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Abstract—We present transmission scheduling algorithms for
maximizing the lifetime of a sensor network. In each data collec-
tion, only one group of sensors are scheduled to transmit their
measurements directly to an access point (AP) through a fading
channel, causing a reduction in battery energy levels of these
sensors. We formulate the problem of dynamically choosing which
group of sensors should communicate with the AP to maximize
network lifetime as a stochastic shortest path Markov decision
process. We consider three types of channel information struc-
ture: global channel state information (CSI), channel statistics,
and local CSI. For optimal scheduling using global CSI (i.e.,
the scheduler has the information of all sensors’ instantaneous
channel realizations), we propose an algorithm that obtains the
optimal stationary scheduling policy with computational com-
plexity reduced from exponential to polynomial in network size
when the network is dense. Due to the large implementation over-
head in acquiring global CSI, we consider scheduling algorithms
that use channel statistics (i.e., each sensor only knows its own
channel distribution) or local CSI (i.e., each sensor knows its own
instantaneous channel realization). The optimal scheduling using
channel statistics is formulated as a shortest path multiarmed
bandit problem, which has an indexable optimal policy. We derive
a closed-form expression for the Gittins index. We further show
that the Gittins index is simply the residual energy when the
channel fading is identically (but not necessarily independently)
distributed across sensors, i.e., the optimal scheduling policy in
this case is to choose the sensor with the most residual energy.
Finally, we study an asymptotically optimal scheduling protocol
using local CSI. This protocol has a distributed implementation
yet achieves a comparable performance as the optimal scheduling
using global CSI.

Index Terms—Network lifetime, sensor scheduling, shortest
path multiarmed bandit process, stochastic shortest path, wireless
sensor network.
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1. INTRODUCTION

WIRELESS sensor network (WSN) consists of a large

number of low-cost, low-power, energy-constrained sen-
sors. Sensors are responsible for monitoring a certain phenom-
enon and transmitting their measurements to the access point
(AP). Due to node redundancy, it is often sufficient to retrieve
data from a fraction of sensors. Hence, one of the key prob-
lems arising in WSNs is sensor scheduling: which set of sen-
sors should be scheduled to transmit their measurements for
an optimal performance specified by the underlying network
applications.

A. Related Work

There is a growing body of literature on the design of medium
access control and sensor scheduling algorithms [1]-[6]. In prin-
ciple, the optimal sensor scheduling can be formulated as a sto-
chastic control problem under a certain performance metric and
solved via dynamic programming [7]-[10]. For large sensor net-
works, the dynamic programming recursion can be computa-
tionally prohibitive. The underlying structures of the problems
have thus been exploited to simplify the computation of the
optimal policies. For example, the multiarmed bandit process,
which has numerous applications in job scheduling and resource
allocation, is shown to have a simple indexable optimal policy
[11]-[13]. More recently, nearly optimal sensor management
algorithms for energy minimization are developed in [14] and
[15] under the formulation of partially observable Markov deci-
sion process (POMDP) with a multiarmed bandit structure. The
Markov decision process (MDP) has also been used in the de-
sign of node activation schemes for sensor networks [16], [17].

Different performance metrics have been used in the design of
scheduling policies. Examples include mutual information be-
tween the a priori and the a posteriori target states [18], mean-
squared error in state estimation [10], [19], [20], the difference
between the desired and the estimated covariance matrix [21],
sensor usage cost [22], sum capacity [23], and network lifetime
[5], [6], [24], [25]. In this paper, we use network lifetime, a de-
sign objective of paramount importance for sensor networks, as
the performance measure.

Research efforts have been made to design network protocols
for lifetime maximization. Most of the existing results focus on
the design of optimal routing protocols in multihop networks
where sensors collaboratively relay all their measurements
to the AP (see [24] and [25] and references therein). In this
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paper, we consider sensor scheduling for applications where
only a fraction of sensor measurements need to be collected
and sensors communicate directly with the AP. While subop-
timal and asymptotically optimal scheduling protocols have
been proposed and studied in [26] and [27], the fundamental
performance limit on network lifetime and the optimal sensor
scheduling protocol remain unknown. This paper redresses this
gap by developing lifetime-optimal transmission scheduling
algorithms for single-hop networks under the framework of the
MDP. An advantage of our formulation in terms of lifetime
maximization is the computational tractability of the sched-
uling algorithms—they have polynomial or linear complexity
in network size. In comparison, apart from special restrictive
cases and certain toy examples, POMDPs are PSPACE-hard
problems [28] and hence computationally intractable.

B. Contributions

In this paper, we address optimal transmission scheduling for
maximizing sensor network lifetime. We consider applications
where the AP initiates the data collection process. In each data
collection slot, only a subset of sensors need to transmit their
data to the AP through a fading channel, causing a reduction in
their battery energy levels. We assume that the channel fading is
independently and identically distributed (i.i.d.) across data col-
lection slots, but not necessarily independent or identical across
sensors. This block fading model holds when data collections
are carried out infrequently. Extensions to Markovian fading
channels are also discussed.

We formulate the problem of dynamically choosing which
group of sensors should communicate with the AP for maximum
network lifetime as a stochastic shortest path (SSP) MDP. We
consider three types of channel information structure: global
channel state information (CSI), channel statistics, and local
CSL

1) Transmission Scheduling Using Global CSI: In this case,
the scheduler has the information of all sensors’ instantaneous
channel realizations in each data collection slot. The transmis-
sion scheduling problem is then formulated as an SSP, which is
a special type of MDP that terminates with probability one in
a random but finite stopping time. A general SSP problem can
be solved iteratively via the stochastic dynamic programming
value iteration algorithm, which generally does not converge in
a finite number of iterations. Noticing that the total energy in the
network decreases after each data collection slot, we show that
the transition graph of the underlying Markov chain is acyclic
(i.e., loop-free). Due to this acyclic structure, the value itera-
tion algorithm converges to the optimal transmission scheduling
policy in one iteration. Furthermore, by exploiting the sparsity
of the transition probability matrix, the spatial aggregation, the
invariance of channel statistics with respect to sensor permuta-
tion, and the fact that the channel evolution is independent of the
scheduling policy, we show that the computational complexity
per iteration can be reduced from exponential to polynomial in
network size when the network is dense. To give more structural
insights, we also give upper bounds for the maximum expected
network lifetime.

The optimal scheduling algorithm using global CSI defines
the limiting performance in network lifetime and provides a
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benchmark for all sensor scheduling algorithms. We emphasize
that the optimal scheduling algorithm can be obtained offline
without imposing any computation burden on sensors.

2) Transmission Scheduling Using Channel Statistics:
Acquiring global CSI may result in a large implementation
overhead. This motivates us to study optimal sensor scheduling
using channel statistics where channel distributions rather than
realizations are exploited in the transmission scheduling policy.
We show that, in this case, the transmission scheduling problem
is a shortest path multiarmed bandit process.

Multiarmed bandits have been widely studied in operations
research in the context of an infinite-horizon discounted-cost
stochastic control problems [11], [14], [15], [29]. Multiarmed
bandits have a remarkable “indexable” property that dramati-
cally simplifies the computation and implementation of the op-
timal policy for scheduling N processes (e.g., sensors). This
means that associated with the state of each of the N processes
is an index called the Gittins index such that the optimal sched-
uling policy is to choose the largest Gittins index at each time
instant.

However, unlike discounted infinite-horizon multiarmed ban-
dits, the optimal scheduling problem using channel statistics
has a nondiscounted reward and a finite but random stopping
time. Recently, nondiscounted stochastic shortest path multi-
armed bandits have been considered in the context of playing
golf with multiple balls [12]. It turns out, from an abstract point
of view, that the optimal transmission scheduling using channel
statistics is identical to the problem of playing golf with multiple
balls. We can thus use the results in [12] to determine computa-
tionally efficient scheduling policies. Although the closed-form
expression for the Gittins index does not exist for a general
multiarmed bandit problem, we show that the rich structure of
sensor scheduling problem leads to a closed-form expression
for the Gittins index. We further demonstrate that choosing the
sensor with the most residual energy is an optimal strategy when
the channel fading is identically (but not necessarily indepen-
dently) distributed across sensors. In this case, the optimal trans-
mission scheduling policy does not even require the knowledge
of channel statistics.

