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Abstract

This report addresses the design of distributed mediumsaccentrol (MAC) protocols for
wireless sensor networks under the performance measuretebrk lifetime. Integrated in the
design of MAC schemes are two key physical layer parametfeeschannel state and the residual
energy of each sensor. The impact of incorporating thesanpaters in MAC design on network
lifetime is studied. Furthermore, we show that a lifetimaximizing protocol should dynamically
trade off the channel state information (CSI) and the rediénergy information (REI) according
to the age of the network. Specifically, lifetime-maximinrotocols should be more opportunistic
by prioritizing sensors with better channels for transimissvhen the network is young and more
conservative by favoring sensors with more residual ersrgihen the network is old. Following
this general design principle, we propose a dynamic protfaecdifetime maximization (DPLM)
that exploits both CSI and REI. Analytical results are pded to demonstrate the dynamic property

and the asymptotic optimality of DPLM.
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. INTRODUCTION
A. An Integrated Approach to Energy-Aware Medium Access

One of the critical operations in wireless sensor netwolkSKs) is the information
retrieval process in which sensor measurements are aadldst access points (APs) to be
used by the end user. In applications that involve mobile AR3], a mobile AP initiates a
data collection process by broadcasting beacon signaldit@te sensors. Activated sensors
then transmit, according to a medium access control (MA®}qumol, their measurements

directly to the AP through a common wireless channel (see Big

Fig. 1. Sensor network with mobile access point.

In the conventional layered approach, MAC protocols aragies with minimal input
from the physical (PHY) layer. The PHY layer is treated as a&cklbox in which nodes
are indistinguishable. Starting to gain recognition in signal processing and the commu-
nications societies is the viewpoint that the layered netwarchitecture, fundamental to
the success of general purpose communication networks,imfagt be a hindrance to the
efficiency of application-specific sensor networks [4]-[6]

In this paper, we take a cross-layer approach to medium sdoesnetwork lifetime
maximization. We demonstrate that to achieve an efficieataidimited energy resources,

MAC design should be based upon a PHY layer model that captdirersities among



TECHNICAL REPORT TR-06-01UC DAVIS MAY 2006. 3

nodes. We show that protocols exploiting dependencies detvihe MAC and the PHY

layers offer improved performance in energy efficiency.

B. Contribution and Organization

Distributed MAC protocols that allow each individual senso determine whether it
should transmit based on its own state are generally pesfetue to their scalability, reduced
overhead, and robustness against node failures. In thierpaje focus on the design of
distributed MAC protocols. We aim to address the followitgee issues: (1) what PHY
layer parameters should be exploited in MAC design for ndtdifetime maximization; (2)
how to use these parameters in MAC protocols; (3) how to imple MAC protocols that
integrate PHY layer parameters in a distributed fashion.

After the problem statement in Section Il, we focus on the fasue in Section Ill. Based
on a general formula for network lifetime developed in [7E wWentify two key PHY layer
parameters that affect the network lifetime: the chanrakstind the residual energy of each
individual sensor. We study the impact of exploiting these parameters in MAC design
on the network lifetime.

In Section 1V, we address the second issue. We show thatigetaximizing protocols
should dynamically trade off the channel state informaiiG%!) and the residual energy
information (REI) according to the age of the network. Speaily, optimal MAC protocols
should be more opportunistic by prioritizing sensors widttér channels for transmission
when the network is young and more conservative by favorergasrs with more residual
energy when the network is old. Following this general degiginciple, we propose a
dynamic protocol for lifetime maximization (DPLM) that dejts both CSI and REI. As a
consequence of the dynamic nature, DPLM is asymptoticgiynmal in network lifetime
when channel fading is independently and identically digted (i.i.d.) across transmission

slots. That is, the relative performance loss of DPLM as caneqh to the optimal MAC
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protocol diminishes with the initial energy of each sensor.

The third issued is addressed in Section V. Based on the itlegmortunistic carrier
sensing [8], we propose a distributed implementation of MgtGtocols that exploit PHY
layer parameters. Specifically, we address how to scheduakoss with the desired property
using only local information on their PHY layer paramete8mulation examples are

presented in Section VI, and the paper is concluded in Sestlb

C. Related Work

As shown in [9], energy-efficient design can be formulatedaasunconstrained or a
constrained optimization problem. In the former, the desibjective is to either minimize
the energy consumption rate or maximize the number of tratesminformation bits per
Joule under an implicit assumption that each sensor hadiaiteramount of energy. Knopp
and Humblet [10] showed that the optimal transmission seh&n maximizing the sum
capacity under an average power constraint is to enabletbalypode with the best channel
for transmission. It is shown in [8] that this opportunigtrath respect to the channel state)
strategy is also optimal in energy efficiency measured iorm&tion bits per Joule when
the cost in channel acquisition is negligible. Exploitin@lCGppears to be the key to the
unconstrained energy efficiency [11]-[13].

On the other hand, the constrained formulation of enerfjgient design aims at max-
imizing the network lifetime under the assumption that eaode has a finite amount of
energy. In this case, REI plays an important role in the desf lifetime-maximizing
protocols. Various energy-aware routing and transmispiatocols that exploit REI have
been proposed and studied [14]-[19].

Sensor network lifetime has been studied for different oekvapplications. In the exten-
sive list of papers [7], [20]-[23] dealing with lifetime dgais, [7] develops a general law

that governs sensor network lifetime for all applicationsder any network configuration,
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and with an arbitrary lifetime definition. In this paper, wktain general design principles
from the lifetime formula given in [7] and develop lifetimeaximizing distributed MAC

protocols.

D. Notations

The following notations will be adopted throughout the papéectors are denoted by
boldfaced letters. Random variables (RVs) and their ratdtins are denoted by capital and
small letters, respectively. The expectation of an R\Vs denoted byE[X]. Then-th largest
element ofN RVs { X}, is denoted byX,. Let1|,; denote the indicator functionj,) = 1

if = is true and O otherwise.

[I. PROBLEM STATEMENT
A. Network and Radio Model

We consider a demand-driven WSN withi nodes and an AP (see Fig. 1). The AP
initiates each data collection in whicN; (1 < Ny < N) out of N sensors are chosen
to transmit their measurements directly to the AP througladinfy channel. The number
N, of sensors required to be chosen is determined by the umugrapplication and the
QoS requirement of the network. Due to spatial correlatioo@g sensor measurements,
we generally haveV, < N. The network model described above has application in field
estimation. For example, consider a network deployed fiomesing a certain parameter in a
fixed area. In each data collection, every sensor in the nktaoloserves the same parameter
with independent observation noise. The AP can thus coifesasurements from anjy
out of IV sensors, where the numh®&g of samples is determined by the desired estimation
performance €.g.mean-square-error).

Each sensor's measurement is encoded in a fixed-size paAtketonsider bandwidth-
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unlimited applications where the choserV, sensors can transmit their packets simulta-
neously in a transmission slot using standard multi-acteslsniques such as frequency
division multiple access (FDMA) or code division multiplecgss (CDMA).

