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ABSTRACT extra energy consumed in channel acquisition and ceredhliz

. ) ) __scheduling may override the benefit of using CSI.
This paper addresses optimal sensor scheduling for maximiz  \we are thus motivated to exploit the channel statistics

ing network lifetime. We formulate this problem as a stoehas ather than realizations in sensor scheddiing/e formulate

tic shortest-path multi-armed bandit problem. The optimatne resulting problem as an SSP multi-armed bandit problem
transmission scheduling policy is thus to choose the sensqfhich is special class of Markov decision process with a non-
with the largest Gittins index. Exploiting the underlying&-  gjscounted reward and a finite but random stopping time. The
ture of the sensor scheduling problem, we derive a closedspiimal transmission scheduling for network lifetime maxi
form expression for the Gittins index. We show that choosingyization is thus given by an indexable policy that chooses th
the sensor with the most residual energy is an optimal strakensor with the largest Gittins index. Although a closearfo
egy when the channel fading is independently and idenyicallexpression for the Gittins index does not exist for a general
distributed across sensors. multi-armed bandit problem, we derive a closed-form expres
sion for the Gittins index by exploiting the rich structurfatue
transmission scheduling problem. We also show that choos-
ing the sensor with the most residual energy is optimal when

A wireless sensor network (WSN) consists of a large numbetrhe channelis independently and identically distributédi()

) across sensors. In this case, the optimal scheduling policy
of low-cost, low-power, energy-constrained sensors. @ans

. ) : . does not even require the knowledge of channel statistics.
monitor a certain phenomenon and transmit their measure-

ments to the access point (AP). One of the key problems aris-

ing in WSNs is sensor scheduling: which sensors should be 2. NETWORK MODEL AND LIFETIME

scheduled for transmission to achieve an optimal perfoo@an DEFINITION

specified by the underlying network applications (see [1-3 ) )

and references therein). In [4], a decentralized suboptim&/Ve considera WSN wittv sensors, each powered by a non-
sensor scheduling protocol is proposed for lifetime mazami  "€chargeable battery with initial energy. In each data col-
tion. Exploiting the local channel state information (C6f)  lection, one of theseV sensors is selected to transmit its
each sensor, this protocol requires every sensor to estitsat Measurement encoded in a packet with fixed size to the AP
channel realization in each data collection. Recently,tih o through a wireless fading channel. The channels between the
mal transmission scheduling is obtained via stochastictsho AP and sensors follow the block fading model with the block
est path (SSP) formulation in [5]. This optimal protocol re-length equal to the transmission time of one packet._ We also
quires centralized implementation in which sensors have t§SSume that the channel fading is i.i.d. across data ciolfect
send pilot signals to the AP for global CSI acquisition. Thend independently distributed across sensors.

basic idea of these two protocols is to exploit channel di- N each data coIIect|on,. the minimum energyc,) re-
versity among sensors. In practice, however, the transmis_%lu'red forsensc_m to transmit a packet successfully to the AP
sion power of sensors may be limited to a small range du$ @ random variable depending on its current channel state

to hardware implications. This may exclude the possibility 5
of fully exploiting channel diversity. As a consequence th E(cy) =E.+ - (1)

n

1. INTRODUCTION

This work is prepared through collaborative participaiiothe Commu-  whereFE, is the energy consumed in transmitter circuitry and
nications and Networks Consortium sponsored by the U. SyAResearch
Laboratory under the Collaborative Technology Alliancedgtam, Coopera- INote that although channel realizations are not used irdsding, local
tive Agreement DAAD19-01-2-0011. CSil of the scheduled sensor is used to adapt its transmigsieer.




