distributed but efficient solution to this complex, global
optimization problem, we first consider the activation question
for a set of sensor nodes whose coverage areas overlap completely.
For this scenario, we show analytically that there exists a simple Fig. 1. States and transitions
threshold activation policy that achieves a performance of at
Ieast% of the optimum over all possible policies. We extend this

threshold policy to a general network setting where the coverage . : .
areas of different sensors could have partial or no overlap with overall system performance would typically improve (possibly

each other, and show by simulations that the performance of with diminishing returns) with a more redundant deployment
our policy is very close to that of the globally optimal policy. Of sensors.

Our policy is fully distributed, and requires the sensor nodes to  We consider the scenario mentioned above, where sensors
nelghborhood. VWe also consider the effects of spatal correlaion 21 been deployed redundantly in the area of interest. We
on the perforr.nance of the threshold activation policy, and the assume that _sensor hodes Irlvolved in sensing get discharged
choice of the optimal threshold. after a certain duration of time, and need to be recharged
till they can start sensing again. We consider the decision
problem of when the recharged sensors shoulchttéevated

o (i.e., switched on) so as to maximize the long-term utility of
A. Background and Motivation the system.

passive

Y

recharge

I. INTRODUCTION

Due to major technological innovations in recent years,
development of tiny, low-cost sensor devices has become pgs-
sible. Such sensor devices can be deployed in large numbers in .
different environments for monitoring and data gathering pur- W& assume that sensors are energy-constrained, but
poses [1]. These sensor devices, although cheap, are typicEighargeable, and at any instant of time, each sensor could
unreliable. Moreover, sensor devices are limited by battef In one of three states: activeii) passive or i) ready. In
energy. Therefore, a sensing device can remain poweredteﬁ active _state, the sensors are powered on and are sensing.
(and be sensing) only for a limited amount of time, until it Sensor in the active state suffers a gradual depletion of
runs out of battery energy [18]. In many scenarios, sensdiattery energy, and enters the passive state when its battery is
can be recharged, but recharging is often a very slow proc&§&npletely discharged. Sensors that are passive are powered
and the rate of recharging could be significantly less than tRE: and are simply recharging their batteries. When its battery
rate of energy depletion during the sensing period. As a resift, COmpletely charged, the sensor enters the ready state.
a sensor would need to spend most of its lifetime in the “off®€NSOrs in the ready state do not participate in sensing, and
state, when it is not sensing, but recharging. These factdy@it to get activated. Figure 1 explains the three different
motivate redundant deployment of sensors to cover the afi@tes, and the transitions between them. .
of interest. Each sensor being unreliable, sensing reliabilityL€t discharge timedenote the time a sensor spends in the
increases if more number of sensors are sensing the same &fYe state, antecharge timedenote the time a sensor spends
at the same time. If larger number of sensors are deployed, itlsthe passive state. In a realistic sensing environment, the
likely that more number of these sensors would remain chargégcharge and recharge times will depend on various random
(and hence can be used for sensing) at any given time. Thus@dors. Sensors can transmit information (resulting in energy

usage) on the occurrence of “interesting” events, which may
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Problem Formulation



Although a sensor can power itself off during the readthe sensors in the network. Although under specific cases the
state, it has to wake up periodically and exchange messagptimal policies may be formulated as semi-Markov decision
with its neighbors to keep track of the system state in ifroblem, determining optimal policies can be computationally
neighborhood. Therefore, in reality, we would expect tharohibitive. Since sensors are energy constrained we seek
energy will be drained even in the ready state, but probahtplicies that can be implemented in a distributed manner with
at a fairly steady rate (possibly due to polling its neighbomminimal information and computational overhead. Therefore,
to check out the system activation state). However, the energg focus on simpleéhresholdpolicies (defined precisely later
discharge rate in the ready state can be expected to be mucthe paper) and examine their performance.
slower than the discharge rate in the active state. To simplify the analysis and obtain fundamental perfor-

We assume that the performance of the system is charactaance insights, we examine the performance of threshold
ized by a continuous, non-decreasing, strictly concave functipolicies for a system of sensors whose coverage areas overlap
U satisfying U(0) = 0. More specifically,U(n) represents completely with each other. In this case the objective function
the utility derivedper unit area per unit time from n active in (1) reduces to a single integral over the time domain.
sensors covering an area. Note that different sensors canUseler Markovian assumptions we derive tight bounds on the
located at different points in the overall physical space @erformance of threshold policies for two different lifetime
interest, and the coverage patterns of different nodes candoerelation models of the sensor nodes. These performance
different. Therefore, the coverage areas of different senstsunds motivate our study of the performance of threshold
will typically be different. This implies that at any time,based policies in a very general network setting, where cov-
utilities in different parts of the area of interest can diffeerage areas of different sensors could have partial, complete
significantly from one another. or no overlap with each other. Results from our extensive

Note that the strict concavity assumption merely states tBegnulation studies show that even in this case, the performance
fact that the system has diminishing returns with respect &d threshold activation policies is very promising.
the number of active sensors. As an example of a practical
utility function, consider the scenario where each sensor can _— .
detect an event with probability,. If the utility is defined D. Contribution of this Work
as the probability that the sensing system is able to detect af©ur problem formulation is novel, and formalizes a prac-
event, therJ(n) =1 — (1 — pg)™, wheren is the number of tically important problem which has not yet received its due
sensors that are active. Note that this utility function is strictlgttention. As is the case in reality, we assume that the discharge
concave, and satisfig$(0) = 0. and recharge times of the sensors are random. We consider two

We are interested in maximizing the time-average utility afxtreme correlation models of the discharge/recharge times
the system. Lefd denote the physical space of interest, ahd of the different sensors: one in which these times are highly
denote a generic area elementdn Let np(A,t) denote the correlated, and the other in which these times are independent
number of active sensors that cover area elenfent timet, of one another. For the sake of analytical tractability, we
under policy P. The time-average utility under polic®, is first consider the case where sensor nodes have coverage

given by , areas that are completely overlapping. Assuming that the
1 : ; .

