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Abstract

This report addresses the design of distributed medium access control (MAC) protocols for

wireless sensor networks under the performance measure of network lifetime. Integrated in the

design of MAC schemes are two key physical layer parameters:the channel state and the residual

energy of each sensor. The impact of incorporating these parameters in MAC design on network

lifetime is studied. Furthermore, we show that a lifetime-maximizing protocol should dynamically

trade off the channel state information (CSI) and the residual energy information (REI) according

to the age of the network. Specifically, lifetime-maximizing protocols should be more opportunistic

by prioritizing sensors with better channels for transmission when the network is young and more

conservative by favoring sensors with more residual energies when the network is old. Following

this general design principle, we propose a dynamic protocol for lifetime maximization (DPLM)

that exploits both CSI and REI. Analytical results are provided to demonstrate the dynamic property

and the asymptotic optimality of DPLM.

Index Terms

Wireless sensor network, distributed protocol, medium access control, opportunistic transmis-

sion, network lifetime, energy efficiency, cross-layer design.
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I. INTRODUCTION

A. An Integrated Approach to Energy-Aware Medium Access

One of the critical operations in wireless sensor networks (WSNs) is the information

retrieval process in which sensor measurements are collected by access points (APs) to be

used by the end user. In applications that involve mobile APs[1]–[3], a mobile AP initiates a

data collection process by broadcasting beacon signals to activate sensors. Activated sensors

then transmit, according to a medium access control (MAC) protocol, their measurements

directly to the AP through a common wireless channel (see Fig. 1).

Fig. 1. Sensor network with mobile access point.

In the conventional layered approach, MAC protocols are designed with minimal input

from the physical (PHY) layer. The PHY layer is treated as a black box in which nodes

are indistinguishable. Starting to gain recognition in thesignal processing and the commu-

nications societies is the viewpoint that the layered network architecture, fundamental to

the success of general purpose communication networks, mayin fact be a hindrance to the

efficiency of application-specific sensor networks [4]–[6].

In this paper, we take a cross-layer approach to medium access for network lifetime

maximization. We demonstrate that to achieve an efficient use of limited energy resources,

MAC design should be based upon a PHY layer model that captures diversities among
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nodes. We show that protocols exploiting dependencies between the MAC and the PHY

layers offer improved performance in energy efficiency.

B. Contribution and Organization

Distributed MAC protocols that allow each individual sensor to determine whether it

should transmit based on its own state are generally preferred due to their scalability, reduced

overhead, and robustness against node failures. In this paper, we focus on the design of

distributed MAC protocols. We aim to address the following three issues: (1) what PHY

layer parameters should be exploited in MAC design for network lifetime maximization; (2)

how to use these parameters in MAC protocols; (3) how to implement MAC protocols that

integrate PHY layer parameters in a distributed fashion.

After the problem statement in Section II, we focus on the first issue in Section III. Based

on a general formula for network lifetime developed in [7], we identify two key PHY layer

parameters that affect the network lifetime: the channel state and the residual energy of each

individual sensor. We study the impact of exploiting these two parameters in MAC design

on the network lifetime.

In Section IV, we address the second issue. We show that lifetime-maximizing protocols

should dynamically trade off the channel state information(CSI) and the residual energy

information (REI) according to the age of the network. Specifically, optimal MAC protocols

should be more opportunistic by prioritizing sensors with better channels for transmission

when the network is young and more conservative by favoring sensors with more residual

energy when the network is old. Following this general design principle, we propose a

dynamic protocol for lifetime maximization (DPLM) that exploits both CSI and REI. As a

consequence of the dynamic nature, DPLM is asymptotically optimal in network lifetime

when channel fading is independently and identically distributed (i.i.d.) across transmission

slots. That is, the relative performance loss of DPLM as compared 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 idea of opportunistic carrier

sensing [8], we propose a distributed implementation of MACprotocols that exploit PHY

layer parameters. Specifically, we address how to schedule sensors with the desired property

using only local information on their PHY layer parameters.Simulation examples are

presented in Section VI, and the paper is concluded in Section VII.

C. Related Work

As shown in [9], energy-efficient design can be formulated asan unconstrained or a

constrained optimization problem. In the former, the design objective is to either minimize

the energy consumption rate or maximize the number of transmitted information bits per

Joule under an implicit assumption that each sensor has an infinite amount of energy. Knopp

and Humblet [10] showed that the optimal transmission scheme for maximizing the sum

capacity under an average power constraint is to enable onlythe node with the best channel

for transmission. It is shown in [8] that this opportunistic(with respect to the channel state)

strategy is also optimal in energy efficiency measured in information bits per Joule when

the cost in channel acquisition is negligible. Exploiting CSI appears to be the key to the

unconstrained energy efficiency [11]–[13].

On the other hand, the constrained formulation of energy-efficient design aims at max-

imizing the network lifetime under the assumption that eachnode has a finite amount of

energy. In this case, REI plays an important role in the design of lifetime-maximizing

protocols. Various energy-aware routing and transmissionprotocols that exploit REI have

been proposed and studied [14]–[19].