3) Transmission Scheduling Using Local CSI: A distributed
scheduling algorithm that exploits local CSI can retain the ben-
efit of using CSI without suffering from large implementation
overhead. The basic idea is to allow each sensor to determine,
based on its own channel state and residual energy, whether to
transmit in a data collection slot. We formulate this problem by
introducing the concept of the energy-efficiency index, which
is a function of a sensor’s channel state and residual energy.
In each data collection slot, the sensor with the largest energy-
efficiency index is scheduled for transmission using the dis-
tributed opportunistic carrier sensing scheme [30]. The sched-
uling problem is thus reduced to the design of the energy-effi-
ciency index. We present an asymptotically optimal design of
the energy-efficiency index and compare its performance with
the limiting performance achieved by the optimal scheduling
policy using global CSI.

In summary, we study sensor scheduling that exploits
channel information with different levels of resolution. We aim
at defining the optimal performance of sensor scheduling under
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each of these three formulations. By examining and comparing
these three approaches to sensor scheduling, we study the
tradeoff across computational complexity, implementation
overhead, and performance in network lifetime.

C. Notation and Organization

All random variables (RVs) and their realizations are denoted
by capital and small letters, respectively. The distribution of a
discrete RV is denoted by px(z) = Pr{X = x}. All vectors
are denoted by boldfaced letters. For two equal-length vectors
x = (z1,22,...,75)andy = (y1,2,...,yn), Wesay x <y
if z, < yi for all indexes 1 < k < N. Let 1[;] denote the
indicator function: 1;;; = 1 if x is true and zero otherwise. Let

I,=(0,...,0, 1 ,0,...,0)
~—
n—th
be a1 xN unit vectorand I = (1,...,1) be a 1 x N vector of

all ones.

The rest of this paper is organized as follows. In Section II, we
present the network model and define the network lifetime. In
Section III, we study the optimal transmission scheduling using
global CSI and examine its computational complexity and im-
plementation overhead. Section IV focuses on the optimal trans-
mission scheduling using channel statistics, while Section V ad-
dresses the distributed scheduling using local CSI. The paper is
concluded in Section VI.

II. PROBLEM STATEMENT

A. Network Model

Consider a WSN with N sensors, each powered by a non-
rechargeable battery with initial energy &y. In each data col-
lection slot, Ny out of N sensors are scheduled to transmit
their measurements to the AP through a fading channel. We as-
sume that sensor measurement is encoded in a packet with fixed
size. The channels between the AP and the sensors follow the
block fading model with block length equal to the transmission
time of one packet [2]. That is, channel gains are i.i.d. across
data collection slots (but not necessarily i.i.d. across sensors).
In Section III-E, we address the extension to Markovian fading
channels.

The network model considered here applies to target detec-
tion and field estimation [31]-[33]. For example, consider a net-
work deployed for estimating a certain parameter in a fixed area.
In each data collection, every sensor in the network observes
the same parameter with independent observation noise. The AP
can thus collect measurements from any Ny out of N sensors,
where the number Vg of samples is determined by the desired
estimation performance (e.g., mean-square error).

For ease of presentation, we assume that Ny = 1, i.e., only
one sensor is chosen in each data collection slot. Our results
can be extended to the general case where Ny > 1 (see details
in subsequent sections). When multiple sensors are scheduled
in a data collection slot, we assume that the transmissions are
orthogonalized (using FDMA or CDMA) so that they do not
interfere with each other.
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B. Energy Model

We assume that sensors can adjust their transmission power
according to the fading condition and noise/interference level to
ensure successful transmission. Let W = (W7, ..., Wy ) be the
transmission energy requirement in a data collection slot, where
W, is the energy required for sensor n to successfully transmit
a packet to the AP if it is scheduled. Note that W,, is an RV de-
termined by the current channel gain associated with sensor n.
Since channel gains are i.i.d. across data collection slots, the
transmission energy requirements W,,’s are i.i.d. across data
collection slots. In general, the better the channel state, the lower
the transmission energy requirement. In practice, sensors can
only transmit at a finite number L of power levels due to hard-
ware and power limitations. Hence, the energy requirement W,
has realizations restricted to a finite set W = {e},}F_,, where
0 <ep <---<ep <ooand ey is the energy consumed by a
sensor in transmitting a packet at the kth power level.

LetE = (Ey,..., Ey) denote the network energy profile at
the beginning of a data collection slot, where F,, is the residual
energy of sensor n. Note that F,, is an RV depending on the
channel states in all previous data collection slots and the trans-
mission scheduling protocol employed in the network. Since the
transmission energy consumption of a sensor is restricted to the
set W, the residual energy F,, takes values from finite set £

L
E2le: e:SO—ZakekZO for some oy, € Z and o, >0
k=1

ey

C. Lifetime Definition

According to the transmission energy requirement W,, and
the residual energy £, at the beginning of a data collection slot,
sensor n can be in one of the following states: active, inactive,
and dead. Sensor n is considered active if it has enough energy
for transmission in the current data collection, i.e., F,, > W,,.
Sensor 7 is considered dead if its residual energy F,, drops
below the minimum transmission energy requirement ;. In
other words, it does not have enough energy for transmis-
sion under any channel condition. If sensor n has residual
energy higher than ¢; but insufficient for current transmission
(e1 < E,, < W,), then it is considered inactive in the current
data collection slot.

The definition of lifetime £ depends on the underlying net-
work application. One of the commonly used lifetime defini-
tions is the number of data collections until the number of dead
sensors reaches a threshold Ny [34]. For the example applica-
tion of parameter estimation given in Section II-A, a natural net-
work lifetime definition would be given by Ny = N — Ny + 1,
i.e., the remaining Ny — 1 sensors can no longer achieve the tar-
geted estimation performance. We also assume that the network
lifetime terminates when a failure in data collection occurs, i.e.,
there is no active sensor in a data collection! (E < W). All re-
sults in this paper, however, can be extended straightforwardly
without posing this condition on network lifetime.

I'This condition on lifetime allows us to ignore the tail portion of the network
lifetime when sensors only have enough energy for exceptionally good channel
realizations. In this case, data collection may suffer from large delay.
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D. Objectives

The goal of this paper is to design transmission scheduling
algorithms that dynamically choose a sensor for transmission in
each data collection slot to maximize network lifetime. We con-
sider the following three types of channel information structure.

1) Global CSI: In this case, the scheduler has network-level
knowledge of transmission energy requirement W = w and
energy profile E = e. Given w and e in a particular data col-
lection slot, a scheduling policy chooses sensor a given by

a=ple,w), p:EN xWN = {1,...,N} 2)

where ;1 may be time varying (for nonstationary policies).
Section III deals with computing optimal transmission sched-
uling policy p for this case.

2) Channel Statistics: In this case, the scheduler only knows
the distribution of the transmission energy requirement W,
along with the energy profile E = e. Admissible policies are
of the form of

a=upe), p:&N ={1,...,N} 3)

where again a is the index of the scheduled sensor. We show
in Section IV that the optimal transmission scheduling policy
under this formulation is indexable, i.e., the optimal policy is
given by

a*=argmax{yi(e1),72(€2),- .-, Iv(en)}; nlen) : E—R
“
where 7, (e,,) is the Gittins index associated with sensor n when
its residual energy is e,. In other words, the sensor with the
largest Gittins index is scheduled for transmission in each data
collection slot. This indexable property of the optimal policy
leads to a distributed implementation as detailed in Section I'V.
A closed-form expression of the Gittins index is also obtained.
3) Local CSI: Admissible policies under this formulation are
in the form of

a=argmax{y1, 72, ..., IN}: Yn = g(en,wn) :EXW—-R

(&)
where 7, 2 g(e,, w,) is the energy-efficiency index of sensor
n, a real-valued function g(-) of its residual energy e, and
channel state given by w,,. Note that differing from the Git-
tins index, the energy-efficiency index exploits the local CSI.
An asymptotically optimal design of the energy-efficiency
index g(+) is presented in Section V along with its distributed
implementation.