lim 7/ / U(np(A,t) dA dt . 1) d|scharge/rechargg times are exponennal,. we formulate the

t—oo t o Ja problem as a continuous-time Markov decision problem and

provide a procedure for determining the optimal policy. Since
II]he associated computation complexity is significant, we focus
on the class of threshold decision policies. Threshold poli-
cies yield closed-form expressions, and the optimal threshold
As mentioned before, our decision problem is that d°licy can be computed efficiently. We show that the time-

Jayerage utility of the optimal threshold policy is at Ie%t

determining how many sensors to activate at any time, fr he b ib| ; for both It el
the set of ready sensors. Note that if we activate more sens8rrst € best possible performance, for both correlation moaels.

we gain utility in the short time-scale. However, if the numbel oreover, we show that correlation of the discharge/recharge

of active sensors is already large, since the utility functidi"eS Of the sensors degrades performance at all threshold
f':tlues. Through numerical studies, we also show that the

exhibits diminishing returns, we may want to keep some y X N
the ready sensors “in store” for future use. In fact, as we s grformance. of the optimal threshold policy is very close to
later, the performance results for policies studied in this pa| best achievable 'performan.ce. Subsequently, we extend. our
justify this intuition. threshold based activation policy to a general network_ setting
where the coverage areas of sensors can overlap partially. The
threshold policies derived for this scenario can be implemented
by sensors in a distributed manner, based only on information
The stochastic nature of the discharge and recharge timesbbut the local network state. Through extensive simulation
sensors makes the determination of optimal activation policissidies, we show that the performance of our policy is very
very hard in a general setting. Further, spatio-temporal corretdese to that of a globally optimal policy. Therefore, threshold
tions imply that at any point in time, the optimal activation polpolicies allow us to obtain near-optimal solutions to our
icy for a sensor might depend on the history of the states of abmplex decision problem in an efficient manner.

In Euclidean coordinates systerdA = dz dy, and
np(A,t) = np(x,y,t), in the above expression. The decisio
problem that we consider in this paper is that of findidgo
that the objective function in (1) is maximized.

C. Problem Challenges and Basic Approach



E. Related Work more detailed system information and additional overhead.

To the best of our knowledge, the problem of adaptivEN€ assumption:; > uo is based on the observation that
activation of rechargeable sensors in a dynamic sensing g?p rechz_argmg process in batteries is typically slower than the
vironment has not been addressed so far in the literature. Wecharging process. o
outline here some of the important work on energy-efficient ASSumption 2 basically states that a sensor remains in the
medium access control (MAC) and adaptive wakeup of seW-”y_ charged state as long as it remains in thg ready state. In
sors, although these works only consider energy-constrainE@flity, we would expect that energy will be drained even in the
but non-rechargeable, sensors. ready state, but probably at a fairly steady rate, as discussed

Energy-efficient MAC protocols are studied in [6], [7], [15]’earlier. Since the energy discharge rate in .the ready stat.e can
[21], [22]. The problem of minimizing power consumptiorpe 'expected 'to. be much §Iower t.han the discharge rqte in the
during idle times is addressed in [5], [11], [20], [17]. In [4] ACtive state, it is not considered in our current analysis.
the authors use occupancy theory to analyze the effect of
switching off idle nodes on the network lifetime. Energys. Problem Statement

conscious multiple-access control and scheduling has been . .
considered in [3], [9], [14], [16]. In [13], the effects of power., Letnp(t) denote the number of sensors in the active state at

. . . . Pmet under policyP. Since the coverage areas of all sensors
conservation, coverage and cooperation on data dissemina

1on
is investigated for a particular data sharing architecture.

are completely overlapping, the optimization problem can be
A recent work [12] does consider sensors with renewatf?osed as that of finding a policy’ that maximizesU/(P),

energy sources; however, this work is focussed only on t?@ereU(P) 's defined as ¢

development of an efficient routing strategy in a network with UP) = lim 1 U(np(t))dt . 2)
rechargeable sensors. Moreover, the work in [12] uses a worst- oot Jo
case competitive analysis approach rather than a stochastiéve assume that switching decisions can be taken at any
decision framework. instant of time. Clearly, these decisions would need to be taken
only when the state of the overall system changes, i.e., the
number of the sensors in the active, passive or ready states
] ) changes. In other words, these decisions need to be taken when
The paper is structured as follows. In the next section, Weme sensor makes a transition from the active to the passive
consider a system of sensors with fully-overlapping coveraggyie or some sensor makes a transition from the passive to the
areas, and show that simple threshold policies can achigyg yy state. Note that although we will address our problem in
near-optimal performance in this scenario. In Section Ill, Wis case from the perspective of a centralized decision maker,

extend the threshold activation policy outlined in Section Il t§,4 gecision policy that we develop can easily be implemented
a more general scenario where sensor coverage areas may gt yecentralized manner.

overlap completely. We conclude in Section IV. All proofs are
provided in Appendix I.

F. Paper Organization

C. Sensor Lifetime Models

II. NODE ACTIVATION POLICIES WITH COMPLETE As we discuss later in more detail, the performance of
COVERAGE OVERLAP decision policies depend considerably on how the discharge
In this section. we address our node activation decisi&fﬂd recharge times of sensors are correlated. We consider two

problem for a system of sensors whose coverage areas Oveﬂgf&rent correlation models of the discharge/recharge times of

completely with each other. the different sensors:
i) Independent Lifetime (IL) Modeln this model, the dis-

) charge and recharge times of all sensors are independent.
A. System Model and Assumptions ii) Correlated Lifetime (CL) Modelin this model, the dis-

We consider a system df sensors covering the same areaharge times of all sensors entering the active state at the
We assume that the discharge and recharge times of eaame time is the same. Similarly, the recharge times of all
sensor are random variables. sensors entering the passive state at the same time is the same.