E is the energy required to achieve an acceptable receivathting state. Based on the current states of all systems, we
SNR at the AP when the channel gain is one. In practice, seselect one system to work on and receive a non-discounted
sors can only transmit at a finite numtbeof power levels due reward. Only the state of the chosen system evolves accord-
to their hardware limitations. To conserve energy, every se ing to its transition probabilities; the states of othertsyss

sor chooses, according to its channel gain, the lowest poweemain fixed. The goal of an SSP multi-armed bandit is to
level that meets the SNR threshold for successful receptiomaximize the total expected reward until any system reaches
at the AP. Hence, the energy, consumed by sensarin its terminating state.

transmitting its packet is a random variable depending®n it  To formulate the optimal transmission scheduling as an

current channel statg,: SSP multi-armed bandit process, we model the sensor net-
. e S E . > _E work by N independent Markov systems, each of which rep-
w, — {m,jn {enten 2 Blen)},  ifen > 25, (2)  resents the state evolution of a sensor in the network. Ih eac
00, otherwise, data collection, we characterize the state of a sensor by its

. . - residual energy. Since the current channel realizations@r
whereey, is the energy consumed in transmitting a packet

levelk and0 Note that if af<nown, the scheduled sensor may not have enough energy for
power levelr an i Sers <.€L < OOE otethat it transmission. In this case, a failure in data collectioruesc
the channel experiences deep fading € -=7;), Sensom  and the network lifetime terminates. We introduce statie

will fail to transmit in this data collection since its engnge- represent this situation and define the state sgaoéeach
quirement exceeds the maximum sensor energy consumptiogizrkoy system as

E(ep) > er,. For simplicity, we writew,, = oo in this case.
The distribution of the energy consumption requirement s2 {statei = ¢ : e € £} U {statet}. 4)
w, of sensom is thus determined by its channel distribution:

The terminating state space C S is defined as

Pr{w, =1} =Pr {cn > £ },

e Ee Sté{e: e < e1} U {statet}, (5)
Pr{w, = e} . .
5 5 where states in the s¢t : e < ¢;} indicate the death of the
= Pr{ 7 <ecp < 7E} 2< k<L, sensor and stateindicates a failure in data collection. By
T B Skl T Be the lifetime definition, the network is considered dead i an
Pr{w, = co} = Pr {Cn < E } ) (3)  sensorreaches a terminating staté&in
er — Ee Next, we define the action space, the reward, and the tran-

Since the sensor energy consumption is restricted to the s&tion probabilities for the Markov system representingsse
{ex} i, the residual energy, of sensom at the beginning ;. The action space consists of two element&{0, 1}. Ac-

of a data collection belongs to the et tion « = 0 indicates that sensor is not chosen; the state of
N sensom does not change. Actiom= 1 indicates that sensor

&= {e re=FEy— Z arer > 0forag, > 0anday, € Z} . nis scheduled for transmission; the state of semstwansits
=1 from i to j with probabilitypgl) and a rewardf;l) is earned.

We define the network lifetim& as the number of data The transition probability)gf) depends on the channel distri-

collections until any sensor dies or the first transmiss@li f bution of sensor, which can be obtained as
ur€®. In other words, the network is considered dead if any )
{Pr{wn = Ek}]l[e;l:en—ak]a .] = en? (6)

sensor’s residual energy drops below the minimum energy p(n) _
Pr{wn > Gn}, Jj=t,

consumptioni(e., e,, < €1 for anyn) or the scheduled sensor “

fails to transmit, whichever occurs first. _ . . .
. . where staté = e,, andl,, is the indicator functionf,; = 1
In this paper, we seek the answer to the following ques-

tion: given the residual energy profie = (ey,...,ey) at I zistrue andi,) = 0 otherwise. The rewz_;trdfj’.‘)_obtained
the beginning of each data collection and the channel distrivhen the state of sensartransits from to j is defined as
butions, which sensor should be scheduled for transmission () _ )
so that the network lifetime is maximized. i = A

Hence, the reward indicates whether the transmission of the
3. SSP MULTI-ARMED BANDIT EORMULATION chosen sensor is successful. Since only one sensor is sched-
uled in each data collection, the total reward obtained thdi
An SSP multi-armed bandit process consists\ofndepen- network dies i(e., any sensor reaches one of its terminating
dent Markov systems, each of which has an inevitable termistates) represents the total number of successful datceoll
Py : . o tions, which is the network lifetime. Our goal is to find the
Similar analysis can be carried out for a more general tifetdefinition

where the network is considered dead when any sensor dies outmber of ~ OPtimal polipy that specifie; WhiCh sensor to .Choose in each
transmission failures exceeds a threshold. data collection for network lifetime maximization.