Sensor network lifetime has been studied for different network applications. In the exten-

sive list of papers [7], [20]–[23] dealing with lifetime analysis, [7] develops a general law

that governs sensor network lifetime for all applications,under any network configuration,
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and with an arbitrary lifetime definition. In this paper, we obtain general design principles

from the lifetime formula given in [7] and develop lifetime-maximizing distributed MAC

protocols.

D. Notations

The following notations will be adopted throughout the paper. Vectors are denoted by

boldfaced letters. Random variables (RVs) and their realizations are denoted by capital and

small letters, respectively. The expectation of an RVX is denoted byE[X]. Then-th largest

element ofN RVs{Xi}
N
i=1 is denoted byX(n). Let 1[x] denote the indicator function:1[x] = 1

if x is true and 0 otherwise.

II. PROBLEM STATEMENT

A. Network and Radio Model

We consider a demand-driven WSN withN nodes and an AP (see Fig. 1). The AP

initiates each data collection in whichN0 (1 ≤ N0 ≤ N) out of N sensors are chosen

to transmit their measurements directly to the AP through a fading channel. The number

N0 of sensors required to be chosen is determined by the underlying application and the

QoS requirement of the network. Due to spatial correlation among sensor measurements,

we generally haveN0 ≪ N . The network model described above has application in field

estimation. For example, consider a network 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 collectmeasurements from anyN0

out of N sensors, where the numberN0 of samples is determined by the desired estimation

performance (e.g.,mean-square-error).

Each sensor’s measurement is encoded in a fixed-size packet.We consider bandwidth-
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unlimited applications1 where the chosenN0 sensors can transmit their packets simulta-

neously in a transmission slot using standard multi-accesstechniques such as frequency

division multiple access (FDMA) or code division multiple access (CDMA).

The channels between the AP and the sensors follow a block fading model with block

length equal to the transmission slot. That is, the channel realizations remain unchanged

over each transmission slot. LetC
∆
= (C1, . . . , CN), whereCi is the channel gain of sensor

i, denote the channel state in a transmission slot. Due to the presence of small-scale fading,

channel gainCi is an RV and its meanE[Ci] depends on the path loss from sensori to the

AP. The energyE(i)
tx required for sensori to successfully transmit its measurement to the

AP in a transmission slot can be modeled by

E
(i)
tx = Ec +

1

Ci

(1)

whereEc is the energy consumed in the transmitter circuitry. Note that we have normalized

all energy quantities by the received signal energy required to achieve the targeted SNR at

the AP. Clearly, the better the channel gainCi, the less the transmission energyE
(i)
tx .

B. Lifetime Definition

We assume that each sensor is powered by a non-rechargeable battery with initial energy

E0. Let E
∆
= (E1, . . . , EN), whereEi is the residual energy of sensori, denote the network

energy profile at the beginning of a transmission slot. Note that residual energyEi is an RV

depending on the channel realizations of sensori when it was chosen for transmission.

At the beginning of a transmission slot, a sensor can be in oneof the following four states:

dead, ineligible, inactive, and active. A sensor is considereddeadif its residual energy drops

below the transmitter circuitry consumption,i.e., Ei ≤ Ec. In other words, it does not have

enough energy for transmission under any channel condition. A living sensor is considered

1Bandwidth-limited applications where only one sensor can transmit in each transmission slot have been considered in

[24].
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ineligible if it has already successfully transmitted its packet to theAP in one of the previous

transmission slots of the current data collection. An eligible sensor is consideredinactive if

it does not have enough residual energy for the current transmission,i.e., Ec ≤ Ei < E
(i)
tx .

An eligible sensor is consideredactive if it has sufficient residual energy for the current

transmission,i.e., Ei ≥ E
(i)
tx = Ec + 1

Ci
.

Recall that the AP needs to collect measurements fromN0 sensors in each data collection.

If there are more than or equal toN0 active sensors in the first transmission slot of a data

collection, the AP will chooseN0 sensors for transmission2 and then completes this data

collection. Otherwise, the AP has to initiate a new transmission slot to collect the remaining

measurements until totalN0 measurements are collected. In this case, a complete data

collection may consist of multiple transmission slots. We define network lifetimeL as the

number of complete data collections until the number of deadsensors in the network reaches

a certain thresholdNT (1 ≤ NT ≤ N).

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

wasted energy can be written as

Ew =

N∑

i=1

Ei(L), (2)

whereL is the number of data collections completed during the network lifetime, andEi(L)

is the network energy profile at the end of theL-th data collection.