The channels between the AP and the sensors follow a blodkgfadodel with block
length equal to the transmission slot. That is, the chane@lizations remain unchanged
over each transmission slot. LEt= (C1,...,Cy), whereC; is the channel gain of sensor
1, denote the channel state in a transmission slot. Due tord#sepce of small-scale fading,
channel gairC; is an RV and its meaft[C;] depends on the path loss from senstw the
AP. The energyEt(Q required for sensoi to successfully transmit its measurement to the
AP in a transmission slot can be modeled by

i 1
By =&+ (1)

whereé&. is the energy consumed in the transmitter circuitry. Notg the have normalized
all energy quantities by the received signal energy reduioeachieve the targeted SNR at

the AP. Clearly, the better the channel gaip the less the transmission ener@%).

B. Lifetime Definition

We assume that each sensor is powered by a non-rechargedteley bvith initial energy
&p. Let E2 (E1, ..., En), whereE; is the residual energy of sensgrdenote the network
energy profile at the beginning of a transmission slot. Nbé& tesidual energy; is an RV
depending on the channel realizations of seriswhen it was chosen for transmission.

At the beginning of a transmission slot, a sensor can be irobtiee following four states:
dead, ineligible, inactive, and active. A sensor is congiddeadif its residual energy drops
below the transmitter circuitry consumptiarg., F; < &.. In other words, it does not have

enough energy for transmission under any channel condifidiving sensor is considered

'Bandwidth-limited applications where only one sensor gandmit in each transmission slot have been considered in

[24].
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ineligibleif it has already successfully transmitted its packet toARein one of the previous
transmission slots of the current data collection. An blgisensor is consideredactiveif
it does not have enough residual energy for the currentrrasson,i.e., &, < E; < E\.
An eligible sensor is considereattive if it has sufficient residual energy for the current
transmissioni.e., E; > ) = £ + &

Recall that the AP needs to collect measurements fk@msensors in each data collection.
If there are more than or equal 1§, active sensors in the first transmission slot of a data
collection, the AP will chooseV, sensors for transmissidrand then completes this data
collection. Otherwise, the AP has to initiate a new transiois slot to collect the remaining
measurements until totaV, measurements are collected. In this case, a complete data
collection may consist of multiple transmission slots. VWdirte network lifetimel as the
number of complete data collections until the number of deatsors in the network reaches
a certain threshold&N; (1 < Ny < N).

At the end of network lifetime, the total energdy, left in the network is wasted. The

wasted energy can be written as

B, = Z Ei(L), (2)

whereL is the number of data collections completed during the n¢wietime, andF; (L)
is the network energy profile at the end of theh data collection.

Realizing that sensors experience different channel ¢pdind have different residual
energies, we seek the answer to the following question: wégt of sensors should transmit

in each transmission slot so that the network lifetime is imézed.

1. Two KEY PHY LAYER PARAMETERS: CSI AND REI

In this section, we address the first issue: what PHY layeapaters should be exploited

in MAC design for network lifetime maximization. Using thaw of lifetime developed in

2\We assume that an active sensor must transmit its packee tARhif it is chosen.
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[7], we identify two key PHY layer parameters that affect tregwork lifetime: the channel
state and the residual energy. We then study the individuphtt of exploiting CSI and

REI in MAC design on the network lifetime.

A. A General Formula for Network Lifetime

In [7], we have obtained a general formula for the expectedionk lifetime E[L] which
holds independently of the underlying network model ingtgdnetwork architecture, data
collection initiation, lifetime definition, channel fadjrcharacteristics, and energy consump-
tion model. Applying this lifetime formula to the currenttm®rk setting, we obtain the

expected network lifetime as
_ N& — E[E,]

E[E,] ©)

E[L]

whereE[E,] is the expected wasted energy over the whole network (s@ea(@)E[FE),]|
is the total expected energy consumed in a randomly chosen oddlectiod. Note that
E[E:.| includes the energy consumed by &l chosen sensors in the randomly chosen data
collection.

From (3), we find that reducin§[E,,] andE[E,| leads to prolonged network lifetime.
This observation will help us to identify the key PHY layergaeters that affect the network

lifetime.

3Consider)M i.i.d. trials, i.e., the network is deployed/ times sequentially with identical settings. L™ be the
network lifetime in them-th trial and £, (m, k) the energy consumption in theth data collection of then-th trial, where
1 < k < LU, Consider a data collection chosen with equal probabitibynf the totalzgzlL(m) data collections. The

expected energy consumpti@F.,] in this randomly chosen data collection is defined as

M L(7n)
Ero(m, k
E[E]2 fim m=t 2z Pulm k) 4)
M T

i.e., E[F:.] can be viewed as the time average (over an infinite horizortheftotal energy consumption in one data

collection. The existence of the limit is shown in [7].
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B. The Impact of Exploiting CSI

Equation (1) shows that the transmission energy consumpgtgareases with the channel
gain of the chosen sensor. Hence, to reduce the expectegyermisumptioriE[E,,] in a
data collection, MAC protocols should exploit CSI by favayisensors with better chan-
nel realizations for transmission. In Fig. 2(a), we studg #xpected energy consumption
E[E:.| of the pure opportunistic protocol that chooses active @snaith the best channel
realizations in each transmission slots. Compared to addyapproach to MAC design that
ignores the diversities at the PHY layer and chooses acémems randomly in each data
collection, the pure opportunistic protocol offers sigrafit reduction if€[E,, ] by exploiting
the channel diversity among sensors. As the numfesf sensors increases, the expected
transmission energy of the pure opportunistic protocorekeses while that of the layered

approach increases.
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(@) The impact of using CSI. (b) The impact of using REI.
Fig. 2. The individual impact of using CSI and REI on netwoifietime in i.i.d. Rayleigh fading channelV, = 1
(number of sensors to be chosen in each data collectiany; 5 (initial energy of each sensori[C;] = 1 (mean of the

channel gain) for alk, £ = 0.1 (transmitter circuitry energy consumption).
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C. The Impact of Exploiting REI

From (2), we find that to minimize the expected wasted ené&igy,|, MAC protocols
should balance the energy consumption among sensors. Anthef the last data collection,
sensors that are still alive should have minimal energy THfis requires the use of REI
in scheduling. One intuitive way of exploiting REI is to sduée active sensors with the
most residual energies in each data collection. In Fig., 2(B)compare the expected wasted
energy of this pure conservative protocol with that of thgefed approach. Capturing the
diversity among sensor residual energies, the pure caatsar\protocol reduces the expected
wasted energy in the network. The performance gain of the panservative protocol over

the layered approach increases with the number of sensors.

IV. EXPLOITING BOTH CSIAND REI FORLIFETIME MAXIMIZATION

In Section Ill, we have shown in (3) that the expected netvitekme E[L] is a decreasing
function of the expected wasted eneiigyr,,| and the expected energy consumpfitji;,
in a randomly chosen data collection. This observation éasd the identification of two key
PHY layer parameters (the channel state and the residuagygrtbat should be exploited in
MAC design for network lifetime maximization. Specificaltp reduceE[E;,|, sensors with
better channel realizations should be scheduled for tresson. To reducé[F, |, sensors
with more residual energies should be favored in order tartza the energy consumption
among sensors.