Assumption 1:The discharge time and recharge time of anyhe discharge (recharge) times of sensors entering the active
sensor are exponentially distributed with meapg; and1/u> (passive) state at different times are independent of each other.

respectively. Moreover; > uo. The two correlation models can be practically motivated
Assumption 2:The energy level of a sensor does not change the following way. First, consider a scenario where data
in the ready state. transmission (on the detection of interesting events) is the

The exponential model of the discharge/recharge timpsamary mode of energy expenditure, as is often the case
is assumed for analytical tractability. Moreover, the optimah practice. Moreover, assume that the detection of an event
policies under this assumption depend only on the numberafd/or the subsequent data transmission is a random variable.
sensors in the different states in the system, and not their ex@lots could happen, for instance, if a certain failure proba-
energy levels. Without Markovian properties, the system céility is associated with the detection of an event at each
be very difficult to analyze, and implementing the optimaensor, or if an event is reported only by one or a subset
decision policies (if they can be obtained) would requiref the sensors (randomly chosen) detecting the event (to avoid



redundant event reporting). In such scenarios, the system iFheorem 1:The optimal time-average utility for the two
better modeled with independent discharge times. Let us noarrelation models{/; and Uf, are both upper-bounded by
consider a scenario where all active sensor report data oﬁf@%), ie.,
regular basis, or the data reporting is so infrequent that most — N — N

. . . . < - < [U(—_
of the energy expenditure occurs in sensing and processing. Ur < U(1 +p) and Ug < U(1 + p) ‘

In these cases, the active sensors will all get discharged at th?he proof of the above result involves concavity arguments

same rate, and therefore, the system is better modeled V\ﬁ% Jensen's Inequality. Theorem 1 implies that the time-

Co'rl'rr?(laa::zds:slsgp ;gspgr:de:ﬁt and correlated recharge times av%rage utility underany policy can not be greater that
N - . . . .
82—p). The result is distribution independent, as long as

i 1+
be motivated as follows. If the sensors are located Closethe mean discharge and recharge times remain fixed. Further,

one aptijthter,btheh_rehciharge pl)r?cgssoes terl]t dl1°tfﬁrenrt1 Sedns_?rftﬁéebound is achieved exactly when all the sensors have
expected 1o be ghly correlated. ©n Ine other hand, | terministic discharge and recharge times of lendths;

sensors are not closely located, then the system may be bezg*?cﬁ 1/p2, respectively. With random discharge/recharge times,

mcl)\tljiledﬂ;/V|tthtr|]ndep<tevr\1,denmt rgclhar?f t";]desc'l represent tWthe bound may not be tight; however, as we show below, it is
ote fhat these two models, and L, represe gfairly good bound for the case when the recharge/discharge
extreme forms of correlation, and real-life situations can ql es are exponentially distributed

expected to fall in between these two extremes. We will arguep o we derive worst-case bounds on the performance of

that our solutions perform _vveII with respect to both .Of thest‘ﬁreshold policies with respect to the optimal policy for the
extreme forms of correlation. Therefore, our solutions a

expected to perform well in intermediate discharge correlation0 correlation models.
pects P 9 2) Threshold Activation Policies for the IL ModelCon-
scenarios as well.

. . - sider a threshold activation policy with parameter <
Note that the optimal time-average utility (computed ove 1,2,3.... N}. Then U:?,p the optimal threshold-based time-

all poss_lble activation policies) cogld be_ different for th.ef tWaverage utility for the IL model, is defined &8s, —
correlation models. We denote optimal time-average utility for ,

the IL and CL models a#/; and U}, respectively. maxy,—; Urr(m).
I o ’ Next we state a result for the threshold policy with pa-

rameter N. Note that with a threshold oiV, once a sensor

is completely recharged, it is immediately activated. In other
Note that the set of all possible activation policies cawords, no sensor is kept in the ready state.

be very large, and the structure of these policies can beTheorem 2:The time-average utility at threshol for the

very complex. Therefore, determining the optimal activation. model, Uy ;(N), is lower-bounded b)ljU(%p), ie,

policy for the IL and CL models can be very difficult, and _ 1

evaluating the optimal time-average utiliti€s; and U, can Ur,r(N) 2 2 (ﬁp) ‘

be computatlona_\lly Intensive. Therefore, we fo_cus_ prlma_rlly The proof of the above result uses Markov chain analysis

on threshold activation policies. A threshold activation pohcx

. ) : i nd concavity arguments to derive a lower bound on the
with parametern is characterized as follows: a ready sensor

. . . . ime-average utility attained. Theorem 2 implies that with
is activated if the number of active sensors does not exgee .

i . ) . . . a threshold of N, the performance of the system will be
after s is activated; otherwises is kept in the ready state.

. . : at least 50% of the optimal performance over all policies.
In other words, a threshold policy with parameter tries . ; . i
N . Our numerical studies also show that the time-average utility
to maintain the number of active sensors as closent@s . . .
. . : .of the system with a threshold a¥ is usually quite close
possible. Note that with such a policy, the humber of active . . .
to the optimal. However, the optimum threshold could in
sensors can never exceed and there can not be any ready )
) . ._general be much less thav. The best threshold policy
sensors in the system when the number of active sensors is R - . -
) - o . can be found by finding the maximum &fr ;(m) over all
thanm. The time-average utility for threshold activation policy g . ;
) = = m € {1,2,3,...,N}, using the expressions (9)-(10) listed
with parametetn, are denoted by ;(m) andUp o (m), for . ; . S .
the IL and CL models, respectively in Appendlx I Theqrem 2,1in conjuncnon_Wlth Theorem_},
' ' implies that the optimal threshold-based time-average utility,
_ Uy, satisfiesUy, ; > $U7}.

E. Analysis It is possible to obtain a stronger bound on the performance
In this section, we compare the performance of threshadd the optimal threshold policy for the IL model. The deriva-
activation policies with that of the optimal activation policytion of this bound uses results from the analysis of the CL

In the following, p = % > 1. For simplicity of exposition, model, that we discuss next.
we assumep is an integer, andV is divisible by (p + 1), 3) Threshold Activation Policies for the CL ModeCon-
although our results can be generalized to the cases whsider a threshold activation policy with parameter. We
these assumptions do not hold. assume thaiV is a multiple ofm. Initially, all N sensors are

1) Upper Bound orl/; and U¢: Since the optimal time- fully charged, andn of these are activated, and the remaining
average utility is difficult to compute, we obtain an uppelN —m are in the ready state. It is easy to see that the sensors
bound on it, and compare the performance of threshold polill become grouped inte = N/m batches, each of size,
cies with this bound. and always move through the different states in these batches.