4. OPTIMAL TRANSMISSION SCHEDULING complexity of the most efficient algorithm to calculate the
Gittins index is cubic in the number of non-terminating stat
In the last section, we have formulated the optimal transmig7]: O(M3) whereM = |S\S;|. Exploiting the rich struc-
sion scheduling as an SSP multi-armed bandit process. It isire of sensor scheduling problem, we derive a closed-form
shown in [6] that the optimal policy is given by an indexableexpression for the Gittins index and hence reduce its compu-
strategy that chooses the sensor whose current state has thgonal complexity to linea® (M ).
largest Gittins index in each data collection. In this smtti Theorem 1: For sensor scheduling problem, the Gittins

we address the implementation of this optimal policy and deimdex ~,, (i) of state i associated with sensor n is given by
rive a closed-form expression for the Gittins index. We also

calculate the optimal expected network lifetime. . Priw, <e,
pimal exp (i) = mlen) = s S el gy
Pr{w, > e, —e1}

4.1. Gittinsindex where the distribution of w,, is determined by the channel dis-

For completeness, we first give a brief description of the Gittribution in (3).

tins index. We consider the single sensor case and modify Proof: See Appendix A for detail§IC]]

the Markov system associated with sensan the following Corollary 1: When channel fading isi.i.d. across sensors,

way [6]: under actioru = 0, sensom transits to terminat- choosing the sensor with the most residual energy is optimal

ing statet with probability 1 and a terminating rewaidis  in maximizing network lifetime.

received. Our goal here is to maximize the total expected re-  proof: Since the channel distribution is identical across

ward before sensor reaches any terminating state in (5).  sensors and the Gittins index, (e,,) given in (11) increases
Applying the Bellman’s equation, the optimal expectedwith the residual energy;,, Corollary 1 follows.CC0C

rewardV'(i) of the modified system starting from statés Corollary 1 shows that when the channel fading is i.i.d.
given by across sensors, the optimal transmission scheduling can be
implemented even when the channel distribution is unknown.
V(i) =maxq g, Ra(i) + >0V G) oy (®) o
jes 4.3. Optimal Lifetime
whereR,, (i) is the expected reward in statassociated with Applying the Bellman’s equation, we obtain the optimalife
sensom under actior = 1: time V*(e) starting from the network residual energy profile
_ N e=(e1,...,ey)as
Ry (i) = Zrz(j )pgj) = Pr{w, <en}. )
/e (n)
* _ n s
Note that the optimal rewartf (i) = 0 for all i € S;. The Vile) = X Rn(en) + Z Pee,V ). (12
Gittins index~,, () of statei is defined as the smallest value n€S
of terminating rewarg at which actiorn = 0 is optimal: wheree’ = (e1,...,en_1,€., ens1,...,ex) denotes the en-
Yn(i) = min {g: V(i) = g} . (10)  ergy prqfile to whiche transits v_vhen sensor i; chosen and
g R, (ey) is the expected reward in statg given in (9). Calcu-

] . lating (12) in an increasing order of the total eneﬁfé\;1 én
4.2. Optimal Policy in the network, we can readily obtain the optimal lifetime in