Realizing that channel realizations are independent ofréselual energies (the sensor
with better channel may have less residual energy), we asgdrethis section the second
issue: how to exploit both CSI and REI in MAC design for lifeé maximization. The design
focus is the optimal tradeoff between CSI and REI. To maxéntie network lifetime, MAC
protocols should strike a balance between redudifly,.| and reducingk[E,,| by taking

into account both channel states and residual energieddidnal sensors.
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A. Problem Formulation

To formulate the problem of exploiting both CSI and REI in MA€sign, we introduce
the concept of energy-efficiency index. At the beginning dfsasmission slot, the energy-
efficiency index~; of sensori with channel gaing’; and residual energy; is defined

as
Vi = Q(Cz', Ei>7 (5)

where g is a real-valued function. Thactive sensors with the largedt energy-efficiency
indices are then scheduled for transmission, wherél < L < N,) is the number of
additional measurements required to complete the curratat cbllection. The problem of
exploiting CSI and REI in MAC design is thus reduced to theigleof the functiong.
For example, for the pure opportunistic protocol that eeslactive sensors with the best
channels, we have; = C;. Similarly, v; = E; leads to the pure conservative protocol that
schedules active sensors with the most residual energies.

We point out that it is possible to have a time-varying dabmitof energy-efficiency
index,i.e.,v; = gx(C;, E;) wherek denotes thé-th data collection. In this paper, however,
we focus on time-invariant function for its ease of implementation. We show in Section
IV.C that protocols defined by a time-invariant energy-&ffit index can still be dynamic

with respect to the age of the network.

B. A Greedy Approach to Lifetime Maximization

We consider first a greedy approach to lifetime maximizatiReferred to as the max-min
protocol, it uses an energy-efficiency index defined as

1
= —.
Vi e (6)

From (1), we see that the energy-efficiency index given inig6@ssentially (differs by a

constantt,) the residual energy of sensoafter it transmits in the current transmission slot.
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The energy-efficiency index defined in (6) ensures that tiedded active sensors must
have the largest energy-efficiency indices among the sdigible sensors. Below, we give
an analytical characterization of the greedy and the statiare of the max-min protocol.
Property 1: The Greedy Nature of the Max-Min Protocol
Given the network energy profiE = e, the number, = [ of additional measurements
required to complete the current data collection, and the 4e= A of eligible sensors at
the beginning of a transmission slot, the max-min protocol
P1.1 maximizes the minimum residual energy in the netwotkeaénd of this transmission
slot.
P1.2 minimizes the probability that the network dies at thd ef this transmission slot.
Proof: See Appendix A. (117
Note that P1.1 holds for any realization of the channel dfatghile P1.2 is based on the
probability space given by>. P1.2 shows that the max-min protocol, exploiting both CSI
and REI, is a greedy approach to lifetime maximization. lheotwords, if the max-min
protocol cannot keep the network alive at the end of a trassion slot, then no protocol
can.
Property 2: The Static Property of the Max-Min Protocol
The max-min protocol is static with respect to the total gyeri . i in the network.
Specifically, given the network energy profie = e, the numberl, = [ of additional
measurements required to complete the current data callecand the setd = A of

eligible sensors at the beginning of a transmission slothaee,Ve > 0,
Pr{C; >C;Vje ALVI,cI|E=e, A=A L=1}
=Pr{C), >C;,Vj e ALV, €cIl|E=e+¢, A=A L=1}, (7a)
Pr{e; >e;,Vj e ALV, cI|E=e A=A L=1}

= Pr{elk > ej7vj S A\17VII€ € I|E:e+€7A:A7L: l}? (7b)
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wherel = (13, ..., I;) are the sensors that have the largéenergy-efficiency indices defined
in (6) among those eligible sensors i, Pr{C;, > C;,Vj € AALLVI, e I|E =e, A =
A, L =1} andPr{e;, >e;,Vj € ALVl cI|E=e, A=A, L=1} denote, respectively,
the conditional probabilities that the chosen sensbrdave the best channel realizations
and the most residual energies among those eligible sensors
Proof: See Appendix B. (117

Property 2 shows that with the max-min protocol, the prolitéds of scheduling the
sensor with the best channel realizations and the mostuasahergies are invariant to a
uniform change d) in the residual energy profil&. Since a uniform decrease Ia leads
to a decrease in the total energy in the network which can &é&ed as a measure of the
network age (the smaller the total energy, the older the ordw Property 2 reveals that
the max-min protocol is static with respect to the network.athe weight of CSI over REI
(and vice versa) remains the same over the span of the netifetitkne. We show in the
following section that a lifetime-maximizing protocol siid dynamically trade off CSI and
REI according to the age of the network. The lack of adaptatiiothe network age limits
the performance of the max-min protocol. By contrasting ttiex-min protocol with the
dynamic protocol proposed in Section IV-C and comparingy therformance in Section V,
we demonstrate the importance of and the significant gaintessfrom the adaptability of

a MAC protocol to the network age.

C. A Dynamic Protocol for Lifetime Maximization (DPLM)

1) A General Design PrincipleTo obtain the optimal trade off between CSI and REI,

we resort to the law of lifetime given in (3). Consider firsé taxpected energy consumption
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[E[E},] in a randomly chosen data collection. It is shown in [7] tRgE,,| can be obtainetby
averaging the expected energy consumpHoA;, (k)] consumed in thé-th data collection

over the randomly chosen data collection ind€x
E[Ew.] = Ex{E[Ew. (K)]}, 9)

where Ex{-} denotes the expectation ovéf. Note that the probability mass function
Pr{K = k} decreases with the data collection indexX7]. This observation leads to the
conclusion that the energy consumed at the early stage afetveork lifetime carries more
weight. Thus, reducing the energy consumpti®iE;. (k)] in the k-th data collection is
crucial whenk is small {.e., when the network is young). On the other hand, the wasted
energy F,, only depends on the sensor residual energies when the rkethes (see (2)).
Hence, maintaining small dispersiveness of sensor rdsghexgies is only crucial when
the network is approaching the end of its lifetime.

The above discussion suggests that a lifetime-maximizimmgopol should be adaptive
with respect to the network age. Specifically, MAC protocgh®uld be more opportunistic
by favoring sensors with the better channels (focusing docegE|E,,]) when the network
is young and more conservative by favoring sensors with meselual energies (focusing
on reducingE[E,]) when the network is old. We see here an intuitive connedtietfween
extending network lifetime and the retirement-planningtegy. When we are young, we can
afford to be more aggressive, putting retirement savingsladgively more risky investments.
As we age, we become more conservative.