D. Threshold Activation Policies



From our definition of a threshold activation policy, it follows ‘ ‘ ‘ ‘ [ D

— Upper Bound on Optimal

that at most one batch can remain active at any time. 0zl

Let Sy denote the set of all factors df, i.e., all positive
integers which divideN. Then U;’C, the optimal threshold-
based time-average utility for the CL model, is defined as
U;“}C = MaXmeSy UT,C(m)- B

Next we state an important bound off. ...

Theorem 3:The optimal threshold-based time-average util-
ity for the CL model,U;. ., is lower-bounded by U (A-),

Time Average Utility

. 1+p 012
ie., _ 3 N
Upe>-U(—).
T,C = 4 (1 +p) o1
The proof of Theorem 3 uses Markov chain analysis and con- ° ‘ ! © st "

cavity arguments to derive a lower bound on the time-average ) N
utility attained by the optimal threshold policy. Theorem 3;'39' 2 OTl")"e'a"erage utility for both modelgi{ = 7,p2 = 1,N =
together with Theorem 1, implie§;, . > 30U Therefore, =T

for the CL model, the performance of the best threshold policy

is at least? of the optimal performance over all policies. The ‘ ‘ ‘ ‘ " [ e Lietme
best threshold policy can be found by finding the maximum L
of Ur,c(m) over allm € Sy, using the expression in (14)
listed in the Appendix. As we describe later, our numerical
results show that this maximum is typically attained at some
intermediate value ofn. From the proof of Theorem 3, it can

be also shown that a threshold gf}p achieves the bound of
3

o
®
T

Time-average Utility
°
>
T

! 4) Comparison of IL and CL ModelsThe following result 0al
states that for every threshotd, the performance for the IL
model is at least as good as that for the CL model. 0z}
Theorem 4:For anym € Sy, the time-average utility for e
the IL model,Ur ;(m), can be no less than the time-average Treshald (m

utility for the CL model,Ur,c(m), i.e., Fig. 3. Time-average utility for both modelgi{ = 7,2 = 1,N =

Ur.r(m) > Ur,c(m) . 16, pg = 0.9)

The proof of Theorem 4 involves constructing equivalent

queuing networks 90“?5'00.”"'”9 to the ”‘. gnd_ CL model%odels under different parameter settings. For the utility func-
We show that maximizing time average utility is equwalen[ " . .
ion U(n) = 1—(1—pq)™, we conduct numerical experiments

to minimizing the mean waiting times at certain stations ip ¢ different values ofpa(= 0.1,0.9), N(= 16,32, 48), and
d\— Y.1,U.J), = ) ) ’

these networks. Using prior results on the impact of pool%%: 3.7,15). To obtain the different values of, we set

servers on network throughput and Little’s law, we can prove ;
=1 and varyu,. For each parameter setting, we compare

the Qeswed result. Thegrem 4 implies that the presence of e time-average utility of the system for different values of
relation amongst the discharge and recharge times of SenspIs . ochold
de_lg;]aetltizns]yésger;ngeérlf(;rlrlgsvnii. to improve our earlier bou 1 F_’erformance under IL and _CL model§igures 2 and
on the performance of the optimal threshold policy for the 'Erizﬁ';t de'I_C?" pl_ot?hthat descrlbef tlhe pg_rformz;nce gfh.thﬁ
model. policies in the presence of low (Figure 2) and hig

Corollary 5: The optimal threshold-based time-averag(slzigure 3) probability of d?_t(.ECEioan). Note that the figures
utilty for the IL model, U7, is lower-bounded by (), —Snow the time-average utilitieSy.; (m) and Ur.c(m) along
ie. ' with U(m), the upper bound on the maximum achievable

’ Y 3 N time-average utility. Figures 2 and 3 indicate that for both the

Ury 2 ZU(m) : CL and IL models the time average utility is maximized at

, , ) ) - an intermediate value of the threshold. Further, the optimal
Corollary 5, in conjunction with Theorem 1, impli€sr.; > reshold may be distinct fror®. For the CL model, when
U} Therefore, for both the IL and CL models, the perforaperating with a threshold gregf)er than the optimal 'the time-
mance of the best threshold policy is at legsof the best average utility decreases very rapidly with the threshold value.
achievable performance. However, for the IL model the decrease is gradual and in many
. cases marginal. The rapid decrease in performance of the CL
F. Numerical Results model for thresholds other than the optimal emphasizes the

In this section, we report results from numerical experimentged to model and understand impact of correlation on system
on the performance of threshold policies for the IL and Cperformance.



N=16 | N=32 | N=48 N=16 | N=32 | N=48

p=3 1.29 1.30 1.31 p=3 1.06 1.06 1.06
p=T7 1.28 1.29 1.29 p=7 1.14 1.09 1.09
p=15 1.27 1.28 1.28 p=15 1.22 1.16 1.17

(a) IL Model (b) CL Model

TABLE |
RATIO OF OPTIMAL THRESHOLD-BASED TIME AVERAGE UTILITY AND LOWER BOUND, FORpg = 0.1.

N=16 | N=32 | N=48 N=16 | N=32 | N=48
p=3 1.33 1.33 1.33 p=3 1.31 1.32 1.33
p=T7 1.24 1.33 1.33 p=7 1.21 1.32 1.33
p=15 1.14 1.25 1.32 p=15 1.14 1.21 1.31

(a) IL Model (b) CL Model

TABLE I
RATIO OF OPTIMAL THRESHOLD-BASED TIME AVERAGE UTILITY AND LOWER BOUND, FORpg = 0.9.