Realizing that sensors experience different channel fading and have different residual

energies, we seek the answer to the following question: which set of sensors should transmit

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

III. T WO KEY PHY LAYER PARAMETERS: CSI AND REI

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

in MAC design for network lifetime maximization. Using the law of lifetime developed in

2We assume that an active sensor must transmit its packet to the AP if it is chosen.
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[7], we identify two key PHY layer parameters that affect thenetwork lifetime: the channel

state and the residual energy. We then study the individual impact 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 expected network lifetime E[L] which

holds independently of the underlying network model including network architecture, data

collection initiation, lifetime definition, channel fading characteristics, and energy consump-

tion model. Applying this lifetime formula to the current network setting, we obtain the

expected network lifetime as

E[L] =
NE0 − E[Ew]

E[Etx]
(3)

whereE[Ew] is the expected wasted energy over the whole network (see (2)) and E[Etx]

is the total expected energy consumed in a randomly chosen data collection3. Note that

E[Etx] includes the energy consumed by allN0 chosen sensors in the randomly chosen data

collection.

From (3), we find that reducingE[Etx] and E[Ew] leads to prolonged network lifetime.

This observation will help us to identify the key PHY layer parameters that affect the network

lifetime.

3ConsiderM i.i.d. trials, i.e., the network is deployedM times sequentially with identical settings. LetL(m) be the

network lifetime in them-th trial andEtx(m,k) the energy consumption in thek-th data collection of them-th trial, where

1 ≤ k ≤ L(m). Consider a data collection chosen with equal probability from the total
∑M

m=1L(m) data collections. The

expected energy consumptionE[Etx] in this randomly chosen data collection is defined as

E[Etx]
∆
= lim

M→∞

∑M

m=1

∑L(m)

k=1 Etx(m, k)
∑M

m=1 L(m)
, (4)

i.e., E[Etx] can be viewed as the time average (over an infinite horizon) ofthe total 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 consumption decreases with the channel

gain of the chosen sensor. Hence, to reduce the expected energy consumptionE[Etx] in a

data collection, MAC protocols should exploit CSI by favoring sensors with better chan-

nel realizations for transmission. In Fig. 2(a), we study the expected energy consumption

E[Etx] of the pure opportunistic protocol that chooses active sensors with the best channel

realizations in each transmission slots. Compared to a layered approach to MAC design that

ignores the diversities at the PHY layer and chooses active sensors randomly in each data

collection, the pure opportunistic protocol offers significant reduction inE[Etx] by exploiting

the channel diversity among sensors. As the numberN of sensors increases, the expected

transmission energy of the pure opportunistic protocol decreases while that of the layered

approach increases.
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(a) The impact of using CSI.
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(b) The impact of using REI.

Fig. 2. The individual impact of using CSI and REI on network lifetime in i.i.d. Rayleigh fading channel.N0 = 1

(number of sensors to be chosen in each data collection),E0 = 5 (initial energy of each sensor),E[Ci] = 1 (mean of the

channel gain) for alli, Ec = 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 energyE[Ew], MAC protocols

should balance the energy consumption among sensors. At theend of the last data collection,

sensors that are still alive should have minimal energy left. This requires the use of REI

in scheduling. One intuitive way of exploiting REI is to schedule active sensors with the

most residual energies in each data collection. In Fig. 2(b), we compare the expected wasted

energy of this pure conservative protocol with that of the layered approach. Capturing the

diversity among sensor residual energies, the pure conservative protocol reduces the expected

wasted energy in the network. The performance gain of the pure conservative protocol over

the layered approach increases with the number of sensors.

IV. EXPLOITING BOTH CSI AND REI FOR L IFETIME MAXIMIZATION

In Section III, we have shown in (3) that the expected networklifetime E[L] is a decreasing

function of the expected wasted energyE[Ew] and the expected energy consumptionE[Etx]

in a randomly chosen data collection. This observation has led to the identification of two key

PHY layer parameters (the channel state and the residual energy) that should be exploited in

MAC design for network lifetime maximization. Specifically, to reduceE[Etx], sensors with

better channel realizations should be scheduled for transmission. To reduceE[Ew], sensors

with more residual energies should be favored in order to balance the energy consumption

among sensors.

Realizing that channel realizations are independent of theresidual energies (the sensor

with better channel may have less residual energy), we address in this section the second

issue: how to exploit both CSI and REI in MAC design for lifetime maximization. The design

focus is the optimal tradeoff between CSI and REI. To maximize the network lifetime, MAC

protocols should strike a balance between reducingE[Etx] and reducingE[Ew] by taking

into account both channel states and residual energies of individual sensors.
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A. Problem Formulation

To formulate the problem of exploiting both CSI and REI in MACdesign, we introduce

the concept of energy-efficiency index. At the beginning of atransmission slot, the energy-

efficiency indexγi of sensori with channel gainsCi and residual energyEi is defined

as

γi = g(Ci, Ei), (5)

whereg is a real-valued function. Theactive sensors with the largestL energy-efficiency

indices are then scheduled for transmission, whereL (1 ≤ L ≤ N0) is the number of

additional measurements required to complete the current data collection. The problem of

exploiting CSI and REI in MAC design is thus reduced to the design of the functiong.