“For completeness, we provide a brief proof of (9). The dedinibf E[E;.] given in (4) can be written as

et et B (m, k) L pom

E[Em] - A}linoo an\le L(m)
_ miL lim S Bra(m, k)1 pony lim Yo U< om) (8)
B M M )
—1 M—oco Zm:l 1[k§L(m>] M—oco Zm:l L(m)

=E[Eq, (k)] =Pr{K=k}

NE&g

wheremax L = = is the upper bound on network lifetime, which is finite.
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2) The Protocol: Following the general design principle, we propose a dyoaWhiC
protocol that adaptively trades off CSI with REI according the age of the network.
Referred to as DPLM, the proposed protocol selects actimeass whose current channel
realizations demand the least portions of their residualgas for the transmission. The
energy-efficiency index of DPLM is defined as

E.  E
EY  E&tg

tx

Vi = (10)

Note that the energy-efficiency index defined above in (18usss that the scheduled active
sensors must have the largest energy-efficiency indicemarie set of eligible sensors.
Before investigating the properties of DPLM in a generatisgt let us first consider a
simple example to gain some intuitions on the dynamic naitil2PLM. Consider a network
with two sensors and one of them needs to be chosen in eaclcalkgetion. Suppose that
the network energy profile at the beginning of a data colectjive by E = (eq, e9).
Without loss of generality, we assume that> e,. The absolute dispersiveness between
sensor residual energies is given By= e; — e,. It can be readily shown from (10) that
sensor 2, the one with less energy, is selected if and onlyh&s larger energy-efficiency

index, i.e.,
Cy, —C} A

B Tt W 11
Ci0he. + O~ o (11)

Y2>N =

Hence, for a given differencA in the residual energies, the relative improvement in ceann
condition required for selecting the sensor with less redienergy decreases with, which

is a measure of the network age since the total network engigyen by2e; — A. Consider
the following two extreme cases. When approaches infinity, we haviém,, .., % =0
and the condition (11) reduces & > C;. That is, when there is plenty of energy in the
network (the network is young), DPLM acts like the pure oppuistic protocol by selecting

the sensor with the best channel. On the other hand, whapproaches zero (the network

is old), we havelim,, . % = oo and the condition (11) holds with probability 0; DPLM
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puts more weight on REI by selecting the sensor with the messtiual energy (specifically,

sensor 1). Property 3 gives an analytical characterizaifahe dynamic nature of DPLM.
Property 3: The Dynamic Nature of DPLM

DPLM dynamically trades off CSI with REI according to thewatk age measured by the

total energyziNz1 E; in the network. Specifically, given the network energy mdil= e, the

numberL = [ of additional measurements required to complete the ctidata collection,

and the setd = A of eligible sensors at the beginning of a transmission shat, have,

Ve > 0,
Pr{C; >C;,Vje ALV, €cI|E=e, A=A L=1}
<Pr{C, >C;Vje ALV, cI|E=e+¢, A=A L=1}, (12a)
Pr{e;, >e;,Vje ALV, €I|E=e, A=A L=1}
> Prie;, >e;,Vj € ALV, cI|E=e+e, A=A L=1}, (12b)
wherel = (I3, ..., I;) are the sensors that have the largéshergy-efficiency indices defined

in (10) among those eligible sensors i, Pr{C;, > C;,Vj € AALLVI, e I|E =¢, A =
A, L =1} andPr{e; > e;,Vj € AALLVI, € I|E =e, A= A, L =1} denote, respectively,
the conditional probabilities that the chosen sensbrdave the best channel realizations
and the most residual energies among those eligible sensors
Proof: See Appendix C. (11

Property 3 shows that the probability of choosing sensotis thie best channels increases
while the probability of choosing sensors with the mostdeal energies decreases with the
total residual energy in the network. In other words, whenrktwork is young, DPLM is
more likely to choose the sensors with the best channelsdiecesthe transmission energy.
When the network grows old, DPLM becomes more conservativerder to reduce the

wasted energy when the network dies.



TECHNICAL REPORT TR-06-01UC DAVIS MAY 2006. 17

3) The Asymptotic Optimality of DPLM/Nhen channel fading is i.i.d. across transmission
slots, the optimal MAC protocol under the unconstrainednialiation is the pure opportunis-
tic protocol which enables the active sensors with the bleahmel realizations to transmit
[8], [10]. One would expect that the optimal MAC protocol endhe constrained formulation
approaches the pure opportunistic protocol when the cnstn the initial energy becomes
less restrictivej.e., & — oo. In Property 4, we prove this statement and characterize the
maximum rate at which the network lifetime increases wit ithitial energy&,. We then
show in Property 5 that DPLM is asymptotically optimal. Sfieally, in the asymptotic
regime, DPLM approaches the pure opportunistic protocdlitmrelative performance loss
as compared to the optimal lifetime diminishes.

Property 4: The Asymptotic Behavior of the Optimal MAC Protocol

Assume that the channel gains are bounded below and i.irdsad¢ransmission slots.

P4.1 Under the unconstrained formulation, the expectedl tehergy consumption of the

pure opportunistic protocol in a data collection is given by

A No 1
gmin = NOgc + E |:
,; Cny

} (13)

where (|, is then-th largest element of channel gaif§’;} ;.
The optimal MAC protocol in terms of network lifetime appbes the pure op-

portunistic protocol as the initial energy goes to infinigpecifically, the asymptotic

expected total energy consumptiBf**] of the optimal MAC protocol in a randomly

chosen data collection is given by

lim E[E?'] = Empn. (14)

Ep—00
P4.2 The asymptotic lifetime increase rate achieved by gitienal MAC protocol is given

by
. E[L™] N
&l)li’noo 80 B gmin ‘ (15)

Proof: See Appendix E for details. (11
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Property 5: The Asymptotic Optimality of DPLM
Assume that the channel gains are bounded below and i.irdsadransmission slots. In
the asymptotic regimeg{ — o),
P5.1 DPLM approaches the pure opportunistic protocol. medly, the expected energy
consumptionE[EP™™] of DPLM in a randomly chosen data collection approaches

Emin, Which is defined ir{13):

lim E[EZ™] = Epin. (16)

Ep—0
P5.2 DPLM is asymptotically optimal. Specifically, the tela performance loss of DPLM
as compared to the optimal lifetini .°?'] diminishes with the initial energy:

opt] __ DPLM
L EIL] — E[Lo

=0 17
SO—>oo E[Lopt] ) ( )

whereE[L°"] denotes the lifetime achieved by DPLM.
Proof: The proof of Property 5 is built upon Lemmas 1 - 5 developed ppéndix

D. See Appendix F for details. (11

V. DISTRIBUTED IMPLEMENTATION

In this section, we address the last issue: how to implemerd, distributed fashion, a
MAC protocol that uses physical layer parameters, spetiificthe channel state and the
residual energy. We seek implementations that allow eanbosdo determine whether to
transmit based on its own energy-efficiency index.