02

Tables | and Il list the ratio of the time-average utility
obtained at the optimal threshold’f ; or U7, ) to the lower

bound of%U (). Note that this ratio must lie between 1 and 1 s
%. A value close to 1 indicates a tight lower bound, whereas = Uipertows

a value close to% indicates that performance of the optimal
threshold policy is close to the best achievable performance.
Table | indicates that for low values of the probability of
detectionp,, the time average utility obtained by the optimal
threshold policy for the CL model is very close to the lower
bound. However, performance of the optimal threshold policy

for the IL model is fairly close to the maximum valﬂé(%).
Table Il indicates that for high values of the probability of 3 2 5
detectionp,, the time average utility obtained by the optimal
threshold policy for both models is very close to the maximu . . . o .
N Ig. 4. Time-average utility plot for various distributions with same mean
value U(17;), although the performance for the IL modeE1 —'7, 12 = 1) and variancg— mean?/3)
is slightly better, as expected. In summary, in most cases,
the optimal threshold policies yield performance that are very
close to the maximum achievable performance. When thisdgeas in the physical space of interest. In other words, the
not the case (for instance, for the CL model and low valug®verage areas of two sensors may overlap only partially, or
of pg), the performance is fairly close to our lower boundgnay not overlap at all (i.e., be disjoint). In this section, we
of %U(%ﬁ). Further, the numerical experiments also indicaigxtend our threshold activation policy to this general scenario.
that our bounds are fairly robust to the choice/éfand p. As mentioned before, the case of partial coverage overlap
2) Distribution IndependenceSimulations were carried outis very difficult to model and analyze, even for the special
for the IL model with recharge/discharge times randomlglass of threshold policies. In this section, therefore, we will
distributed under various different distributions, viz. Betary to develop a solution heuristically, based on the insights
Gamma, Uniform. The performance of threshold activatiosbtained for the complete coverage overlap scenario. We then
policies was measured by computing the time-average utilithow, through extensive simulations, that our solution yields
It is observed that the performance of a threshold activatianperformance trend similar to that of the complete coverage
policy is independent of the distribution of the rechargeverlap case. In particular, we observe that the performance
and discharge times. This can be inferred by observing thehieved still satisfies the three-fourth bound with respect to
performance of the threshold activation policies under thle upper bound on the optimum over all policies.
various distributions with same mean and variance, as shown

in Figure 4. A. Distributed Node Activation Algorithm

To motivate our distributed activation algorithm, let us
assume that a sensédmwants to maintain a utility of/(m;)
per unit area per unit time in its coverage area, whegeis

In a realistic deployment scenario, nodes may be deployappropriately chosen. In other words, if the coverage area of
at random, and therefore, nodes will typically cover differenhe sensor is denoted by;, then the sensor targets to derive a

Time Average Utilty (U,)

8
Threshold (m)

IIl. NODE ACTIVATION POLICIES WITH PARTIAL
COVERAGE OVERLAP



utility of |.4;|U(m;) per unit time. When the sensor is in the Corollary 6: The optimal time-average utility for a general
ready state, then at any decision instant, the sensor computesvork of sensors is upper-bounded by
the current utility per unit time in its coverage area. If the

current utility is less than the targeted utility, then the node / U (N(A)) dA . (4)
activates itself; otherwise, the node remains in the ready state A I+p
until the next decision instant. The above result can be proved following the same line of

A sensor can compute the utility derived from its coveragenalysis as in the proof of Theorem 1, and is therefore omitted
area in the following manner. For a generic area elemeat here. Since the optimal policy is difficult to formulate and
A;, let n(A,t) denote the number of sensors coveridgat compute in this case, we will compare the performance of our
time ¢. Then the utility per unit time in the coverage area digorithm with respect to this upper bound.
nodes is calculated as

/ U(n(A,t)) dA . (3) C. Sensor Lifetime Models
A;

A that node icate with all nod h We consider five different lifetime models for this scenario.
ssume that nodecan communicate with all nodes WNOS&rng first two models (independent and correlated lifetime

coverage areas_og_erlzlilp W'tn Ittr? own cpvr?t;age tarelf. Th?ﬁ mgdels) are extensions of the IL and CL models considered
sensor can periodically poll INose Neighiors 1o Know &, ,q complete coverage overlap case. The next two models

activation state. Assuming that the sensknows the coverage iindependent and correlated event-based lifetime models) are

patterns of those neighbors, it can compute the targeted miltyent-based. For these models, we assume that discharging
by evaluating the expression in (3). Therefore, the propos ’

algorithm can be realized in a distributed setting based o %

on local information. for the sake of comparison, we also consider a deterministic

'\.IOtE? that _the _algorlthm_ IS motlva_ted by t_he thres_hol etime model, where the discharge and recharge times of each
activation policy discussed in the previous section, and in t}gg

. i sor are fixed.
case of complete coverage overlap, it reduces to a d'St”buWCrndependent Lifetime Modelfhe discharge and recharge
implementation of the threshold policy described earlier. imes of the sensors are exponentiat. with means1 /.,
In practice the decision interval needs to be chosen carefu led 1/ 15 respectively '
to ensure that not too much energy is wasted in the rea, > ’

L . . ) Correlated Lifetime Model:The discharge and recharge
state by periodic wakeup and polling, while guaranteeing 909l o5 of the sensors are exponential with meais; and
performance.

i 1/us respectively. However, the discharge (recharge) times of
The _thresholdsmi can be qlefmed globally_ or locally, anOIaII sensors entering the active (passive) state at the same time
accordingly we have two variants of our policy:

) ) . o ) is the same. The discharge (recharge) times of sensors entering
) qubal threshold pc_)I|cy1n this case, th.eni = m Vi, where the active (passive) state at different times are independent of
the fixed thresholdn is chosen appropriately. each other

i) Local threshold pplicyln this case, th@”? can be different iii) Independent Event-based Lifetime Modelents are as-

for each, depending on the local neighborhood of thgumed to occur randomly in the physical space of interest,

individual sensor nodes. nd a sensor node gets discharged (by a fixed amguorly

In Section [II-D, we comment on_the appropnate choice Q?/hen an event occurs within its coverage area. Events are
the local and global thresholds, to yield optimum performancgSsumeol to occur according to a Poisson process, and are

\é\gtg?n Igzgglvlzlrsll e?;pigt(atr?;r_fgal :}Zﬁs?ﬁg:ep%“? rt10 %e;fogmniformly distributed in the area of interest. A sensor node,
varian,cg inlthue dgnlsity of no:jes\iﬁ the deploylment rlggiorf) FBBI’h activation, is a;sumed to have a tota_l energyJotinits.
the local threshold policy, nodes in areas with larger deﬁsi ﬁerefore, an active sensor gets fully discharged og¢e
can have a higher thresh,old while nodes in a sparser reg ents h_ave occurreq Wlthln its coverage area. The recharge
can set its threshold to a Iov,ver value. However, if the nod cess is modeled similar to the dlscharge process. A passive
) ' ! Ordde gets fully recharged once a certain number of random
are d(la)ploye?j more ofr less umformllly,_ then blo”_‘ thesel T]O“C'er%charge events” have occurred in its coverage area. The mean
E)rcealoths;ggvheol dtcp))orl)ii;opr;nrfc\)/rerrr\i \gfghtllr;/ E'en:tl;?t'ons‘ alt Ougirﬁter-event times for discharging and recha}rging are chosen so
: that the mean discharge and recharge times of sensors are
) ) - equal tol/u, and1/us respectively.