Since the Gittins index associated with each sensor only d@ne iteration. Furthermore, applying the Gittins strajegy
pends on its own state and is independent of other sensof@@n also simplify (12) as
states, the optimal transmission scheduling policy camrbe i I
plemgnted in a difsftribute.d fashion via oppor.tunistic @&arri V*(e) = ZPr{wa = e e, e,50 [14 V7 (€})] (13)
sensing [4]. Specifically, in each data collection, eveny-se i
sor chooses a backofftime inversely proportional to it$igt
index and transmits with its chosen backoff delay if the chanwheree; = (e1,...,€4—1,€q — ks €at1, ..., €n) ANda =
nel is available before its backoff time expires. Since a senmax,{y.(e,)} is the index of the sensor whose current state
sor with larger Gittins index has a shorter backoff timesthi €» has the largest Gittins index.
opportunistic carrier sensing scheme ensures that thersens
with the largest Gittins index seizes the channel and triessm 5 NUMERICAL EXAMPLE AND CONCLUSION
if the channel propagation delay is negligible.

The Gittins index is the key to the optimal transmissionFig. 1 compares the expected network lifetime of the opti-
scheduling. For a general-armed bandit problem, a closed- mal transmission scheduling policy, the scheme that clsose
form expression for the Gittins index does not exist, and théhe sensor with the most residual energy, and the scheme that
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Fig. 1. Lifetime comparison.N = 2, L = 3. In case 1, channels
are i.i.d.. Pr{w, = 1} = Pr{w, = 2} = 1, Pr{w, = 3} = 1 for

n = 1,2. In case 2, channels are non-identically but independentl
distributed: Pr{w; = 1} = Pr{w: = 2} = 1,Pr{w; = 3} =
%,Pr{wQ = 1} = Pr{wz = 3} = %,Pr{wg = 2} = 1

bR

randomly schedules a sensor. Exploiting channel distabut

)gnd remove it from the Markov

Markov system has a terminating rewayd= v, (:*). It has been
shown in [6] that the optimal policy for the modified Markovssgm

is to choose action = 0 whenever the Gittins index of the current
state is smaller than the terminating rewarddence, the optimal ex-
pected reward starting from any non-terminating sjate S\S:\U
isV(j) = g = v (3"). From the definition of Gittins index, we
obtain the optimal total expected reward starting fromestaas

V(") =3(i") = Ra(i) + Y P2V ()
jes\u
=R (i) + Fu (i) (i")

whereF, (") = Pr{e;, —wn > 1} = Pr{w, < e, —e1}isthe
probability that staté” does not transit to a terminating state in one
step. Hence, the largest Gittins indexSi!/ is given by

x R (i) Pr{wn < ej}
(") = N = - :
1—Fo(i*)  Pr{wn >e}, —c1}

Step 2:Determine the state :* that has the largest Gittins index

system. From (15), it can be readily

(14)

(15)

shown that staté” maximizes; 2~ over alli € S\, i.e,
. Ry, (1)
—_— 16
A R T—Fn(d) (16)

If there are more than one states that achieve the largdstGitdex

the optimal policy outperforms the random protocol without(15), we will choose the one with the most residual energncsi
increasing the implementation overhead since the Gittins i Pr{w, < x} is a non-decreasing functionn state;* has the most
dex can be pre-calculated according to the channel distribuesidual energy it§\l/. Hence, staté* is not reachable from any
tion. The performance gain of the optimal policy over the ran remaining staté € S\U/, i.e, p{"Y = 0. We can thus remove state
dom protocol increases with the initial enerly. When the <" from the system without changing the remaining states.
channel is i.i.d. across sensors (case 1), choosing thersens Step 3:Let/ = U/ U {i"}. Goto Step 1 until/ = S\S:.

with the most residual energy has the optimal lifetime perfo Following the above procedure, we find that the Gittins index
mance, which confirms Corollary 1. Clearly, when the chancan be computed using (15), which is the same as (11).

nel is not identically distributed (case 2), this strategyo

longer optimal, but the performance degradation is small. 8. REFERENCES
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