For example, for the pure opportunistic protocol that enables active sensors with the best

channels, we haveγi = Ci. Similarly, γi = Ei 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 definition of energy-efficiency

index, i.e., γi = gk(Ci, Ei) wherek denotes thek-th data collection. In this paper, however,

we focus on time-invariant functiong for its ease of implementation. We show in Section

IV.C that protocols defined by a time-invariant energy-efficient 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 maximization. Referred to as the max-min

protocol, it uses an energy-efficiency index defined as

γi = Ei −
1

Ci

. (6)

From (1), we see that the energy-efficiency index given in (6)is essentially (differs by a

constantEc) the residual energy of sensori after it transmits in the current transmission slot.
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The energy-efficiency index defined in (6) ensures that the scheduled active sensors must

have the largest energy-efficiency indices among the set of eligible sensors. Below, we give

an analytical characterization of the greedy and the staticnature of the max-min protocol.

Property 1: The Greedy Nature of the Max-Min Protocol

Given the network energy profileE = e, the numberL = l of additional measurements

required to complete the current data collection, and the set A = A of eligible sensors at

the beginning of a transmission slot, the max-min protocol

P1.1 maximizes the minimum residual energy in the network atthe end of this transmission

slot.

P1.2 minimizes the probability that the network dies at the end of this transmission slot.

Proof: See Appendix A.

Note that P1.1 holds for any realization of the channel stateC while P1.2 is based on the

probability space given byC. P1.2 shows that the max-min protocol, exploiting both CSI

and REI, is a greedy approach to lifetime maximization. In other words, if the max-min

protocol cannot keep the network alive at the end of a transmission 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 energy
∑N

i=1 Ei in the network.

Specifically, given the network energy profileE = e, the numberL = l of additional

measurements required to complete the current data collection, and the setA = A of

eligible sensors at the beginning of a transmission slot, wehave,∀ǫ > 0,

Pr{CIk
≥ Cj , ∀j ∈ A\I, ∀Ik ∈ I |E = e, A = A, L = l}

= Pr{CIk
≥ Cj, ∀j ∈ A\I, ∀Ik ∈ I |E = e + ǫ, A = A, L = l}, (7a)

Pr{eIk
≥ ej, ∀j ∈ A\I, ∀Ik ∈ I |E = e, A = A, L = l}

= Pr{eIk
≥ ej, ∀j ∈ A\I, ∀Ik ∈ I |E = e + ǫ, A = A, L = l}, (7b)
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whereI = (I1, . . . , Il) are the sensors that have the largestl energy-efficiency indices defined

in (6) among those eligible sensors inA, Pr{CIk
≥ Cj, ∀j ∈ A\I, ∀Ik ∈ I |E = e, A =

A, L = l} and Pr{eIk
≥ ej , ∀j ∈ A\I, ∀Ik ∈ I |E = e, A = A, L = l} denote, respectively,

the conditional probabilities that the chosen sensorsI
∗ have the best channel realizations

and the most residual energies among those eligible sensors.

Proof: See Appendix B.

Property 2 shows that with the max-min protocol, the probabilities of scheduling the

sensor with the best channel realizations and the most residual energies are invariant to a

uniform change (ǫ) in the residual energy profileE. Since a uniform decrease inE leads

to a decrease in the total energy in the network which can be viewed as a measure of the

network age (the smaller the total energy, the older the network), Property 2 reveals that

the max-min protocol is static with respect to the network age. The weight of CSI over REI

(and vice versa) remains the same over the span of the networklifetime. We show in the

following section that a lifetime-maximizing protocol should dynamically trade off CSI and

REI according to the age of the network. The lack of adaptation to the network age limits

the performance of the max-min protocol. By contrasting themax-min protocol with the

dynamic protocol proposed in Section IV-C and comparing their performance in Section V,

we demonstrate the importance of and the significant gain resulted from the adaptability of

a MAC protocol to the network age.

C. A Dynamic Protocol for Lifetime Maximization (DPLM)

1) A General Design Principle:To obtain the optimal trade off between CSI and REI,

we resort to the law of lifetime given in (3). Consider first the expected energy consumption
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E[Etx] in a randomly chosen data collection. It is shown in [7] thatE[Etx] can be obtained4 by

averaging the expected energy consumptionE[Etx(k)] consumed in thek-th data collection

over the randomly chosen data collection indexK:

E[Etx] = EK{E[Etx(K)]}, (9)

where EK{·} denotes the expectation overK. Note that the probability mass function

Pr{K = k} decreases with the data collection indexk [7]. This observation leads to the

conclusion that the energy consumed at the early stage of thenetwork lifetime carries more

weight. Thus, reducing the energy consumptionE[Etx(k)] in the k-th data collection is

crucial whenk is small (i.e., when the network is young). On the other hand, the wasted

energyEw only depends on the sensor residual energies when the network dies (see (2)).

Hence, maintaining small dispersiveness of sensor residual energies is only crucial when

the network is approaching the end of its lifetime.

The above discussion suggests that a lifetime-maximizing protocol should be adaptive

with respect to the network age. Specifically, MAC protocolsshould be more opportunistic

by favoring sensors with the better channels (focusing on reducingE[Etx]) when the network

is young and more conservative by favoring sensors with moreresidual energies (focusing

on reducingE[Ew]) when the network is old. We see here an intuitive connectionbetween

extending network lifetime and the retirement-planning strategy. When we are young, we can

afford to be more aggressive, putting retirement savings torelatively more risky investments.