III. OPTIMAL TRANSMISSION SCHEDULING
USING GLOBAL CSI

In this section, we develop optimal transmission scheduling
algorithm for maximizing network lifetime when the AP has the
information of all sensors’ instantaneous channel realizations.
The optimal policy using global CSI defines the limiting perfor-
mance in network lifetime for the model specified in Section II.
It thus provides a benchmark for all sensor scheduling algo-
rithms under the current network setup.

We formulate this problem as an SSP, which is a special class
of MDP with a positive nondiscounted reward and a terminating
state that is reached with probability one in a finite time [35].
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The goal of an SSP problem is to maximize the total reward
until the system reaches the terminating state. We then propose
a complexity-reduced algorithm to obtain the optimal policy and
derive upper bounds for the limiting performance achieved by
the optimal policy.

A. SSP Formulation

We model the state evolution of the network by an MDP, i.e.,
a controlled Markovian dynamic system.

1) Sensor Network State Space: In each data collection slot,
the network state is characterized by energy profile e and the
transmission energy requirement w. The state space S is defined
as

S £ {statei = (e,w):e € EN, we WV}, (6)

The size of the state space grows exponentially with network
size N: |S| = MNLYN, where M = |€] and L = |W)| de-
note, respectively, the numbers of possible residual energies and
transmission energy levels.

The network enters a terminating state when its lifetime ex-
pires. According to the network lifetime definition, we define
the set of terminating states S; C S as

S 2 {(e;w):{en:en<er}|>Nrore<w}) (7)

where e < w indicates a failure in data collection, and |{e,, :
en < €1} > Nr indicates that the number of dead sensors in
the network reaches threshold N.

2) Action Space: In each data collection slot, according to the
current network state e and w, the transmission scheduling pro-
tocol chooses a sensor from the set of active sensors to transmit
its packet to the AP. We thus define the action space A(i) C
{1,2,...,N} instate i = (e, w) as

A(i) = Al(e, w)] 2 {n:e, >wp} (8)

which consists of the indexes of all active sensors.2 According
to the definition of the terminating set S;, we can see that there
exists at least one active sensor when the network is in a nonter-
minating state. In other words, the action space of any nonter-
minating state is nonempty.

3) Controlled Markovian Dynamics: After the transmission
of the scheduled sensor, the network transits to a new state ac-
cording to the channel fading statistics. Let ]31;(]-77') denote the
probability that the network transits from state « = (e, w) to
state 7 = (e, w’) after sensor n is chosen for transmission.
Since the terminating states are absorbing, we have Pi(i") = 1for
any terminating state ¢ € S; and any action n € A(¢). In each
data collection slot, only the residual energy e,, of the scheduled
sensor n changes according to its transmission energy require-
ment w,, while other sensors’ residual energies remain the same.
Hence, for any nonterminating state 7 = (e, w) € S\S;, state
j = (e¢,w') € S, and action n € A(7), the transition proba-
bility Pi(j") is given by

Pzgn) = pW(W/)l[E/:e—Inwn] (9)

2We can extend our analysis to the general case where a group of Nj
sensors are chosen for transmission in each data collection slot by modifying
the definition of the action space as A[(e, w)] 2 {(n1,....nng) = eny >
wy, foralll <k < No}.
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Fig. 1. Stochastic shortest path formulation of sensor scheduling using global CSI: N = 2.

where pw (w’) = Pr{W = w’} is the probability mass func-
tion (PMF) of W determined by the channel-fading statistics
for a given set VW of transmission energy levels.

4) Example: Fig. 1 illustrates a network comprising
of two sensors (N = 2). The network state transits from
(507507’1017102) to (50 — w17507w’17w'2) with probability
pw(w’) if sensor n = 1 is chosen; it transits to state
(&0, Eo — wa, wy, wh) with probability pw (w’) if sensor n = 2
is chosen. The bottom ellipse in Fig. 1 indicates the set S; of
terminating states. The fact that sensor batteries have finite
initial energy and that each transmission consumes nonzero
energy implies that the network always reaches a terminating
state in a finite but random time. The inevitable termination
makes the sensor scheduling problem an instance of an SSP
problem. The design objective of transmission scheduling
policy is to maximize the time before the network reaches a
terminating state in Sy, i.e., to maximize the network lifetime.

5) Transmission Reward: Maximizing the expected network
lifetime is equivalent to assigning a unit reward to each data
collection slot until the network reaches a terminating state after
which no reward is earned. Accordingly, if the network is in
state # = (e, w) in a particular data collection slot, we define
the instantaneous reward R() in this data collection slot as

R(i) = R[(e,w)] £ ljics\s.1- (10)
Hence, the total reward accumulated until the network reaches
a terminating state in S; represents network lifetime.

6) SSP Formulation: We have formulated the sensor trans-
mission scheduling problem as an SSP. A transmission sched-
uling protocol is thus a policy 7 of this SSP. A policy 7 is
given by a sequence of functions ®# = {u1, o, ..., }, where
w S — {1,..., N} specifies the sensor chosen in the /th data

’

collection slot. If 1, is identical for all [, 7 is a stationary policy.

Let £.(7) denote the expected network lifetime (i.e., the total
expected reward in the SSP problem) starting from state ¢ with
policy 7. The maximum expected lifetime £*(7) starting from
state ¢ is given by

L*(7) = max Lx(1). (11)
A policy n* is called optimal if it achieves the maximum ex-
pected lifetime at all nonterminating states in S\S;, i.e.,

Lo (i) = L5(i), Vi€ S\S,. (12)

Thus, the optimal sensor scheduling protocol is given by the
optimal policy m* of the above SSP problem.

B. Stationary Optimal Policy

The maximum expected lifetime £*(4) starting from state ¢ =
(e, w) can be obtained as the unique solution to the Bellman’s
optimality equation [35]

L2(i) = L7[(e, w)]

= R(i) + max
neA(i)

PIRRAC)

jES

VieS. (13)

Since the terminating states are absorbing states with a zero
reward, the maximum expected lifetime starting from a termi-
nating state is zero, i.e., £L*(7) = 0 fori € &;.

Stationary policies are generally preferred due to reduced
memory requirements and low complexity in implementation.
It has been shown in [35] that any SSP has a stationary optimal
policy due to its inevitable termination. A stationary optimal
policy p for scheduling using global CSI is given by [35]

> PG

JjES

VieS\S,. (14)

1(7) = arg max
(%) g max
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Clearly, if we obtain the maximum expected lifetime £*(j) for
all states, the optimal policy can be readily computed. Obtaining
the optimal scheduling policy thus hinges on an efficient com-
putation of the maximum expected lifetime given in (13).

The value iteration algorithm [35, p. 303] is a widely used
iterative procedure to compute the maximum expected total re-
ward for an SSP problem. Specifically, we initialize the value
iteration algorithm at L£((é) = 0 for all i € S. In a typical itera-
tion k of the value iteration algorithm, we calculate [35]

ZP( "Lroa(h) s

Lr(i) = R(i) + max

Vi € S\S..
neA(i)

15)

It has been shown [35] that the value iteration algorithm always
converges, i.e.,

L*(i) = kh_I)Iolo Ly(i), VieS\S:. (16)
Unfortunately, it generally requires an infinite number of it-
erations to converge [35]. Furthermore, in each iteration, the
computational complexity (measured as the number of multi-
plications) is quadratic in the number |S\S;| of nonterminating
states and linear in the number |.A(4)| of actions (as can be seen
from (15)). Hence, the complexity of computing maximum ex-
pected lifetime £*(i) for every state ¢ € S is on the order of
N(LM)?N per iteration, which increases exponentially with
network size V.

C. Computing Maximum Network Lifetime With Polynomial
Complexity in Network Size

By exploiting the underlying structure of the sensor sched-
uling problem, we can significantly reduce the computational
complexity of the value iteration algorithm. We first show that for
the scheduling problem, the value iteration algorithm converges
in one iteration. We then reduce the computational complexity
of this iteration from exponential to polynomial in network size.

1) Acyclic Transition Graph: Due to the fact that the total
residual energy in the network decreases after each data collec-
tion slot, we can show that the value iteration algorithm con-
verges in one iteration.