B. Upper Bound on Optimal Time-average Utility iv) Correlated Event-based Lifetime Modélere the network
Next we state a useful upper bound on the optimal times divided into imaginary blocks of equal sizes. As in the
average utility derived from a sensor network with partialase of the independent event-based lifetime model, events
coverage overlap. We assume that the mean discharge aodur according to a poisson process, and are assumed to
recharge times ar% andi respectivelyp = “—; > 1.We do be uniformly distributed in the area of interest. However, an
not make any assumption on the distribution of the dischargeent occurring anywhere in the block affects all the sensors
and recharge times. Let denote a generic area element ifocated in this block in a similar manner. This introduces
the physical space of interest, and A) denote the number spatial correlation between the discharge and recharge times
of active sensors that cover area elemdnt of the sensors. The degree of spatial correlation depends on

d recharging depend on events that occur randomly in the
ployment region (in a way as described below). Finally,



the sizes of the blocks. In this model too, the mean inter-event o1t
times are chosen so that the mean discharge and recharge times
of nodes are equal tb/u1 and1/u- respectively.

v) Deterministic Lifetime ModelThe discharge and recharge o
times of the sensors are fixed and are equal/te; and1/us
respectively.
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Fig. 7. Performance with global thresholds, under varying degrees of event
correlation
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Fig. 8. Performance with local thresholds, under varying degrees of event
correlation

Figures 5 and 6 show the performance of the various models
. for global and local thresholds. Let us defing the local
threshold parameter, as = m;/(73), wheren; is the
number of sensors (including that cover the point where
i is located. Note that in Figure 6, the time-average utility is
plotted against this local threshold parameter
From Figure 5, we observe that with a fixed global threshold
D. Simulation Results and Discussion of m = N/(1+p) (= 2 in this case), the time average utility
The performance of the node activation algorithm describégl greater than three-fourth of the upper bound. Similarly,
above is evaluated using simulations for a wide range tsbm Figure 6, we observe that with a local threshold of
parameters for both the cases of global and local thresholds. = n;/(1 + p) (the case ofx = 1), the time average utility
In the representative simulation results presented here, th@reater than three-fourth of the upper bound as well. For all
simulation setup and the parameters used are as followsofthe event models considered, we see that this threshold
total of N = 52 sensors, each having a circular coverage pattesalue also achieves the close to best performance attained
of radius 12 units, are thrown uniformly at random in an arezver all thresholds. Simulations performed for other network
of size 50<50. With these parameters, the mean coverage @fnfigurations yielded similar results. The performance for the
the network (V), defined as the average number of sensofieterministic model is close to the optimal for the threshold
covering any point in the deployment region, is observed & m; = n;/(1 + p) andm = N/(1 + p) for the local and
be approximately 9.1. We use = 3; for the event-based global threshold policies respectively.
lifetime models,Q/q = 100. For the correlated event based Note that the Figures 5 and 6 also show that the performance
model, number of blocks is set to 4. The utility function usedt higher thresholds drops significantly as the degree of spatial
is given byU(n) =1 — (1 — pq)™ wherepy = 0.1. Also, the correlation in the sensor lifetimes increases. Figures 7 and
upper bound on the maximum achievable utility in this cas® also demonstrate this fact more clearly. Note that the
is calculated to be 0.159511, from 4. degree of spatial correlation increases as the number of blocks

Local threshold parameter(a)

Fig. 6. Performance of different lifetime models with local thresholds



becomes smaller (i.e., with the increase in the block siz€)s] V. Rajendran, J.J. Garcia-Luna-Aceves, and K. Obraczka, “An Energy-

With the increase in spatial correlation, the performance drops Efficient Channel Access Scheduling for Sensor NetworRsgc. The
Fifth International Symposium on Wireless Personal Multimedia Com-

significantly for the activation policy at higher thresholds. munication (WPMG)October 2730, 2002, Honolulu, HI.

[16] Y. Sagduyu and A. Ephremides, “Energy-efficient Collision Resolution
in Wireless Ad-hoc Networks,Proc. IEEE Infocom 2003San Fran-
IV. CONCLUDING REMARKS cisco, April 2003.

. . 7] S. Singh and C. S. Raghavendra, “PAMAS: Power Aware Multi-
In this paper, we have considered a network of reChargeaB‘Ié Access protocol with Signalling for Ad Hoc Networks,” ACM Computer

sensors, and addressed the question of how sensors shouldcommunication Review, July 1998, pp. 5-26.
be activated dynamically with the objective of maximizing?!8l iasringhNM-Wio,g. S. Rgghavin&ral;“Powgrggvvﬁare %Outigg lrigl\ggbile

. . - -hoc Networks,"Proceedings of Mobicom '9®allas, October .
a generallze_d_ gIOba_l coverz_;\g_e metric. Ir? view of _the CC'n[1]f9] J. G. Shanthikumar, D. D. Yao, “On Server Allocation in Multiple Center
putational difficulty in obtaining the optimal solution, we Manufacturing SystemsOperations ResearcB6(2):333-342, 1988.
have studied the performance of simple threshold activati&] Y. t>_<u, ? HAeljdeHmang, Dt._ Es"tgn, “Gedqgraph]y-'{;llf%r_med Iggergy_%nser-
policies. We have shown analytically that for the case of com- \Jlﬁl;orz]ogi. oc Routing,"Proceedings of Mobicom 20pRoime,
pletely overlapping sensor coverage areas, the best threshig w. Ye, J. Heidemann and D. Estrin, “An Energy-Efficient MAC Protocol
policy attains a performance of at Ie%bf the optimum. We for Wireless Sensor NetworksProceedings of Infocom 200New