As we age, we become more conservative.

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

E[Etx] = lim
M→∞

∑maxL

k=1

∑M

m=1 Etx(m, k)1[k≤L(m)]
∑M

m=1 L(m)

=

max L∑

k=1

lim
M→∞

∑M

m=1 Etx(m, k)1[k≤L(m)]
∑M

m=1 1[k≤L(m)]
︸ ︷︷ ︸

=E[Etx(k)]

lim
M→∞

∑M

m=1 1[k≤L(m)]
∑M

m=1 L(m)

︸ ︷︷ ︸

=Pr{K=k}

,
(8)

wheremax L = NE0
Ec

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 dynamic MAC

protocol that adaptively trades off CSI with REI according to the age of the network.

Referred to as DPLM, the proposed protocol selects active sensors whose current channel

realizations demand the least portions of their residual energies for the transmission. The

energy-efficiency index of DPLM is defined as

γi =
Ei

E
(i)
tx

=
Ei

Ec + 1
Ci

. (10)

Note that the energy-efficiency index defined above in (10) ensures that the scheduled active

sensors must have the largest energy-efficiency indices among the set of eligible sensors.

Before investigating the properties of DPLM in a general setting, let us first consider a

simple example to gain some intuitions on the dynamic natureof DPLM. Consider a network

with two sensors and one of them needs to be chosen in each datacollection. Suppose that

the network energy profile at the beginning of a data collection give by E = (e1, e2).

Without loss of generality, we assume thate1 > e2. The absolute dispersiveness between

sensor residual energies is given by∆ = e1 − e2. It can be readily shown from (10) that

sensor 2, the one with less energy, is selected if and only if it has larger energy-efficiency

index, i.e.,

γ2 > γ1 ⇒
C2 − C1

C1C2Ec + C2

>
∆

e1

. (11)

Hence, for a given difference∆ in the residual energies, the relative improvement in channel

condition required for selecting the sensor with less residual energy decreases withe1, which

is a measure of the network age since the total network energyis given by2e1−∆. Consider

the following two extreme cases. Whene1 approaches infinity, we havelime1→∞
∆
e1

= 0

and the condition (11) reduces toC2 > C1. That is, when there is plenty of energy in the

network (the network is young), DPLM acts like the pure opportunistic protocol by selecting

the sensor with the best channel. On the other hand, whene1 approaches zero (the network

is old), we havelime1→0
∆
e1

= ∞ and the condition (11) holds with probability 0; DPLM
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puts more weight on REI by selecting the sensor with the most residual energy (specifically,

sensor 1). Property 3 gives an analytical characterizationof the dynamic nature of DPLM.

Property 3: The Dynamic Nature of DPLM

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

total energy
∑N

i=1 Ei in the network. Specifically, given the network energy profileE = e, the

numberL = l of additional measurements required to complete the current data collection,

and the setA = A of eligible sensors at the beginning of a transmission slot,we have,

∀ǫ > 0,

Pr{CIk
≥ Cj , ∀j ∈ A\I, ∀Ik ∈ I |E = e, A = A, L = l}

≤ Pr{CIk
≥ Cj, ∀j ∈ A\I, ∀Ik ∈ I |E = e + ǫ, A = A, L = l}, (12a)

Pr{eIk
≥ ej , ∀j ∈ A\I, ∀Ik ∈ I |E = e, A = A, L = l}

≥ Pr{eIk
≥ ej , ∀j ∈ A\I, ∀Ik ∈ I |E = e + ǫ, A = A, L = l}, (12b)

whereI = (I1, . . . , Il) are the sensors that have the largestl energy-efficiency indices defined

in (10) among those eligible sensors inA, Pr{CIk
≥ Cj , ∀j ∈ A\I, ∀Ik ∈ I |E = e, A =

A, L = l} and Pr{eIk
≥ ej , ∀j ∈ A\I, ∀Ik ∈ I |E = e, A = A, L = l} denote, respectively,

the conditional probabilities that the chosen sensorsI
∗ have the best channel realizations

and the most residual energies among those eligible sensors.

Proof: See Appendix C.

Property 3 shows that the probability of choosing sensors with the best channels increases

while the probability of choosing sensors with the most residual energies decreases with the

total residual energy in the network. In other words, when the network is young, DPLM is

more likely to choose the sensors with the best channels to reduce the transmission energy.

When the network grows old, DPLM becomes more conservative in order to reduce the

wasted energy when the network dies.
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3) The Asymptotic Optimality of DPLM:When channel fading is i.i.d. across transmission

slots, the optimal MAC protocol under the unconstrained formulation is the pure opportunis-

tic protocol which enables the active sensors with the best channel realizations to transmit

[8], [10]. One would expect that the optimal MAC protocol under the constrained formulation

approaches the pure opportunistic protocol when the constraint on the initial energy becomes

less restrictive,i.e., E0 → ∞. In Property 4, we prove this statement and characterize the

maximum rate at which the network lifetime increases with the initial energyE0. We then

show in Property 5 that DPLM is asymptotically optimal. Specifically, in the asymptotic

regime, DPLM approaches the pure opportunistic protocol and its relative 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.i.d. across transmission slots.