Here, we provide a possible solution based on the oppoticrarrier sensing scheme
first proposed in [25]. The basic idea is to incorporate tlwallinformation {.e., the energy-
efficiency index) of each sensor into the backoff strateggasfier sensing. This opportunis-
tic carrier sensing scheme provides a distributed solutiotive general problem of finding
the global maximum or minimum. Let us consider the case whgrerthogonal codes are

available and the chosen sensors transmit simultaneosslg CDMA. We partition each
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transmission slot into two segments: carrier sensing ana tlansmission. During carrier
sensing period, sensors with the largegthe number of additional measurements required to
complete the current data collection) energy-efficienclfaes are chosen and the orthogonal
codes are distributed among these chosen sensors. Spiciitethe beginning of each
transmission slot, the AP broadcasts a beacon signal watetand synchronize all eligible
sensors in the network. Sensors that have already traeshiittprevious transmission slots
do not need to participate in the remaining slots of this datéection. Upon receiving the
request, each eligible sensor estimates its channel gairend calculates the predefined
energy-efficiency indexy; based on its own channel ga{tf = ¢; and/or residual energy
E; = e;. Then, every active sensor maps its ownto a backoff timer; based on a
predetermined strictly decreasing functiffty) and listens to the channel. Note that inactive
sensors will not participate and can turn off their trangees until the next transmission slot.
The active sensor will transmit a short beacon signal with its chosen backeffagl 7; if
and only if less tharl beacon signals have been transmitted before its backadf éxpires.
According to the order of these beacon signals, each actimeos that has transmitted a
beacon signal can obtain one of the orthogonal codes. Dutatg transmission period,
the chosenl sensors transmit using the different orthogonal codes hadther sensors
can turn off their electronics. If(v) is chosen to be a strictly decreasing function of the
energy-efficiency index as shown in Fig. 3, this opportunistic carrier sensing wil@re
that the active sensor with the largest energy-efficiendgxmax;{~;} seizes the channel
under ideal conditions.

A collision-free implementation of opportunistic carrisensing relies on the following
ideal assumptions: (1) all sensors can hear each otherh€propagation delay among
sensors is negligible; and (3) sensors are synchronizeififsh two assumptions are inherent
to any carrier sensing schemes to ensure collision-freéevihe third one is unique to the

opportunistic carrier sensing scheme.
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T=f(7)

Tmax

T2

T1

Fig. 3. Opportunistic carrier sensing.

VI. SIMULATION EXAMPLES

In this section, we compare the performance of severaliligeéd MAC protocols via
simulations. For each network setup, we perfavim= 2000 Monte Carlo runs. The proposed
DPLM and max-min protocols are compared with the followitgee schemes: (1) the
layered approach which assumes that nodes are indistivaplesat the PHY layer; (2) the
pure opportunistic protocol which uses solely CSlI; (3) theepconservative protocol which
exploits only REI. We assume perfect carrier sensing uroéssrwise specified.

In the following figures, we assume thag = 1, i.e., only one sensor is chosen in each
data collection. Assume that the transmitter circuitry stomption is€. = 0.01 and the
energy required for a sensor to estimate its channel réalizés ., = 0.001. Channel
fading is i.i.d. Rayleigh across transmission slots angésesensors with unit mean square.
That is, the channel gai@; follows an exponential distribution with med&|C;| = 1.

The threshold on the number of dead sensorg;is= 1, i.e., the lifetime is defined as the
number of data collections until any sensor in the netwoés dWe ignore the tail portion of
the network lifetime when sensors only have enough enenggxXoeptionally good channel
realizations. Specifically, a sensor is considered deaddibés not have enough energy for

transmission irM9.995% of the time,i.e., Pr{e; < £ + C%,} > 99.995%.
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Fig. 4. The expected network lifetinie[Z] versus the numbeN of sensorsNy = 1 (number of sensors to be chosen

in each data collection);, = 5 (initial energy of each sensor;[C;] = 1 (normalized mean of channel gain) for all

A. Lifetime vs. Network Size

We first study the expected network lifetinig ] as a function of the numbeW of
sensors. As shown in Fig. 4, the network lifetifi@.] increases withV, but the rate at
which E[L] increases saturates. As expected, the layered approach ighores diversities
at the PHY layers performs the worst. MAC protocols exphgtiCSI (such as the pure
opportunistic scheme, the max-min scheme, and DPLM) ofdperthose without CSI
(such as the layered approach and the pure conservativeneth&he max-min protocol
outperforms the pure opportunistic protocol when the nundfesensors is large. DPLM
achieves the best performance, and its performance gareaises with the number of
sensors.

In Fig. 5, we investigate the expected total energy consiomgE| ;.| of MAC protocols
exploiting CSI in a randomly chosen data collection and camphem with the asymptotic
lower boundé&,,;, given in (13). Due to multiuser diversity [10F[E,.|] decreases with the
numberN of sensors. Not surprisingly, the pure opportunistic pcotpsolely focusing on
minimizing the transmission energy, performs the bestimseof E[E;,| and achieveg,,;,

even when the initial energ¥, is small. As the initial energy¥, increases, the expected
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Fig. 5. The expected energy consumptiBf¥:.] in a Fig. 6. The expected wasted enerByF.,] versus the
randomly chosen data collection versus the numieof numberN of sensors.Ny = 1 (number of sensors to be
sensors Ny = 1 (number of sensors to be chosen in eadhosen in each data collectiorfl; = 5, 10 (initial energy
data collection)&o = 5, 10 (initial energy of each sensor),of each sensor)E[C;] = 1 (normalized mean of channel

E[C;] = 1 (normalized mean of channel gain) for all gain) for all.

energy consumptiofi| EP7| of DPLM decreases and quickly approaclgs,, confirming
P5.1. A small, that allows a sensor to transmit, on the average, only 10stimés lifetime
seems to be sufficient to bririgf EP*| close to€..,;,. We point out that the expected energy
consumptior| £, ] of the pure opportunistic protocol under the constrainechtdation may
be larger thait,,;;, especially whenV is small. This is because when the sensor with the best
channel is inactive, the pure opportunistic protocol wal/a to choose an active sensor with a
worse channel realization. DPLM, by balancing the energysamption among sensors and
thus enlarging the set of active sensors, can even outpetfug pure opportunistic scheme
in E[E..] when N is small. Compared to the pure opportunistic approach andMDRhe
max-min protocol performs the worst in terms of the expeerergy consumptiofi|[E;,].
Fig. 6 investigates the expected wasted endifly,,| of different MAC protocols. As
the numberN of sensors increaseg|E,,| of all protocols increases, which can be readily
seen from (2). The max-min protocol and DPLM offer significeaduction in the expected

wasted energy as compared with the pure opportunistic angule conservative protocols.
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As the initial energy&, increases, the expected wasted ener@igs,| of the max-min
protocol and DPLM remain almost the same while those of the ppportunistic and the

pure conservative protocols increase significantly. Coinigi Figs. 5 and 6, we see that

DPLM achieves the best balance between reduEiiig,| and reducindE[E,,]; it consumes

nearly minimum energy consumptiéh,;, per data collection without sacrificifig[£,,]. The

reason behind this desired property is the dynamic natui2RifM as illuminated below.