. . . York, June, 2002.
_have deanStrated through S'm_UIa'_uonS that if the threSh_%Q] W. Ye, J. Heidemann, and D. Estrin, “Medium Access Control with Co-
is appropriately chosen, our activation policy performs quite ~ ordinated, Adaptive Sleeping for Wireless Sensor Networkschnical
close to the g|oba| optimum, even in the genera| case where Report ISI-TR-567USC/Information Sciences Institute, January, 2003.
. R.L. Wheeden, A.Zygmundyleasure and Integral, An Introduction to

the sensor coverage areas could have corrllple'te, par'FlaI ol%ib Real AnalysisMarcel Dekker, Inc., NY, pp. 694-703, 1977,
overlap with each other. The threshold activation policy can
pe |mple_mented in a distributed manner, with only Ioca_l state APPENDIX |: PROOES
information. Our results also show that correlations in t

discharge/recharge times worsen system performance. IEroof of Theorem 1: Let f andp be measurable functions

finite a.e. on a seR. Supposefp andp are integrable orR,
p >0, and pr > 0. If ¢ is convex in an interval containing

REFERENCES the range off, then Jensen’s inequality [23] states
[1] I. F. Akyildiz, W. Su, Y. Sankarasubramaniam and E. Cayirci, “Wireless
Sensor Networks: A SurveyComputer Network88, pp. 393-422, 2002. fR fp < fR ¢(f)p
[2] Bertsekas, D.P.pynamic Programming and Optimal Control, Volume ¢ f P = f p :
R R

II, Athena Scientific, Belmont, Massachusetts, 2001.
[3] N. Bambos and S. Kandukuri, “Power Controlled Muliple Access
(PCMA) in Wireless Communication NetworksProceedings of Info-

com 2000,Tel Aviv, 2000. Let n(t) denote the number of sensors in the active state

[4] D. Blough and P. Santi, “Investigating Upper Bounds on Networ . . . T -
Lifetime Extension for Cell-Based Energy Conservation Techniques lént time ¢. Since U() is concave, substitutingy = U(')’

Stationary Ad Hoc Networks,” Proc. of ACM Mobicom 2002, Atlanta,f = n(t) andp = 1 in the above, Jensen’s Inequality implies
Sept. 2002.

[5] B.Chen, K. Jamieson, H. Balakrishnan and R. Morris, “Span: An Energy T T
Efficient Coordination Algorithm for Topology Maintenance in Ad Hoc U fO n(t)dt > 10 U(n(t))dt
Wireless Networks,Proceedings of ACM Mobicom 200Rome, 2001. T - T

[6] I. Chlamtac and C. Petrioli and J. Redi, “Energy-conserving Access
Protocols for Identification Networks,” IEEE/ACM Transactions orSince,U(.) is continuous, we have
Networking, 7(1):51-59, Feb. 1999.

[7] A. Chokalingam and M. Zorzi, “Energy Efficiency of Media Access foT n(t)dt

T

T
; . : . Jo Uln(t))dt
Protocols for Mobile Data NetworksfEEE Transactions on Commu- lim U > lim ————. (5)
nications 46(11):1418-21, Nov. 1998. T—oo T—o0 T
[8] Y. Dallery, K. E. Stecke, “On the Optimal Allocation of Servers . o .
and Workloads in Closed Queuing Network®perations Research Define;(¢) such thaty;(¢t) = 1 if sensor: is in active state
38(4):694-703, 1990. N ~_attimet and+;(t) = 0 if sensori is in passive state at time
E. Jung and N. Vaidya, “An Energy Efficient MAC Protocol for Wireless Th tinuity oft/ | . l

LANSs,"Proceedings of IEEE Infocom 200Rew York, June 2002. t. en, continuity o () also implies

[10] K. Kar, A. Krishnamurthy and N. Jaggi, “Threshold Activation Policies

[9

in a Random Sensing EnvironmentTechnical Report Rensselaer T T
Polytechnic Institute, July 2004, www.ecse.rpi.edibushik/sensor- . fo ”(t)dt . fg n(t)dt

) lim U | &=——— = U| lim =——
threshold-techrep.pdf. oo T T oo T

[11] R. Kravets and P. Krishnan, “Power management techniques for moblfre

communications,Proceedings of The Fourth Annual ACM/IEEE Inter- fT zi:N w-(t)dt
national Conference on Mobile Computing and Networking (Mobigom) — U lim £ =1 "t
October 1998. T 0o T

[12] L. Lin, N. Shroff and R. Srikant, “Asymptotically Optimal Power-
Aware Routing for Multihop Wireless Networks with Renewable EnergBince);(t) is positive and bounded,
Sources,Proceedings of IEEE Infocom 2008liami, FL, March 2005.
[13] M. Papadopouli, H. Schulzrinne, “Effects of power conservation, wire- T i=N T
less coverage and cooperation on data dissemination among mobileliy, [J M = Ul lim Z M
devices,”ACM SIGMOBILE Symposium on Mobile Ad Hoc Networking T—oo T T—oo 4 T
and Computing (MobiHoc) 2001ong Beach, CA, Oct. 2001. ) i=1
[14] B. Prabhakar, E. Uysal and A. El Gamal, “Energy-efficient Transmission =N fT wi(t)dt
over a Wireless Link via Lazy Packet SchedulinBfoceedings of the U lim 20"~/
IEEE Infocom 2001Anchorage, April 2001. —1 T—o0

1=



Further, since all sensors are identical, for @&ny

T T

Since the times each sensor spends in active and passive states
are independent, with mear;}}? andi respectively, we have

k > w. Hence

T
L, Jo wr(t)dt

— 7
1+p - Tl~>oo T ' ()

where the equality holds if the sensor spends zero time in the
ready state. From the non-decreasing natur& (f, and using
(7) and (6), we have

N [T n)dt
U(Hp) 2 U(%LH;OOT)

Combining (8) and (5), we obtain

(8)

() s ol
el U@ Sl
S

and
This implies that the time-average utility undamy policy can

not be greater that/(}>). In particular, the optimal time-
average utility for the two correlation models; andU;;, are We get

both upper-bounded tiy(%), thus proving Theorem 1. g

Proof of Theorem 2: Using steady state Markov chain
analysis (see [10] for details), the time-average utility of the
system,Ur 1 (m), can be computed as