Proposition 1: For any transmission scheduling policy, the
transition graph of the underlying Markov chain is acyclic. As
a consequence, the expected network lifetime achieved by the
optimal sensor scheduling using global CSI can be obtained in
one iteration.

Proof: Since the total energy in the network decreases after
each data collection slot, it is easy to see that in the transi-
tion graph corresponding to any transmission scheduling policy,
there is no arc from state ¢ to state j if state j has higher total
energy, i.e., the corresponding transition graph is acyclic.

It has been shown in [36, p. 89] that value iteration converges
in one step if the transition graph corresponding to the optimal
policy is acyclic. Hence, for sensor scheduling problem, the
maximum expected network lifetime can be obtained in one it-
eration by calculating (13) in an increasing order of total energy
in the network. |
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2) Sparse Transition Matrix: Wehave reduced the number of
iterations required to compute the maximum expected lifetime to
one. Next, we focus on reducing the computational complexity
of the Bellman’s optimality (13) by reducing the size of the state
space over which the maximum expected lifetime is executed.

We notice that the transition matrix given in (9) is sparse. Sub-
stituting (9) into (13), we obtain the maximum expected lifetime
as

V(e,w) € S\St. (17)

Note that the summation in the curly parenthesis of (17) is taken
over [W|N = L¥ channel states while that of (13) is taken
over |S| = (LM)" network states. Hence, the computational
complexity of (17) is on the order of NL?>N MY instead of
N(LM)?N as in (13).

3) Uncontrollable Noncorrelated Channel States: Recall
that a network state (e, w) consists of two components: the net-
work energy profile e and the transmission energy requirement
w. The transition of e is affected by the chosen action, but the
transition of w is not since w is determined solely by fading
statistics. Define a new value function £[e], the maximum
expected lifetime starting from network energy profile e, as

= 2 pwwiCl(ew)

Averaging (17) over all channel realizations w, we obtain an
equivalent modified Bellman’s optimality equation [35] for L[e]
as

(18)

R[(e,w)]+ max ﬁe—Inwn}.
pr { . ) nEA[(e,w)] [ ]
(19)

Equation (19) is executed over the space of e rather than (e, w)
as in (17). Hence, the computational complexity is reduced to
O(N LN M™N). The optimal policy can also be computed by

(20)

max

Lle — Lyaw,)].
neAl(e,w)]

ul(e.w)] = arg

4) Invariance to Sensor Permutation: Equation (19) holds
for any channel distribution. We can further simplify the cal-
culation of the maximum expected lifetime when the channel
distribution satisfies certain conditions.

Suppose that the joint channel distribution pw (W) is in-
variant to sensor permutations, i.e., pw(w) = pw (W) if w
is a permutation of w. Note that this condition is satisfied
when the channel fading is i.i.d. across sensors. From (18),
we can thus show that £]e] = L[é] if & is a permutation of
e, or equivalently € and e have the same pattern. Hence, we
only need to compute the maximum expected lifetime ﬁ[e] for
different patterns of the network residual energy profile e rather
than all possible e. Since the number of patterns of the network
energy profile e is polynomial O(N*~1) in network size, we
reduce the complexity of the maximum expected lifetime from
O(NLNMY) as in (19) to O(NM LY) in network size N.
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TABLE 1
COMPUTATIONAL COMPLEXITY OF MAXIMUM EXPECTED LIFETIME
Special structure Iterations | Complexity per
Iteration in NV
General SSP problem 00 O(N(LM)*M)
Acyclic transition graph 1 O(N(LM)?N)
Sparse transition matrix 1 O(NL*N M™)
Uncontrollable non-correlated 1 O(NLN M™)
channel state
Invariance to sensor permutation 1 O(NML™)
Spatial aggregation 1 O(N™M)

N: number of sensors
L: number of power levels

M': number of possible residual energies

5) Spatial Aggregation: In dense WSNs, closely spaced sen-
sors may experience approximately the same channel fading.
According to sensor locations, we can classify sensors into
N < N spatial clusters such that the transmission energy re-
quirement is identical for sensors within a given spatial cluster.
As a consequence, the space size of the transmission energy
requirement w can be reduced from L™ to L. Suppose that
the distribution of the channel fading is invariant to cluster
permutations, i.e., pw, (W.) = pw, (W, ) if W, is a permutation
of we = (we,, .., Wey ), where w; is the transmission energy
requirement for cluster c;. The computational complexity of the
value iteration can then be reduced to O(NM LYN) = O(N™M)
in network size N if the number N of clusters is independent
of the network size N, which holds in dense networks deployed
over fixed geographic areas.

In Table I, we summarize the computational complexity of
the maximum expected lifetime. By exploiting the special struc-
tures of the sensor transmission scheduling problem, we show
that the value iteration algorithm converges in one iteration. For
dense networks deployed over fixed geographic areas, we re-
duce the computational complexity from exponential to poly-
nomial in network size.3 The memory required to store the op-
timal policy grows linearly with the number of different network
states, which is also polynomial in network size N for dense
networks. We point out that the optimal policy can be obtained
offline and stored at the AP without imposing any computation
burden or memory requirement on sensors.

D. Upper Bound on Maximum Expected Lifetime

The maximum expected lifetime not only serves as the step-
ping stone for obtaining the optimal scheduling policy but also
provides a benchmark to which suboptimal sensor scheduling

3Note that in the general case where Ny > 1 measurements need to be col-
lected, the computational complexity of the maximum expected lifetime can
still be reduced to polynomial in network size. Specifically, for a network de-
ployed to monitor a phenomenon within a fixed geographic area, the amount
of required information characterized by the number /N, of samples is a fixed
value determined by the targeted detection and estimation performance. As a
consequence, the size of the action space given by ( zirv ) grows polynomially
with network size. The complexity of scheduling using global CSI thus remains
to be polynomial in network size due to the fact that the complexity of MDP is
linear in the size of action space.
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protocols can be compared. A simple upper bound on the max-
imum expected lifetime is thus desirable.

Noticing the increasing property of network lifetime E[e] in
energy profile e, i.e., [,[ ] < E[ ']if e < €', we obtain an upper
bound on L[e] from (19) as

Lle]< R[e]—l—pr(w

max
neA[(e,w)]

{ﬁ[e— Inwmin]}

max
neAl(e,w

= Rle]+ > pw,., (ex) )]{L[e—Insk]} 1)
k=1

where Rle] = > pw(W)R[(e, W)], Wiy = min{W} is the

minimum transmission energy requirement among sensors, and

PW.in (z) i the PMF of W,,,;,,. To further simplify the calcula-

tion of (21), we define d(e) = 227:1 e, as the total energy in

state e, and

R(d) £ max {Rle]}, L,(d) &

omax max {E[ 1}

22
e:d(e)=d (22)

Recall that the network is considered dead if the number of dead
sensors reaches threshold Nz . Hence, for a fixed total energy d
in the network, the most sensor residual energy in a nontermi-
nating network state is bounded above by d — (N — Nr)e.
Noting that R[(e, W)] < lmaxe>minw]. We bound R(d) as

R(d) S o flneajxd ZPW 1[maxe>mmw]
< pr 1[(1 (N—=Nr)e1 >minw]

Mm

Wonin (€1) L d=(N—Npyer 5] = Bin(d).  (23)

k=1

With the definitions in (22) and the upper bound on R(d), we
obtain an upper bound on the maximum expected lifetime L[e]
when the network starts with an energy profile e, as follows:

]\T
where d:g €n-
n=1

This upper bound can be computed by a simple linear recursion
over d

(24)

L

Lon(d) =Ron(d) + Y pWyin (e8) Lon(d — €1)
k=1

L

k=1

|:1[d7(N7NT)5125k] + Lo (d — 5k):|
(25)

with £,,,(d) = 0if d < 0.