P4.1 Under the unconstrained formulation, the expected total energy consumption of the

pure opportunistic protocol in a data collection is given by

Emin
∆
=N0Ec +

N0∑

n=1

E

[
1

C(n)

]

(13)

whereC(n) is then-th largest element of channel gains{Ci}
N
i=1.

The optimal MAC protocol in terms of network lifetime approaches the pure op-

portunistic protocol as the initial energy goes to infinity.Specifically, the asymptotic

expected total energy consumptionE[Eopt
tx ] of the optimal MAC protocol in a randomly

chosen data collection is given by

lim
E0→∞

E[Eopt
tx ] = Emin. (14)

P4.2 The asymptotic lifetime increase rate achieved by the optimal MAC protocol is given

by

lim
E0→∞

E[Lopt]

E0
=

N

Emin
. (15)

Proof: See Appendix E for details.
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Property 5: The Asymptotic Optimality of DPLM

Assume that the channel gains are bounded below and i.i.d. across transmission slots. In

the asymptotic regime (E0 → ∞),

P5.1 DPLM approaches the pure opportunistic protocol. Specifically, the expected energy

consumptionE[EDPLM
tx ] of DPLM in a randomly chosen data collection approaches

Emin, which is defined in(13):

lim
E0→∞

E[EDPLM
tx ] = Emin. (16)

P5.2 DPLM is asymptotically optimal. Specifically, the relative performance loss of DPLM

as compared to the optimal lifetimeE[Lopt] diminishes with the initial energy:

lim
E0→∞

E[Lopt] − E[LDPLM]

E[Lopt]
= 0, (17)

whereE[LDPLM] denotes the lifetime achieved by DPLM.

Proof: The proof of Property 5 is built upon Lemmas 1 - 5 developed in Appendix

D. See Appendix F for details.

V. D ISTRIBUTED IMPLEMENTATION

In this section, we address the last issue: how to implement,in a distributed fashion, a

MAC protocol that uses physical layer parameters, specifically, the channel state and the

residual energy. We seek implementations that allow each sensor to determine whether to

transmit based on its own energy-efficiency index.

Here, we provide a possible solution based on the opportunistic carrier sensing scheme

first proposed in [25]. The basic idea is to incorporate the local information (i.e., the energy-

efficiency index) of each sensor into the backoff strategy ofcarrier sensing. This opportunis-

tic carrier sensing scheme provides a distributed solutionto the general problem of finding

the global maximum or minimum. Let us consider the case whereN0 orthogonal codes are

available and the chosen sensors transmit simultaneously using CDMA. We partition each
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transmission slot into two segments: carrier sensing and data transmission. During carrier

sensing period, sensors with the largestL (the number of additional measurements required to

complete the current data collection) energy-efficiency indices are chosen and the orthogonal

codes are distributed among these chosen sensors. Specifically, at the beginning of each

transmission slot, the AP broadcasts a beacon signal to activate and synchronize all eligible

sensors in the network. Sensors that have already transmitted in previous transmission slots

do not need to participate in the remaining slots of this datacollection. Upon receiving the

request, each eligible sensor estimates its channel gainsCi and calculates the predefined

energy-efficiency indexγi based on its own channel gainCi = ci and/or residual energy

Ei = ei. Then, every active sensor maps its ownγi to a backoff timeτi based on a

predetermined strictly decreasing functionf(γ) and listens to the channel. Note that inactive

sensors will not participate and can turn off their transceivers until the next transmission slot.

The active sensori will transmit a short beacon signal with its chosen backoff delay τi if

and only if less thanL beacon signals have been transmitted before its backoff time expires.

According to the order of these beacon signals, each active sensor that has transmitted a

beacon signal can obtain one of the orthogonal codes. Duringdata transmission period,

the chosenL sensors transmit using the different orthogonal codes and the other sensors

can turn off their electronics. Iff(γ) is chosen to be a strictly decreasing function of the

energy-efficiency indexγ as shown in Fig. 3, this opportunistic carrier sensing will ensure

that the active sensor with the largest energy-efficiency index maxi{γi} seizes the channel

under ideal conditions.

A collision-free implementation of opportunistic carriersensing relies on the following

ideal assumptions: (1) all sensors can hear each other; (2) the propagation delay among

sensors is negligible; and (3) sensors are synchronized. The first two assumptions are inherent

to any carrier sensing schemes to ensure collision-free while the third one is unique to the

opportunistic carrier sensing scheme.
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τ = f(γ)

τmax

τ2

τ1

γ2 γ1 γ

Fig. 3. Opportunistic carrier sensing.