N . .
7 _U()a(i,m
Upi(m) = Zml@alim) o
> im0 (i, m)
wherea(i,m),i =1,2,..., N, are defined as
: (1o~ it i <m,
s = i - ! 10
oltm) { (M) 22—~ otherwise. (10)

Using the above expressions, time average utility obtained
for a threshold ofn = N is

. U () (/o)
Ura(N Z (1+1/p)N

=0

We definew = 2 and show thafZX) > 1 \we have
p+1 U(w) 2

, Yoou@ )
Ot = Zm
-1 N N N (N
_ ) U(Z)(z)
- lzlpllﬂ/p w2 1N

From the concavity and non-decreasing natureldf), we
haveU (k) > (k/w)U(w) for k < w, andU (k) > U(w) for

Ur.r(N
U(w)

)

The right hand side

1+p

(

p

N
w

v

v

\%

)

w—l

(i/w)(5)(1/p")
1+1/p

N/p
1+1/,0

(1 +P)(i71 )(1/07)
T+ 1/

(Y)a/p

—~ (1+1/p)N
(Ihase) (1+p
— (1+1/pN \ »p

1=

N (N i
+Z ((z)(l/P)

— (1+1/p)"

M

= N
+Z
vty

ML

i=1

>

7

_|_

is further simplified by noting that for
) Ly (Z.V)? > 1(N)¥, (11)
p’L 7 pl 2 ) p’L

1 N 1
— > —_
pw —\w-1 pwfl

— (1/2)(7)(1/p")
2 (1+1/p)N

)

12)



N i .
+(1/2) Z ((1 /p From (15) and (16), we obtain

1
e = (1-3)o ()
> 1/2+(1/2) Y D0/ 3 N v
- 1=w+1 1 + ]-/P = ZU <1+p) . [ |
> % . (13)

Proof of Theorem 4: Figure 9 provides a queuing network
representation of the IL model operating with a thresholghof

It is easily seen that the Markov chain for this queuing network
identical to that of the IL model described earlier. Figure 10

The result follows from (13) and Theorem 1. g

Proof of Theorem 3: Using steady-state Markov chain,
analysis (for details, refer to [10]), the time-average utllltf
of the system[Jr. , can be computed as

: r,0(m) o OX OF
Zi:() ar @ °

wherec = N/m. Recall thaf is an integer, andV is divisible roaty ™ .
by (1 + P) _ Sensors @ N @ .
To prove the lower bound ob'; -, it is sufficient to show Y
. ’ Active Sensors Passive Sensors
that there exists arh, such thatUr ¢ () = 3U (1+p) In
particular, we show that the result holds fér = 1+ , by s
considering two cases, namely= 1 andp > 2. Fig. 9. Queuing network representation for the IL model

Case 1(p=1):
G ) provides a queuing network representation of the CL model

operating with a threshold of.. Again, it can be seen that
the Markov chain for this queuing network is identical to that
of the CL model described earlier. To show tliat ;(m) >

<1]1,0) @1

(1]4\:/)> MQ‘D _’MQD —

Sincep =1, m = = = & andc = ¥ = 2. Hence,

Urc(m) = [1- 2% -|U
o ( z)
( U

1+p
1+p+54
p N2 geady Active
ensors Sensors
= 0 8U <1—|—p) @ N/m |
3 N Passive Sensors

> U ——

fel 4 (1 + p) c=N/m
Case 2(p > 2) : Fig. 10. Queuing network representation for the CL model

Ur.c(m) we construct the multi-class queuing network model

of an intermediate system as shown in Figure 11. Thererare

U ( N ) classes of customers with= N/m customers in each class.
U

Sincep > 2, m = £~ < & andc = £ > 3. Hence,
: 4
o — _ c!
Urclm) = {1 SO, o Each class of customer visits one of the exponentigervers
z_pcl' in station 1 (active sensors) and one of tNigm exponential
S (1 _ o ( N ) . (15) servers in station 2 (passive sensors). Note that the behavior of
> 5 g

each class of customers in the network shown in Figure 11 is
identical to that of the batches in the network representation of
the CL model. Comparing networks in Figures 10 and 11 we

o 1 note that the steady state probability of there béingstomers
ﬁ = 14 ¢y ele=D) | ele=D(e=2) at a particular server at station 1 in Figure 11 is equal to the
i=e=3 ! P I ’ steady state probabilityr; - (m), of there beingi customers
— 1 at station 1 in Figure 10. Therefore, the throughput of each

14242 4 (1;”’” + (p“)j(” L class of customers in the network in Figure 11 is equal to
1 the throughput of the network in Figure 10 and is given by
= ﬂ xc(m) = (1 — mo,c(m))p1. Next, we consider the network

representation of the IL model (Figure 9).7f ;(m) denotes
(16) the steady state probability of there beingustomers at station

IA



1 in Figure 9, then the throughput of the network is given b

xr(m) = Z;’;_ll im; r(m)p + va:m mm; 1(m)p1. Now we

compare the networks in Figure 9 and Figure 11 and no
that both networks havéyV customers in total and the same
number of servers at stations 1 and 2. However, in Figure
the servers in stations 1 and 2 are dedicated to each clasg
customer, while the servers in Figure 9 are pooled. Then fro
the results presented in [8] and [19] on the impact of pool
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servers on network throughput, it follows that the throughputaffic engineering, congestion control and multicasting.
of the network in Figure 9 is at least equal to (if not greater
than) the overall throughput (summed over all classes) of the

network in Figure 11, i.e.,

xr(m) > mxc(m). (17)
We use this result to show thatr ;(m) > Uz c(m). Note

that Ur. s (m) = 3277w (m)U(0) + 30, mig (m)U (m)
andUc, ;(m) = (1 —mg,c(m))U(m). From concavity ofU(-)
we have,U(i) > (i/m)U(m) for i < m. Hence

Uri(m) = Z_:Wu +Z7Tz1 (m)
> (i/mymi r(m)U(m)

=1 i=m
N
+ > i (m)U(m)
i=1 i=m

mpa

m—1

Y

Y
-

Similarly,

Urc(m) = (1—mo,c(m)U(m)
_ Ulm)xc(m) (19)
H1
From (17), (18) and (19), it follows thalir ;(m) >

UT}c(m). .

N/m servers each
with rate po
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Fig. 11. Queuing network model of intermediate system
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