Below we derive a closed-form expression for the upper
bound £,,(d) given in (25). Without loss of generality, we
assume that the initial energy £ and the transmission energy
consumption £, = k are integers. Hence, the total energy
d = d(e) for a nonterminating state e is a positive integer.
Taking the Z-transform on both sides of (25), we obtain that

Bl (d))(z) = — D)
L= 5 e (B)—*

k=1

(26)
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where Z[f(d)](z) = Y=, f(d)z~% is the Z-transform of the
sequence { f(d)}352,. Hence, the upper bound (25) can be com-
puted as

L1n(d) = Ru(d) x 271 [H(2)] (d)

where f(d) * g(d) = Zi:o f(n)g(d — n) is the convolution
of two sequences { f(d)} 32, and {g(d)}32 o, 271 [H(2)] (d) is
the inverse Z-transform of H(z) defined as

L -1
[1 a Z PWiin (k)z_k‘|
k=1

which can be readily calculated via common mathematical soft-
ware such as Mathematica.

Next, we study the asymptotic behavior of the upper bound
given in (27). By the Perron—Frobenius theorem, H(z) has a
pole at 1 and all other poles inside the unit circle. Hence, as d
goes to infinity, the contribution of all other poles diminishes,
and the inverse Z-transform of H (z) approaches a constant c.
We also notice that when the total energy d is sufficiently large,
the expected immediate reward R, (d) reaches 1. From (27), we
can see that when d is sufficiently large, the upper bound £, (d)
behaves as a linear function in d with an increasing rate c. Sup-
pose that £,,(d) = co + cd for sufficiently large d. Substituting
it into (25), we obtain the asymptotic increase rate ¢ of ljm(d)
with total energy d as

27

(28)

H(z) &

1 1

c= = )
L [E W .
Y EkDPWoin (k) (W]
k=1

(29)

Since Ly, (d) is an upper bound on the maximum expected life-
time, (29) provides an upper bound on the asymptotic increase
rate of the maximum expected lifetime with respect to the total
energy in the network.

E. Extension to Markovian Fading Model

In Markovian fading channels, the transmission energy re-
quirement W follows a Markov chain with |W|V = LV states
and transition probabilities p(w’ | w) indicating the probability
that the transmission energy requirement transits from w to
w’. Following Section III-A, we can formulate sensor sched-
uling using global CSI in Markovian fading channels as an SSP
problem by modifying the definition of the transition probability
from state 7 = (e, w) to state j = (€', w’) under action n as

P’l(_]n) = p(wl | w)l[e’=e—1nwn]' (30)
Next, we show that the complexity of scheduling using global
CSI in Markovian channels can still be reduced to polynomial
in network size for dense networks. Exploiting the acyclic struc-
ture of the transition graph and the sparseness of the transition
matrix, we obtain the maximum expected lifetime starting from
state (e, w) € S\S; as

L*[(e,w)] = R[(e, w)]
e {Zp "Iw) x L*[(e = Lywn, w’)]}. (31)
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The complexity of (31) is O(NL2N M) in network size N.
Assuming that the Markovian fading channels are invariant to
sensor permutations, i.e., p(w' |w) = p(w ’|W) where W is a
permutation of w, we have L*[(e, w)] = L*[(&, W)]. Hence, we
only need to calculate (31) for different patterns of (e, w) and
its complexity reduces to O(NEMLN) in network size. Fur-
thermore, applying spatial aggregation in dense networks and
assuming invariant Markovian fading channels across clusters,
we can reduce the complexity of (31) to a polynomial in net-
work size: O(NVM) where N is the number of clusters.

FE. Implementation and Overhead

To implement the optimal sensor scheduling using global
CSI, we need the information on network energy profile e and
transmission energy requirement w. The latter requires the
knowledge of all sensors’ instantaneous channel realizations.
One possible implementation is described below. At the be-
ginning of a data collection slot, the AP broadcasts a beacon
signal to activate sensors in the network. Every sensor responds
to the beacon signal by sending pilot signals to the AP for
global CSI acquisition. Using the responses from sensors, the
AP estimates the channel realizations of all sensors and obtain
the transmission energy requirement w. It then determines
which sensor to schedule according to the precomputed optimal
policy p and the current network state (e, w). Finally, the
AP broadcasts the ID of the chosen sensor and the required
transmission power level. The chosen sensor then transmits its
measurements to the AP at the required power level. Since the
AP knows the scheduled sensor’s ID and all sensors’ channel
realizations, it can keep track of the network energy profile e
using energy consumption characteristics. Specifically, let v
denote the energy consumed by a sensor in transmitting pilot
signals to the AP for global CSI acquisition. If the network
energy profile at the beginning of a data collection slot is e,
then at the end of this slot, the residual energy profile is given
by ¢’ = e — vI — I,,w,,, where sensor n is the scheduled one.

The main drawback of the centralized scheduling is its im-
plementation overhead. At the beginning of each data collec-
tion slot, all sensors need to transmit pilot signals over fading
channels to the AP for global CSI acquisition. Besides the com-
plex issue of multiple access, the transmission of pilot signals
by every sensor can be energy consuming. Hence, for large
sensor networks, the energy consumed in acquiring global CSI
may override the benefit of exploiting CSI as demonstrated in
Section IV-F. Nevertheless, assuming cost-free channel acquisi-
tion, the optimal scheduling algorithm using global CSI defines
the limiting performance of any sensor scheduling protocols in
terms of network lifetime.

G. Numerical Examples

In Figs. 2 and 3, we study several scheduling protocols by
comparing their lifetime with the limiting performance ﬁ[SOI]
given in (19). We ignore the overhead in channel acquisition in
these examples and focus on the gap between suboptimal per-
formances and the limiting performance. Specifically, we con-
sider the following three scheduling protocols: 1) the layered
approach which assumes that sensors are indistinguishable at
the physical layer and randomly schedules a sensor for trans-
mission; 2) the pure opportunistic protocol which exploits the



2302

40

— Optimal lifetime

e Pure opportunistic
== Pure conservative
- - - Layered approach

35H

Expected network lifetime

Initial energy

Fig. 2. Network lifetime comparison. N = 3 (number of sensors), Np = 1
(threshold on the number of dead sensors in the lifetime definition), L = 3
(number of power levels), and W = {1, 2,3} (transmission energy levels).
Channel distribution: pw,, (1) = pw,, (2) = 1/4, pw,,(3) = 1/2, for all n.
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Fig. 3. Network lifetime comparison under different lifetime definitions. N =
6 (number of sensors) , £, = 3 (sensor initial energy), L = 2 (number of power
levels), and W = {1,2} (transmission energy levels). Channel distribution:
Pw, (1) = 0.6, pw,, (2) = 0.4, for all n.

channel diversity among sensors by scheduling the active sensor
with the best channel realization; and 3) the pure conservative
protocol which captures the diversity among sensor residual en-
ergies by scheduling the sensor with the most residual energy.
As shown in [26], maximizing network lifetime requires an op-
timal tradeoff between two conflicting goals: minimizing the
energy consumed in each data collection slot and minimizing
the total unused energy left in the network when it dies. The
former requires the use of CSI by favoring sensors with better
channels for transmission while the latter requires the use of
residual energy information (REI) by prioritizing sensors with
more residual energy. The pure opportunistic and the pure con-
servative schemes are at the two ends of the spectrum, each fo-
cusing solely on one of the two conflicting goals. As a conse-
quence, neither is optimal as demonstrated below.

Fig. 2 shows the expected network lifetime as a function of
the initial energy. Ignoring the diversities at the physical layers,
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Fig. 4. Upper bound on the maximum expected lifetime. N = 3 (number of
sensors), N = 1 (threshold on the number of dead sensors in the lifetime
definition), L = 3 (number of power levels), and YW = {1, 2, 3} (transmission
energy levels). Channel distribution: pw,, (1) = pw,, (3) = 1/4, pw, (2) =
1/2, for all n.

the layered approach performs the worst. The pure conserva-
tive protocol outperforms the pure opportunistic protocol when
initial energy is small. This is because the benefit of exploiting
channel diversity in a relatively short network lifetime is sub-
dued by the small number of transmission power levels. Signif-
icant performance loss of the pure opportunistic and the pure
conservative schemes can be seen, and the loss increases with
initial energy.