VI. SIMULATION EXAMPLES

In this section, we compare the performance of several distributed MAC protocols via

simulations. For each network setup, we performM = 2000 Monte Carlo runs. The proposed

DPLM and max-min protocols are compared with the following three schemes: (1) the

layered approach which assumes that nodes are indistinguishable at the PHY layer; (2) the

pure opportunistic protocol which uses solely CSI; (3) the pure conservative protocol which

exploits only REI. We assume perfect carrier sensing unlessotherwise specified.

In the following figures, we assume thatN0 = 1, i.e., only one sensor is chosen in each

data collection. Assume that the transmitter circuitry consumption isEc = 0.01 and the

energy required for a sensor to estimate its channel realization is Ees = 0.001. Channel

fading is i.i.d. Rayleigh across transmission slots and across sensors with unit mean square.

That is, the channel gainCi follows an exponential distribution with meanE[Ci] = 1.

The threshold on the number of dead sensors isNT = 1, i.e., the lifetime is defined as the

number of data collections until any sensor in the network dies. We ignore the tail portion of

the network lifetime when sensors only have enough energy for exceptionally good channel

realizations. Specifically, a sensor is considered dead if it does not have enough energy for

transmission in99.995% of the time,i.e., Pr{ei < E + 1
Ci
} ≥ 99.995%.



TECHNICAL REPORT TR-06-01,UC DAVIS, MAY 2006. 21

0 20 40 60 80 100 120 140 160 180 200
0

500

1000

1500

2000

2500

Number of sensors N

E
xp

ec
te

d 
ne

tw
or

k 
lif

et
im

e

DPLM
Max−Min
Pure Opportunistic
Pure Conservative
Layered Approach

Fig. 4. The expected network lifetimeE[L] versus the numberN of sensors.N0 = 1 (number of sensors to be chosen

in each data collection),E0 = 5 (initial energy of each sensor),E[Ci] = 1 (normalized mean of channel gain) for alli.

A. Lifetime vs. Network Size

We first study the expected network lifetimeE[L] as a function of the numberN of

sensors. As shown in Fig. 4, the network lifetimeE[L] increases withN , but the rate at

which E[L] increases saturates. As expected, the layered approach which ignores diversities

at the PHY layers performs the worst. MAC protocols exploiting CSI (such as the pure

opportunistic scheme, the max-min scheme, and DPLM) outperform those without CSI

(such as the layered approach and the pure conservative scheme). The max-min protocol

outperforms the pure opportunistic protocol when the number of sensors is large. DPLM

achieves the best performance, and its performance gain increases with the number of

sensors.

In Fig. 5, we investigate the expected total energy consumptionsE[Etx] of MAC protocols

exploiting CSI in a randomly chosen data collection and compare them with the asymptotic

lower boundEmin given in (13). Due to multiuser diversity [10],E[Etx] decreases with the

numberN of sensors. Not surprisingly, the pure opportunistic protocol, solely focusing on

minimizing the transmission energy, performs the best in terms ofE[Etx] and achievesEmin

even when the initial energyE0 is small. As the initial energyE0 increases, the expected
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Fig. 5. The expected energy consumptionE[Etx] in a

randomly chosen data collection versus the numberN of

sensors.N0 = 1 (number of sensors to be chosen in each

data collection),E0 = 5, 10 (initial energy of each sensor),

E[Ci] = 1 (normalized mean of channel gain) for alli.
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Fig. 6. The expected wasted energyE[Ew] versus the

numberN of sensors.N0 = 1 (number of sensors to be

chosen in each data collection),E0 = 5, 10 (initial energy

of each sensor),E[Ci] = 1 (normalized mean of channel

gain) for all i.

energy consumptionE[EDPLM
tx ] of DPLM decreases and quickly approachesEmin, confirming

P5.1. A smallE0 that allows a sensor to transmit, on the average, only 10 times in its lifetime

seems to be sufficient to bringE[EDPLM
tx ] close toEmin. We point out that the expected energy

consumptionE[Etx] of the pure opportunistic protocol under the constrained formulation may

be larger thanEmin especially whenN is small. This is because when the sensor with the best

channel is inactive, the pure opportunistic protocol will have to choose an active sensor with a

worse channel realization. DPLM, by balancing the energy consumption among sensors and

thus enlarging the set of active sensors, can even outperform the pure opportunistic scheme

in E[Etx] whenN is small. Compared to the pure opportunistic approach and DPLM, the

max-min protocol performs the worst in terms of the expectedenergy consumptionE[Etx].

Fig. 6 investigates the expected wasted energyE[Ew] of different MAC protocols. As

the numberN of sensors increases,E[Ew] of all protocols increases, which can be readily

seen from (2). The max-min protocol and DPLM offer significant reduction in the expected

wasted energy as compared with the pure opportunistic and the pure conservative protocols.
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As the initial energyE0 increases, the expected wasted energiesE[Ew] of the max-min

protocol and DPLM remain almost the same while those of the pure opportunistic and the

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

DPLM achieves the best balance between reducingE[Etx] and reducingE[Ew]; it consumes

nearly minimum energy consumptionEmin per data collection without sacrificingE[Ew]. The

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

B. The Dynamic Nature of DPLM
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Fig. 7. The expected dynamic rangeδ̄ = E[E(1) −E(N)]

versus the network age.N = 10 (number of sensors in the

network),N0 = 1 (number of sensors to be chosen in each

data collection),E0 = 20 (initial energy of each sensor),

E[Ci] = 1 (normalized mean of channel gain) for alli.
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Fig. 8. The probability that DPLM chooses the sensor

with the best channel and the probability that it chooses

the sensor with the most residual energy.N = 10 (number

of sensors in the network),N0 = 1 (number of sensors to

be chosen in each data collection),E0 = 20 (initial energy

of each sensor),E[Ci] = 1 (normalized mean of channel

gain) for all i.