. The Dynamic Nature of DPLM
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ok , ~. 0= Max-Min o H 0ol
,' . # Pure Opportunistic
' e = = Pure Conservative
8 AR H 08l
N . PRYSL TL TR0
S} ’ '
7T £ L
o 1 0.7
g 1
S ep ! 06}
o Ll 2
= 1 = -
E ol 5 sl — Pr{C,=max{C}}
S | 2 -- Pr{E,=max{E}}
° ] & I i
B A—: 0.4
S |
S 3p 03t Bl
o ,
.
2F 0.2 __',' B
.........................
1f 0 0=® =0~ ©=0 ~0= ® =0 -0=@ =0 0=0 =0- © =0 -0 01F ,=7
" 4
’
0 L L L L L L L L L 0 L L L L L L L L L
0.2 0.3 0.4 05 0.6 0.7 0.8 0.9 1 0 01 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Normalized Network Age

0 01
Data collection index / Expected lifetime

Fig. 7. The expected dynamic range= E[En)— E(n)] Fig. 8. The probability that DPLM chooses the sensor

versus the network agév = 10 (number of sensors in thewith the best channel and the probability that it chooses
network), No = 1 (humber of sensors to be chosen in eathe sensor with the most residual eneryy—= 10 (number

data collection) £, = 20 (initial energy of each sensor),of sensors in the network)y, = 1 (number of sensors to

E[C;] = 1 (normalized mean of channel gain) for all be chosen in each data collectio&), = 20 (initial energy
of each sensor)E[C;] = 1 (normalized mean of channel

gain) for all .

Fig. 7 shows the expected dynamic range= E[max{E} — min{E}] of the network

energy profile during the network lifetime. Since differalAC protocols may achieve
different network lifetime, we normalize the data collectindex by the expected network
lifetime of the protocol. The expected dynamic range of theeppportunistic scheme grows

large toward the end of the network lifetime, resulting & oor performance in terms of
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the expected wasted enerffy~,,| as shown in Fig. 6. The dynamic range of the max-min
protocol remains constant during the whole network lifetiaonfirming its static nature.
Adaptive to the network age, DPLM allows large variation@msors’ residual energies at the
early stage of the lifetime (when reducing the transmissiwgrgy is more crucial) and brings
down the dynamic range to as low as that of the max-min protimveard the end of the
lifetime (when balancing energy consumption among serismeemes crucial). This explains
how DPLM achieves the nearly minimum transmission enetgy, without sacrificing the
performance in the wasted energy~,,|. Fig. 8 further demonstrates the dynamic nature of
DPLM. As the age of the network increases, the probabiligt DPLM selects the sensor
with the best channel realization decreases while the pitidyeof choosing the sensor with

the most residual energy increases.

C. The Asymptotic Optimality of DPLM

25 T T
= DPLM
Q 0= Max—-Min

20 - /., ~

15-

10 £

Relative performance loss %

\ \ \ \ \ \ \ \
5 10 15 20 25 30 35 40 45 50
Initial energy &

Fig. 9. The asymptotic optimality of DPLM in network lifeten N = 50 (number of sensors in the network)y = 1

(number of sensors to be chosen in each data collecfitjd);] = 1 (normalized mean of channel gain) for all

The asymptotic optimality of DPLM in terms of using CSI hagba&lemonstrated in Fig.

5. In Fig. 9, we investigate the relative performance losthefproposed DPLM and max-
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min protocols as compared Qé‘io where - is the asymptotic increase rate of the optimal

Emin
lifetime with respect ta,. We can see that as the initial ener§y increases, the relative
performance loss of DPLM approaches 0, which confirms P5&ebVver, its convergence
rate is fast. For example, when the initial energy¥is= 10, i.e., a sensor can transmit, on
average, 10 times during its lifetime, the relative perfante loss is as low a&)%. The

max-min protocol, however, is not asymptotically optimal.

VIlI. CONCLUSION

In this paper, we studied the integrated design of MAC pralofor lifetime maximization
in sensor networks. We identified two key PHY layer paranseterthe channel state and
the residual energy — that affect the network lifetime. Disited protocols that exploit
both CSI and REI were proposed for lifetime maximizationfdRed to as DPLM, the
proposed protocol selects the sensor whose channel tealiziemands the least portion of
its residual energy for the current transmission. We demnatesl analytically that DPLM
adaptively trades off CSI and REI according to the age of #tevark. It is more aggressive
to reduce the total energy consumption by prioritizing tee@ser with the best channel
when the network is young and more conservative to balaneeéhsor residual energies
by favoring the sensor with the most residual energy wheméteork is old. Its asymptotic
optimality was established analytically. By contrastihg dynamic nature of DPLM with
the static nature of the max-min protocol and comparing theiformance, we demonstrate
the importance of and the significant gain resulted from dhegogability of a MAC protocol

to the network age.

APPENDIX A: PROOF OFPROPERTY 1

Let C = c be any channel realization in this transmission slot. Thle, minimum

at the end of this data collection is given by

E/;, = min {min{e}, min {ej — <EC + i) }} : (18)
JEL ’ Cj

residual energy’

min
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wherei = (i1,...,4;) are the indices of the chosen active sensors. Since the rimax-m
protocol chooses sensors that have the largest ci} it maximizes the minimum residual
energyE! . given in (18) for any channel realization. Hence, we obt&alnlP
The probability that the network dies at the end of the givangmission slot is given by
the probability that thé N — N + 1)-th largest residual energy after the transmissions of
the chosen active sensors drops betwFrom the definition of the energy-efficient index

of the max-min protocol, we can obtain P1.2.

APPENDIX B: PROOF OFPROPERTY 2

Without loss of generality, we assume that the given netveorkrgy profilee is ordered,
i.e.,e; > ... > ey. The probability that the chosen sensdrs (I1,...,1;) have the best
L =1 channel realizations among eligible sensors in thedset A is given by

Pr{Cr, > C;,Vj € ALV, €cI|E=e, A=A L=1}

=Y Pr{C;, >C;,Vj e ALV, e LI=i|E=e A= AL=1}
ieZ

19
:ZPI‘{C'Z,c > Cj,’}/ik Z’Yj,Vj E.A\LVZ;C S i|E:e7A=A7L:l} ( )
ieZ
11 : Cue
—ZPY{Cz‘k > Cy, oo > e, —e;, V) € A\L, Vi €1 E—e,A—A,L—l},
i€z th J
whereZ = {i : i C {1,...,N},[i| = [} is the sample space of the chosen sendors

The probability that the chosen sensbrisave the most. = [ residual energies among the

eligible setA = A of sensors can be derived as
Pr{er, >e¢;,Vj € ALV, €I|E=e, A=A L=1}
= Pr{v;, > ;,Yj € A\l, Vi, = the k-th smallest element il |E =e, A=A L =1} (20)
_Pr{cij - Ci > e; — e,V € A\L, Vi E_e,A—A,L_l}
We can see that both (19) and (20) only depend on the absaBpergiveness; — e; of
sensor residual energies; they are invariant to a uniforamgé €) in the network residual

energy profileE. Since(e; +¢) — (e; +€) = ¢; — ¢, (12) follows.
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APPENDIX C: PROOF OFPROPERTY 3

The proof of Property 3 is similar to that of Property 2. Witthdoss of generality, we

assume that; > ... > ey, and obtain that

PI‘{C[k > CJ,V] S A\I,Vlk S I|E =e, A=A L= l}

1
E+E e
= ZPr Ci, > Cj, = > L Vje A\i,Vij €i

E:e,A:A,L:l},

i€z Ci, e e D)
F+& e
=Y Pr{Ci, 2CVj >ip,—— > L Vj<ir,jeAiirci|E=e A=A L=I
ieT Cik+gc €y
and
Pr{es, >¢;,Vie ALV, €cI|E=e, A=A L=1}
(22)

E+E& .. _
=Pr J > —L Vj € A\i, Vi, = the k-th smallest element ipd

1 -
Ciy +& T ey

E—e,A—A,L—Z}.