In Fig. 3, we study the expected network lifetime of these
scheduling protocols under different lifetime definitions by
varying N, where N is the threshold on the number of dead
sensors in the lifetime definition. As expected, the expected
lifetime of all scheduling protocols increases with Np. It is
interesting to observe how the performance gap between the
optimal and suboptimal algorithms varies with Np. Specifi-
cally, when Np is small, exploiting REI is crucial to network
lifetime; it can balance energy consumption across sensors so
that the amount of unused energy left in the network when the
lifetime expires is minimized. When Np increases, however,
exploiting REI becomes less crucial. As a consequence, we see
in Fig. 3 that the gap between the optimal and the pure oppor-
tunistic algorithms decreases with Ny while the gap between
the optimal and the pure conservative algorithms increases
with Np. Furthermore, the pure conservative algorithm (solely
focusing on REI) outperforms the pure opportunistic algorithm
(solely focusing on CSI) when N is small. Their performances
cross when N increases.

Fig. 4 shows the upper bound £,,,(N&,) given in (25) on the
limiting performance and the upper bound given in (29) on the
asymptotic increase rate of the limiting performance with initial
energy. As shown in the upper figure, the upper bound (25) on
the limiting performance is tight. Extensive simulation exam-
ples with arbitrarily chosen parameters have indicated the tight-
ness of the upper bound. We also notice that the difference be-
tween the upper bound and the maximum expected lifetime re-
mains almost the same as the initial energy increases. The lower
figure shows that the increase rate of the limiting performance
approaches the upper bound given in (29).
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IV. OPTIMAL TRANSMISSION SCHEDULING
USING CHANNEL STATISTICS

To implement the optimal scheduling algorithms using global
CSI developed in Section III, all sensors have to respond to the
AP at the beginning of each data collection slot for global CSI
acquisition. This can result in a large implementation overhead.
We are thus motivated to study sensor scheduling using channel
statistics where the channel distribution pw (w) of sensors is
exploited and the instantaneous channel realization of only the
scheduled sensor is used to adjust its transmission power level.

For Markovian fading channels, scheduling using channel
statistics can be modeled as a POMDP problem,* and results
in [37] can be applied to obtain the optimal scheduling policy.
When channel fading is i.i.d. across data collection slots, how-
ever, scheduling using channel statistics can be formulated as an
SSP problem in a similar fashion to scheduling using global CSI,
and the results developed in Section I1I can be applied after mod-
ifying the state space to include only the residual energy profile
e. In this section, we show that under a further assumption of
Np = 1linthe lifetime definition, we can formulate the resulting
problem as a shortest path multiarmed bandit process which has
an indexable optimal policy [12]. As mentioned in Section I, the
transmission scheduling problem turns out to be identical to the
problem of playing golf with multiple balls. We also show in
Section IV-E that the optimal sensor scheduling using channel
statistics can be implemented in a distributed fashion via oppor-
tunistic carrier sensing.

A. SSP Multiarmed Bandit Formulation

The SSP multiarmed bandit is different from a standard dis-
counted-cost multiarmed bandit where an infinite-horizon dis-
counted cost is optimized. An SSP multiarmed bandit process
consists of N Markov systems, each has an inevitable absorbing
terminating state. In each decision interval, one system is chosen
and a positive nondiscounted reward is obtained. Only the state
of the chosen system evolves according to its transition proba-
bilities; the states of other systems remain fixed. The goal is to
maximize the total expected reward until any system reaches its
terminating state. For sensor scheduling using channel statistics,
we model the network by N Markov systems, each represents
the state evolution of a sensor in the network. Below we charac-
terize the SSP multiarmed bandit by specifying its state space,
action space, transition probabilities, and reward.

1) Sensor State Space: In each data collection slot, the state
of a sensor is characterized by its residual energy. Since the
channel realizations are unknown, the scheduled sensor may be
inactive. In this case, a failure in data collection occurs and the
network lifetime terminates.5 We introduce state ¢ to represent
this situation. The state space S of each sensor is thus given by

S £ {statei=c:ec £} U {state t}. (32)

4Due to the temporal correlation of fading, the channel state of the scheduled
sensor in the previous data collection slot provides information on the current
channel states. The network state is thus characterized by both residual energy

profile e and transmission energy requirement w. Since W is not observable,
the problem becomes a POMDP.

By redefining the terminating state, we can readily remove this condition in
the network lifetime definition.
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The set S; of terminating states is defined as

Si 2 {e:e<e}U{statet} (33)
where the states in {e : e < &1} indicate that the death of this
sensor (i.e., it does not have enough energy for transmitting at
the lowest power level) and state ¢ indicates a failure in data
collection. By the lifetime definition, if any sensor reaches a
terminating state, the network dies.

2) Action Space: In each data collection slot, one sensor is
chosen for transmission.® For an MDP representing a particular
sensor, the action space consists of two elements: A = {0,1}.
Action @ = 0 indicates that this sensor is not scheduled for
transmission. Consequently, its state will not change. Action
a = 1 indicates that this sensor is chosen for transmission; it
then transits to a new state according to the channel statistics.

3) Controlled Markovian Dynamics: If sensor n is not
chosen, i.e., a = 0, its state remains unchanged. Otherwise, the
state of sensor n transits from ¢ = e,, to 5 with probability p,gy)
given by
(n) _ {Pr{Wn = ekl —e—cy]s J =€ (34)
tj Pr{W,, > e}, j=t

where €, is the energy consumed by a sensor in transmitting
a packet at the kth power level. We point out that the Mar-
kovian dynamics are determined by the marginal distributions
of {W,}; channel correlation across sensors does not affect the
SSP multiarmed bandit formulation.

4) Transmission Reward: We assign a unit reward to a data
collection slot in which the scheduled sensor is active. That is,
if sensor n is chosen (a = 1), the reward rg-z) obtained when it
transits from state ¢ to state j is given by

ri) = 1. (35)
If sensor n is not chosen (a = 0), then the reward is zero. Since
only one sensor is scheduled in each data collection slot, the total
reward obtained until the network dies (i.e., any sensor reaches
a terminating state) represents the network lifetime.

With the above formulation, we see that sensor transmission
scheduling using channel statistics is an SSP multiarmed bandit
process. It is shown in [12] that the optimal policy is given by
an “indexable” strategy that chooses the sensor whose current
state has the largest Gittins index (as shown in (4)). Below we
give a brief description of Gittins index for completeness.

B. Gittins Index

Consider a particular sensor n and modify the MDP associ-
ated with sensor 7 in the following way: under action a = 0
(i.e., the sensor is not chosen), sensor 7 transits to a terminating
state with probability 1 and a terminating reward g is received.
Our goal here is to maximize the total expected reward before
sensor n reaches any terminating state given in (33).

When Ny > 1 sensors need to be scheduled in each data collection slot, we
have a restless bandit process. Existing results on restless bandit processes [38]
may be applicable here.
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The optimal expected reward £%(7) of the modified system
starting from a nonterminating state 1 € S\S; is given by the
Bellman’s optimality equation

L(i) = max < g, R, (

+ > L)

JES\S:

(36)

where R,, (i) is the expected reward associated with state i = e,,
of sensor n under action a = 1

Ru(i) = Ralea] = 3 r3p) =

JES

Pr{W, <e,}. (37

Note that the optimal reward £* () = 0 for all terminating states
i € S and L(i) > g for all nonterminating states i € S\S;.
The Gittins index ~y,, (%) of state 4 is defined as the smallest value
of terminating reward ¢ at which action a = 0 is optimal [12],
as follows:

(i) = min{g : L3(i) = g} . (38)

It has been shown in [12] that the optimal policy for the modi-
fied Markov system is to choose a = 1 if the Gittins index ~y,, (%)
of the current state ¢ is greater than the terminating reward g and
to choose @ = 0 otherwise. Hence, the Gittins index of state 7
is also the value of g at which we are indifferent between action
a = 0 and action a = 1.

C. Indexable Optimal Policy and a Closed-Form Expression
for Gittins Index

Since the optimal policy for an SSP multiarmed bandit
process is to choose the system with the largest Gittins index,
the calculation of the Gittins index is the key to optimal
transmission scheduling using channel statistics. For a general
multiarmed bandit problem, closed-form expression for the
Gittins index does not exist, and the computational complexity
of the most efficient algorithm (up to date) for calculating
the Gittins index is cubic in the number of nonterminating
states [13]. For the scheduling problem, this means that the
complexity is on the order of O(NM?), where M = |€] is
the number of possible residual energies. Fortunately, the rich
structure of the sensor scheduling problem enables us to derive
a closed-form expression for the Gittins index and hence reduce
the computational complexity to linear in both network size NV
and the number M of possible residual energies.
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Theorem 1: For sensor scheduling using channel statistics,
the Gittins index v, (1) of state i = e,, associated with sensor n
is given by

Pr{W, <e,}
Pr{W, > e, —e1}

V(i) = yulen] = (39
where €1 is energy consumed by a sensor in transmitting a
packet at the lowest power level.?

Proof: We provide two proofs of Theorem 1 in
Appendix A: a constructive proof which directly calcu-
lates the Gittins index based on the algorithm developed in
[13], and a nonconstructive proof, suggested by an anonymous
reviewer, which uses the interchange argument [39] to show
the optimality of the index defined as (39). ]

We see from (39) that the computation of the Gittins index
only requires the marginal instead of joint distribution of the
channel states. We show in Corollary 1 that when channel fading
is i.i.d. across sensors, the optimal scheduling algorithm can be
implemented even when the channel distribution is unknown.

Corollary 1: When channel fading is identically (but not nec-
essarily independently) distributed across sensors, the optimal
sensor scheduling using channel statistics reduces to the pure
conservative transmission protocol that chooses the sensor with
the most residual energy in each data collection slot.

Proof: Since channel fading is identically distributed, the
Gittins index v, (i) = Y, (i) forall 1 < n,m < N. From (39),
we find that Gittins index 7, (7) of state i = e increases with the
residual energy e of sensor n and Corollary 1 follows. |

D. Maximum Lifetime Using Channel Statistics

We now obtain the maximum expected network lifetime that
can be achieved by a scheduling algorithm using channel statis-
tics. Applying the Bellman’s equation, we obtain the maximum
expected lifetime £*[e] starting with a network energy profile e
as (40), shown at the bottom of the page. Due to the acyclic
graph structure of the underlying Markov chain as shown in
Proposition 1, the maximum expected lifetime can be obtained
in one iteration by calculating (40) in an increasing order of total
energy in the network. Applying the indexable policy with The-
orem 1 yields

L
:ZPr{Wa =ep M, —eps0) {1 + L e—Taer]} @D
k=1

TFor sufficiently large residual energy e, > &, + &r, the probability
Pr{W, > e, — &1} = 0, resulting in an infinite Gittins index. At the early
stage of the network lifetime, the Gittins indexes of several sensors can be
infinite. A random selection among them suffices.

Lr[e] = max R,

= max
n

+ > "

el €S\S;

k=1

L L [e = Tu(en —€),)]

L
Rn[en] =+ ZPI‘{Wn = &‘k} X 1[,,,]1_51020];6*[6 — In&‘k]} . 40)
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Fig. 5. Opportunistic carrier sensing.

where a = arg max,, {y,[en]} is the index of the sensor with the
largest Gittins index. Hence, the computational complexity of
the maximum expected lifetime is linear in the network size N.

E. Implementation and Overhead

Compared with the optimal scheduling using global CSI de-
veloped in Section III, the optimal scheduling using channel sta-
tistics has not only significantly reduced computational com-
plexity but also lowered implementation overhead. Specifically,
at the beginning of each data collection slot, the AP chooses a
sensor according to the network energy profile e and broadcasts
a beacon signal and the ID of the chosen sensor. The scheduled
sensor then estimates its channel state using the beacon signal
and transmits its measurements at a power level determined by
its current channel state. To help the AP keep track of the net-
work energy profile e, the scheduled sensor can piggyback its
residual energy level to the data packet. We see that in each data
collection slot, scheduling using channel statistics only requires
the scheduled sensor to estimate its channel; other sensors do
not need to estimate their channels or respond to the AP.

Sensor scheduling using channel statistics can also be imple-
mented in a distributed way via opportunistic carrier sensing
[30]. Specifically, in each data collection slot, every sensor maps
its Gittins index to a backoff time 7 based on a common de-
creasing function f(-y) as shown in Fig. 5. Hence, a sensor with
larger Gittins index has a shorter backoff time. A sensor will
transmit with its chosen backoff delay if and only if no one
transmits before its backoff time expires. If the channel propaga-
tion delay among sensors is negligible, this opportunistic carrier
sensing scheme ensures that the sensor with the largest Gittins
index seizes the channel and transmits. We point out that when
the propagation delay is significant, f(-y) needs to be designed
judiciously (see [30]). Furthermore, a random backoff strategy
can be overlayed with the opportunistic carrier sensing to avoid
collision among sensors with the same Gittins index.

F. Numerical Examples

Recall that the optimal scheduling using channel statistics
reduces to the pure conservative protocol when channel fading
is i.i.d. across sensors. Fig. 2 thus demonstrates the significant

2305

25

20

Expected network lifetime

Scheduling using global C§

Sy W W W w W m
Initial energy

Fig. 6. Network lifetime comparison with channel acquisition cost. N =2, 3
(number of sensors), N7 = 1 (threshold on the number of dead sensors in the
lifetime definition), L = 3 (number of power levels), W = {1, 2, 3} (transmis-
sion energy levels), and v = 1 (channel acquisition cost per sensor). Channel
distribution: pw,, (1) = pw,, (2) = 1/4, pw,,(3) = 1/2, for all n.

performance gain of the optimal scheduling using global CSI
over the optimal scheduling using channel statistics (the pure
conservative scheme) when the channel acquisition cost is
negligible. We now compare the performance of these two ap-
proaches when the channel acquisition cost v is high. As shown
in Fig. 6, when the energy consumed in channel acquisition is
comparable to that in packet transmission, scheduling using
channel statistics outperforms scheduling using global CSI.
The performance loss of scheduling using global CSI increases
with network size N and initial energy £y since more energy
is wasted in global CSI acquisition as the network lifetime in-
creases. Hence, the optimal scheduling using channel statistics
is preferred when the channel acquisition cost is high. We point
out the tradeoff between using global CSI and using channel
statistics depends on the channel acquisition cost.

In Fig. 7, we compare the performance of the pure conserva-
tive protocol and the optimal scheduling using channel statistics
when channel fading is not i.i.d across sensors. We consider the
case of two sensors, each with two transmission energy levels:
€1 = 1 and e; = 3. The channel distributions are given by
pw, (1) = 0.4 and pyw, (3) = 0.6 for sensor 1, and py, (1) = p
and pw, (3) = 1 — p for sensor 2. As p increases, the channel
of sensor 2 improves and so does the expected lifetime. When
p = 0.4, 1i.e., the channel is i.i.d. across sensors, the pure conser-
vative protocol has the optimal lifetime performance as dictated
by Corollary 1. Clearly, when the channel is not identically dis-
tributed, the pure conservative protocol performs worse than the
optimal scheduling using channel statistics, but the performance
degradation is small.

In Fig. 8, we investigate the performance of the indexable
policy under a Markovian fading model as compared with the
optimal performance obtained via POMDP formulation. We
consider two power levels W = {1, 2}. The transition matrix of
the transmission energy requirements for each sensor is given

by
D 1—p
(1_p ’ ) (42)
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which is determined by the underlying Markovian channel
model. As expected, the indexable policy is optimal when
channels are independent across data collections, i.e., p = 0.5.
Without exploiting the temporal correlation of channel states,
the indexable policy is suboptimal under a general Markovian
fading model. However, its performance degrades gracefully
with channel correlation, which is given by 1 — 2p as shown in
the lower plot of Fig. 8.

V. ASYMPTOTICALLY OPTIMAL TRANSMISSION
SCHEDULING USING LocAL CSI

In this section, we consider sensor scheduling using local
CSI. Specifically, each sensor, based on its own channel state
and residual energy, needs to determine whether to transmit in

IEEE TRANSACTIONS ON SIGNAL PROCESSING, VOL. 55, NO. 5, MAY 2007

a data collection slot. We formulate this problem by defining an
energy-efficiency index ~; associated with sensor ¢ as

vi = g(e;,w;), whereg:E X W — R. (43)

In a particular data collection slot, a scheduling algorithm
chooses the sensor with the largest energy-efficiency index,$
ie.,

(44)

a = arg max{vyi,..., YN}

where a is the index of the chosen sensor. The sensor scheduling
problem is thus reduced to the design of the energy efficiency
index g(-).