We can see that (21) decreases and (22) increases™with< j. Since & > Z—ii for all
J J J

i < j, Property 3 follows.

APPENDIX D: PROOF OFLEMMAS 1 -4

Here, we provide four lemmas used in the proofs of Propettiesd 5. We consider
M i.i.d. trials, i.e., the network is deployed/ times sequentially with identical settings.
Let L™ be network lifetime i(e., the number of data collections) in the-th trial. Let
E = (Fy,...,Ey) andC = (C},...,Cy) denote, respectively, the network energy profile
and the channel state at the beginning of a data collectioserhwith equal probability
from the totaIZ%:1 L™ data collections. For simplicity, we writ&,,,, = max{E} and
Euin = min{E}. We assume that channel gains are i.i.d. across transmiskits. The
above notations and assumptions will be adopted througihigitAppendix. Note that the
distribution of the network energy profile at the beginning of the randomly chosen data
collection depends on the initial energy and the MAC protocol.

Since channel realizations are bounded below, the totaggreonsumptiont,, in any
data collection is bounded by

NOgc < Etx S NOgua (23)
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where the upper bound, is determined by the worst channel realization and the lower
bound&, is the transmitter circuity consumption. Hence, the nekwidetime in a trial is

bounded by
NE&, < [m - N&

. 24
Nogu o NOgc’ vm ( )

Lemma 1: Consider the first transmission slot of a randombyseln data collection. For
any fixede > 0, there existsy > 0 independent of the initial energs such that

E max ~ Emin
{ka < Cingt1), forany I, €I | —————

min

< a} < €,Y&, (25)

wherel = (I4,..., Iy,) consists of the indices of sensors that have the larggstnergy-

efficiency indices defined {{10) for DPLM.

Proof: Suppose the network energy profile at the beginning of a mahdchosen data collection
is given E = e. Without loss of generality, we assume that> ... > ey. Then, we have:* < j—;] for
J
any i, j. Note that in the first transmission slot of any data coltattithe set of eligible sensors is given by

A ={1,...,N} and the number of more measurements to collectiaiis= Ny. From (21), we obtain that

1> PI"{C],C > C(NO),VIk cIE=e}= PI‘{C[k > C;,Vjel,VI, € I E=¢e}

E (26)
-+ &
>ZPr Cl,c>C],Vj>zk,17 V]<2k,3612k€1 E=e,,
=— +&
ieT Ciy,
where the sample space bfis 7 = {i : i C {1,..., N}, [i[ = No. Notice that as the rati¢’ decreases

= +Ee
to 1, the set{ <5

' T 2 e LLVj < zk} monotonically increases to the sgt;, > C;,Vj < ix}. Taking limit
iy

s —1lon both sides of (26), we obtain
1> lim Pr{C}, > Cny), VI €I|E = e}
e 1
eEN

> Pr{C;, >C;,Vjéi Vi, €i| E = e} 27)
i€z

= ZPY{CZ',C > C(NO),Vik i} =1
i€z
Hence,Pr{Cr, > C(n,),VIx € I|E = e} — 1. That is, for anye > 0, there existsa > 0 such that

& <l+a(ie, 22 < a) implies Pr{Cy, < C(n,11), foranyl; € I|E = e} < e. Hence, we obtain

Lemma 1. LI1]
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Lemma 2: If DPLM is employed, then for any fixed 0, there exists? > 0 independent

of the initial energy&, such that
Pr{Emax - Emin > 6} <, ngu (28)

where Pr{E..x — Emin > [} IS the probability that the dynamic rangB,.x — Funin Of
sensor residual energids at the beginning of a randomly chosen data collection is tgea

than .

Proof: The probability thatF,,.x — Emin > (4 0ccurs in a randomly chosen data collection is given by

M . . .
of data collections whe,,,,x — Fmin in the m-th trial
Pr{Emax — Buin > f} 2 lim Lm=1 # - >0 m
M —o0 Zm:l L(m)
_ E[# of data collections whet/,;,.c — Enin > 3 in a lifetimg
B E[# of data collections in a lifetinje

™

< 22 Pr{FEmnax — Emin > [ €ver occurs in a lifetimg

o

(29)
The second equation in (29) is obtained by the strong lawrgklaumbers (SLLN). LeE’ = (E1,..., EYy)
be the network energy profile at the end of a data collectian starts withE. Since the energy consumed
in a data collection is upper bounded By and a sensor transmits at most once in a data collection, the
dynamic rangeF,..x — Fmin Of the network energy profile increases at mégtfrom the beginning to the

end of a data collection,e., £’

max

— E' . < Fnax — Buin + 4. Hence, if the dynamic rangB.x — Eumin

exceeds a fixed(> &,) in a lifetime, then there have been at Ie@éﬂ — 1 data collections at the end of

which the dynamic ranges increade/(,. — F! ... > Emax — Emin) given that these data collections start with

Emax - Emin > 5‘u

Next, we show that the probabiliyr{ E/ .. — E/ i, > EFmax — Fmin | Emax — Emin > &} €an be bounded

ax
by a numberg < 1 independent of the energy profile and the initial energy. wetconsider the following
event: ) denotes the event that the sensor with the most residuadetigy.. has theNy-largest channel
realization in the first transmission slot. When evénhoccurs andE,,.x — Ewnin > £, the sensor with the
most residual energy will be chosen by DPLM for transmissaoi it will consume the most transmission
energy in this data collection. Hence, when ev@rttappens, the dynamic range of the energy profile will not
increase at the end of this data collectioe.( E/ . — El i, < Emax — Emin) given that this data collection

starts with B . — Enin > £, Since channel gains are i.i.d. across transmission sh@scan show from
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(29) that

Pr{Emax - Emin > ﬁ}

S (;:.—u [PI’{E;naX - Erlnin > Emax - Emin | Emax - Emin > gu}] L%J_l
< 21— pefy L] (30)
< Eu [1— min Pr{C; = C'(NO)}]LEJ71

SincePr{C; = C(n,)} > 0 for everyi € {1,..., N}, there exists; < 1 independent of the energy profile
and the initial energy. For fixedl,, and&., the upper bound in (30) approaches 0gas> oo. Hence, for any
e > 0, there exists? > 0 independent of, such thatPr{E,,.x — Emin > 8} < € holds for all&;. Lemma 2

follows. [(1TT]
Lemma 3: Suppose that channel fading is i.i.d. across sensbDPLM is employed,

then for any finite fixed > 0, we have
glim Pr{Fmin < k} =0, (31)

wherePr{ E,;, < k} is the probability that the least residual energy,;, at the beginning

of a randomly chosen data collection drops belew
Proof: Fix ¢ > 0 andx > 0. Applying Lemma 2, we can show that there exists> 0 such that