In [6], we have proposed a scheduling algorithm using local
CSI. Referred to as the dynamic protocol for lifetime maxi-
mization (DPLM)), this algorithm employs an energy-efficiency
index defined as

€n

Tn = —-
Wn,

(45)

In other words, it schedules the sensor whose current channel
realization demands the least portion of its residual energy for
transmission. It is shown in [27] that DPLM is asymptotically
optimal: its relative performance loss as compared to the lim-
iting performance achieved by the optimal policy using global
CSI diminishes with the initial energy. Our goal here is to study
its computational complexity, implementation overhead, and
lifetime performance when initial energy is finite.

Since the energy-efficiency index defined in (45) is simply the
ratio between the residual energy and the transmission energy
requirement, DPLM has much lower computational complexity
as compared to the optimal scheduling using global CSI.

Next, we consider the implementation overhead. Similar to
scheduling using channel statistics, DPLM can be implemented
in a distributed way via opportunistic carrier sensing. Specifi-
cally, at the beginning of each data collection slot, every sensor
receives the beacon signal broadcasted by the AP and estimates
its own channel state using the beacon signal. Sensors can then
compute their energy-efficiency indexes and carry out oppor-
tunistic carrier sensing using backoff delays determined by their
energy-efficiency indexes (see Fig. 5). Since the energy con-
sumed in listening to the beacon signal is much lower than in
transmitting through a fading channel, DPLM has lower imple-
mentation overhead than the optimal scheduling using global
CSL. It, however, may have larger implementation overhead than
scheduling algorithms using channel statistics, where only the
scheduled sensor needs to estimate its channel state. Note that
DPLM does not require the knowledge of channel distributions
while both scheduling using global CSI and scheduling using
channel statistics do. Hence, considering the potential overhead
in estimating the channel distribution, one may further favor
DPLM.

Finally, we compare in Fig. 9 the performance of DPLM
with the limiting performance achieved by the optimal sched-
uling using global CSI. Since the upper bound given in (25) is

8When Ny > 1 sensors need to be scheduled in each data collection slot, the
AP can choose sensors with the largest Ny energy efficiency indices. Sched-
uling multiple sensors via opportunistic carrier sensing can be found in [30].
An alternative implementation is to schedule these N, sensors sequentially.
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1 (threshold on the number of dead sensors in the lifetime definition), L =
2 (number of power levels), and W = {1,2} (transmission energy levels),
pw,, (1) = 0.4, pw,, (2) = 0.6, for all n.

tight and has lower computational complexity, we use the upper
bound as a benchmark. In the upper figure, we plot the expected
lifetime of DPLM for N = 15. We can see that DPLM of-
fers nearly optimal performance even when the initial energy is
small. In the lower figure, we plot the relative performance loss
of DPLM as compared to the upper bound for different network
sizes. We find that the relative performance loss diminishes with
the initial energy. These observations confirm the asymptotic
optimality of DPLM that has been shown analytically in [27]. A
perhaps more interesting observation is that the relative perfor-
mance loss of DPLM decreases with network size IV for a fixed
initial energy &y. Combined with the distributed implementa-
tion of DPLM, this result suggests the optimality and feasibility
of applying DPLM to large sensor networks. Furthermore, the
small gap between the performance of DPLM and the lifetime
upper bound shown in Fig. 9 provides another example for the
tightness of the bound.

VI. CONCLUSION

Under the metric of network lifetime, we considered sensor
transmission scheduling that exploits channel information with
different levels of resolution, namely, global CSI, channel
statistics, and local CSI. The optimal transmission scheduling
problem was formulated as an MDP. By exploiting the struc-
ture of the problem, we proposed computationally tractable
algorithms for computing the optimal scheduling policy. By
studying the tradeoff across computational complexity, im-
plementation overhead, and performance, we demonstrate the
pros and cons and the different domains of applications of
these three approaches to transmission scheduling for lifetime
maximization. It is important to note that simply choosing the
sensor with the best channel (the opportunistic scheduling) or
the most residual energy (the conservative scheduling) in each
data collection slot does not optimize the network lifetime.
Maximizing network lifetime requires an optimal tradeoff
between CSI and REL
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APPENDIX
PROOF OF THEOREM 1

Proof: The first proof of Theorem 1 is based on the algo-
rithm developed in [13] for calculating the Gittins indexes of a
general SSP multiarmed bandit process. Consider the modified
Markov system associated with sensor n, which has been intro-
duced in Section IV-B.

Step O: Initiate U = ¢.
Step 1: Calculate the largest Gittins index in the set S\U.

Suppose that state ¢* has the largest Gittins index v, [e*]

and the modified Markov system has a terminating reward

g = Yn[e*]. Since the optimal policy of the modified Markov
system is to choose action ¢ = 0 whenever the Gittins index
of the current state is smaller than the terminating reward g,
the optimal expected reward starting from any nonterminating
state e € S\S;\U is L]e] = g = 7, [e*]. Since the Gittins index
is also defined as the value of g at which we are indifferent
between a = 0 and a = 1, we obtain the optimal total expected
reward starting from state e* as

Ll = qalet] = Ralel+ Y pLL
a=0 is chosen N e€S\U ,

~~
a=1 is chosen

= Rale*] + Fule"]m[e”] (46)

where F,[e*] = Pr{e* —w, > ¢e1} = Pr{w, < e*—¢e1}is
the probability that state e* does not transit to a terminating
state in one step. Hence, the largest Gittins index in S\U is
given by

] = R, [e*] Pr{W,, < e*}

1= Fyle*] - Pr{W, > e* — &1}’ “7)

Step 2: Determine the state e* that has the largest Gittins index
and remove it from the modified Markov system.

From (47), we see that the state e* that has the largest Gittins
index maximizes R, [e]/(1 — F,[e]) overall e € S\U, i.e.,

e* € arg ma Bnle]
X —.
geGS\M 1— F,le]

(48)
If there is more than one state that achieves the largest Gittins
index (47), we will choose the one with the most residual energy.
Since R, [e]/(1 — F,.le]) = Pr{W, < e}/Pr{W,, > e —e1}
increases with e, the state e* that has the largest Gittins index
also has the most residual energy in S\U/. Hence, the state

e* is not reachable from any other state ¢ € S\U/. We can
thus remove state e* from the system without changing the
immediate rewards and the transition probabilities of the
remaining states.

Step 3: Let U = U U {e*}. Go to Step 1 untilUl = S\S;.
Following the above procedure, we find that the Gittins index

of every state ¢ € S\S; can be computed using (47), which is
the same as (39). |
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Proof: The second proof is based on the interchange argu-
ment [39]. Let 7* be the policy that schedules the sensor with
the largest index defined as (39) in each data collection slot.
To prove the optimality of 7*, it suffices to show that starting
from any given network energy profile E = e, policy 7(°) that
first chooses a sensor that does not have the largest index and
then proceeds according to 7* performs no better than policy
*, i.e., Lo [e] < Lr-[e] for any e. To prove this, we con-
struct a sequence of policies {7(¥)}, where 7(¥) starts by sched-
uling the sensor with the largest index and proceeds according
to 7(*=1) and then show that £_)[e] monotonically increases
to the limit £ [e]. Specifically, since 7(*) agrees with 7* for
at least the first k& data collection slots and termination is in-
evitable in SSP multiarmed bandit processes, we have k)
7* and hence L [e] — Lr[e] for any e as k — oo. Since
the index given by (39) increases with the sensor residual en-
ergy, we find that given e, policy 7(®) will first choose a sensor
n #n* = argmax,(y.(e,)) and then sensor n* while policy
71 will first schedule sensor n* and then sensor n. After these
two data collection slots, both 7(%) and 7(1) follow policy 7*.
Noting that channels are i.i.d. across data collection slots, we
can show that £_(0)[e] < L£,.)[e] for any e. By induction, we
can further show that £_(x)[e] monotonically increases with &
for any fixed e, which completes the proof. |
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