Pr{Emax — Enin > 6} < % Hence,

Pr{Emax > K+ ﬁ; Emin S ’i} S Pr{Emax - Emin > 6} < % (32)

Similar to (29), we can show that the probability that the tmesidual energy,,,.x at the beginning of

a randomly chosen data collection drops below (3 is given by

E[# of data collections whel,,,x < k + [ in a network lifetimé

Pr{Fmax < K+ 0} = E(L]

(33)

From (23) and (24), we can see that whep., < « + (3, there are at mos@% data collections left in a

network lifetime, and hence (33) can be bounded as

N(k+ () No&u [(m + B)gu} 1
Nof. N& & &

Pr{Emax < k+ (8} < (34)

Hence, there exist§; such thatPr{Ey,.x <~ + #} < § and we can obtain that

Pr{Fmax < &+ B, Emin < £} < Pr{Epnax < K+ 6} < %, V& > & . (35)
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Combining (32) and (35), we obtain that for aéy > &,

Pr{Fmin < £} =Pr{Fnax > £+ B, Emin < £} + Pr{Enax < £+ 8, Bmin < k} <, (36)

which completes the proof of Lemma 3. (LT

Lemma 4: The ratid@% between the expected wasted endigi"™"| of DPLM and

w

the sensor initial energy, approaches zero as§, approaches infinity, i.e.,

&I)iinoo HET%PLW = 0. (37)

Proof: LetE’ be the network energy profile at the end of the last valid dali@ation. Without loss of
generality, we assume thal > ... > E,. From (2), the wasted energy,, in the network can be bounded
as

N
E, =Y E, <NEj{=NE}y+ N(E| — Ey). (38)
n=1

Since a sensor consumes at mégtenergy in a data collection, the least enetgy in the network must
be less thar€,: E}, < &, (otherwise, at least one more data collection can be camigd Hence,E,, <
N(&E, + Ef — Ely).

From (30), we obtain that
Pr{E] — E)y > 8} < Pr{E] — E)y > 3 ever occurs in a lifetimp < glewi-t, (39)

Fix e > 0. Sinceq < 1, there exists? independent of, such thatPr{E£] — Ey > 3} < 5. Let&y = @

Noting thatE,, < N[&, + 5] given E] — E}, < 3, we have, for anyt, > &},

DPLM
BB b - By > ;)50 4 pef) -y < gy e AL e (40)
&o &o &o
Sincee is arbitrary, (37) follows. [(1TT]

APPENDIX E: PROOF OFPROPERTY 4

Under the unconstrained formulation, since all sensorsaatwe, every data collection
only consists of one transmission slog(, the first one). Hence, the minimum expected
energy consumed in a data collection is given by (13), wheoh lse achieved by the pure

opportunistic protocol.



TECHNICAL REPORT TR-06-01UC DAVIS MAY 2006. 32

Under the constrained formulation, we notice that when t®vark approaches the end
of its lifetime, there may be less thak, active sensors in the first transmission slot. In
this case, the inactive sensors in the first transmissionvegilb wait for better channel
realizations to transmit and hence, the energy consumedtisndata collection will be
smaller thanVy&,. + zifgl % Hence, we partition a network lifetime into two segments.
In the first segment, we havg,;, > &,, where&, is the upper bound on the sensor energy
consumption in a transmission slot, thus all sensors areeaict the first transmission slots
of these data collections. The expected energy consumgfibp | .., > £,] of any MAC
protocol in this segment is then lower bounded &y;,. In the second segment, we have
ELin < &,; there may be inactive sensors in the network when chanaktaéons are poor.
The expected energy consumptiBiF,, | Fni, < &,| achieved by some MAC protocols in
this segment can be less thép;,,. Since the energy consumption in any data collection is

upper bounded bw,&,, we obtain that, for any MAC protocol,
Emin — E[Etz] =(Emin — E[Etz|Emin > Eu]) Pr{Emin > Eu}
+ (Emin — ElBra| Bmin < £4)) Pr{Bmin < £u} (41)
<NoEy Pr{Emin < £u}.

Taking lim supg, ., on both sides of (41) and applying Lemma 4, we obtain

lim inf E[FE:;] > Emin- (42)

£o—c0
Sinceé,,;, can be achieved asymptotically by DPLM (see P5.1), we olRdind.

Applying (14) to the lifetime formula given in (3) and notig that the expected wasted
energyE[E,,] is non-negative, we obtain an upper bound on the asymptaticat which
the optimal expected network lifetini&{ L] increases witt€, which is given in (15). The

achieveability of this maximum lifetime increase rate i®wh by P5.2.

APPENDIX F: PROOF OFPROPERTY 5

To show P5.1, we also consider the two-segment partitiorheflifetime as explained
in Appendix E. WhenE,;, > &,, the energy consumptioh?™" of DPLM in any data

collection differs from that of the pure opportunistic apgch if the channel realization of
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any chosen sensor is worse than fligth best channel realizations. Whéh,;, < &,, the
difference betweert??™ and that of the pure opportunistic approach is bounded abgve
No&,, where&, is the maximum sensor energy consumption in a transmissanHence,

we obtain that

[E[ERF™) = Emin| <NoEu Pr{Cr, < Ciny41), for any I, € I}

(43)
+ Nou Pr{Emin < Eu}-
Lemma 3 shows that for any> 0, there exist§(§1) such that
Pr{Emin < Eu} <€, V& > &Y. (44)

On the other hand, there exisis> 0 independent of the initial energs, such that (25)

holds. Hence,
Pr{Cy, < Cny+1), foranyI, € I}

Emax - Emin Emax - Emin
< pr{cfk < g, for any Iy € 1 ‘ B = Bin a} +pr{7 > a}

Emin Emin
Emax - Emin
< Pr{— >
<e+ r{ B > a}
Emax - Emin
Emin

(45)
<e+ PI‘{ > aaEmin > ’{} + Pr{Emin < H}

< e+ Pr{Fmax — Emin > ak} + Pr{Fnin <k}, Vk>0.
According to Lemma 2, there exists> 0 such thatr { E\,.x — Fnin > ak} < e. Applying

this k and Lemma 3 to (45), we obtain
Pr{Cr, < Cnyi1), for any I, € I} < 2¢ + Pr{Bmin < k} <3¢, V& > &, (46)

where the existence (ﬂéz) is proven in Lemma 3.
Applying (44) and (46) to (43) yields

IE[EPP™M] — Epin| < ANoEye, V& > max{&\", &P} (47)

P5.1 follows from (47) since is arbitrary and€, and IV, are fixed.
To show P5.2, we write the rate at which the expected lifetibfg®"'| achieved by

DPLM increases with the initial energy:

E[LDPLM] B E[E,BPLM] N
= e )



TECHNICAL REPORT TR-06-01UC DAVIS MAY 2006. 34

Taking limit & — oo and applying P5.1 and Lemma 4 to (48), we obtain

. E[LDPLM] B N
Jm == (49)
P5.2 follows from (49) and P4.2.
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