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

energy profile during the network lifetime. Since differentMAC protocols may achieve

different network lifetime, we normalize the data collection index by the expected network

lifetime of the protocol. The expected dynamic range of the pure opportunistic scheme grows

large toward the end of the network lifetime, resulting in its poor performance in terms of
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the expected wasted energyE[Ew] as shown in Fig. 6. The dynamic range of the max-min

protocol remains constant during the whole network lifetime, confirming its static nature.

Adaptive to the network age, DPLM allows large variation in sensors’ residual energies at the

early stage of the lifetime (when reducing the transmissionenergy is more crucial) and brings

down the dynamic range to as low as that of the max-min protocol toward the end of the

lifetime (when balancing energy consumption among sensorsbecomes crucial). This explains

how DPLM achieves the nearly minimum transmission energyEmin without sacrificing the

performance in the wasted energyE[Ew]. Fig. 8 further demonstrates the dynamic nature of

DPLM. As the age of the network increases, the probability that DPLM selects the sensor

with the best channel realization decreases while the probability of choosing the sensor with

the most residual energy increases.

C. The Asymptotic Optimality of DPLM
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Fig. 9. The asymptotic optimality of DPLM in network lifetime. N = 50 (number of sensors in the network),N0 = 1

(number of sensors to be chosen in each data collection),E[Ci] = 1 (normalized mean of channel gain) for alli.

The asymptotic optimality of DPLM in terms of using CSI has been demonstrated in Fig.

5. In Fig. 9, we investigate the relative performance loss ofthe proposed DPLM and max-
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min protocols as compared toNE0

Emin
, where N

Emin
is the asymptotic increase rate of the optimal

lifetime with respect toE0. We can see that as the initial energyE0 increases, the relative

performance loss of DPLM approaches 0, which confirms P5.2. Moreover, its convergence

rate is fast. For example, when the initial energy isE0 = 10, i.e., a sensor can transmit, on

average, 10 times during its lifetime, the relative performance loss is as low as6%. The

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

VII. CONCLUSION

In this paper, we studied the integrated design of MAC protocols for lifetime maximization

in sensor networks. We identified two key PHY layer parameters — the channel state and

the residual energy — that affect the network lifetime. Distributed protocols that exploit

both CSI and REI were proposed for lifetime maximization. Referred to as DPLM, the

proposed protocol selects the sensor whose channel realization demands the least portion of

its residual energy for the current transmission. We demonstrated analytically that DPLM

adaptively trades off CSI and REI according to the age of the network. It is more aggressive

to reduce the total energy consumption by prioritizing the sensor with the best channel

when the network is young and more conservative to balance the sensor residual energies

by favoring the sensor with the most residual energy when thenetwork is old. Its asymptotic

optimality was established analytically. By contrasting the dynamic nature of DPLM with

the static nature of the max-min protocol and comparing their performance, we demonstrate

the importance of and the significant gain resulted from the adaptability of a MAC protocol

to the network age.

APPENDIX A: PROOF OFPROPERTY 1

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

residual energyE ′

min at the end of this data collection is given by

E′
min = min

{

min{e}, min
j∈i

{

ej −

(

Ec +
1

cj

)}}

, (18)
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where i = (i1, . . . , il) are the indices of the chosen active sensors. Since the max-min

protocol chooses sensors that have the largest
{

ei −
1
ci

}

, it maximizes the minimum residual

energyE ′

min given in (18) for any channel realization. Hence, we obtain P1.1.

The probability that the network dies at the end of the given transmission slot is given by

the probability that the(N − NT + 1)-th largest residual energy after the transmissions of

the chosen active sensors drops belowEc. From 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 networkenergy profilee is ordered,

i.e., e1 ≥ . . . ≥ eN . The probability that the chosen sensorsI
∆
= (I1, . . . , Il) have the best

L = l channel realizations among eligible sensors in the setA = A is given by

Pr{CIk
≥ Cj , ∀j ∈ A\I, ∀Ik ∈ I |E = e, A = A, L = l}

=
∑

i∈I

Pr{CIk
≥ Cj , ∀j ∈ A\I, ∀Ik ∈ I, I = i |E = e, A = A, L = l}

=
∑

i∈I

Pr{Cik
≥ Cj , γik

≥ γj , ∀j ∈ A\i, ∀ik ∈ i |E = e, A = A, L = l}

=
∑

i∈I

Pr

{

Cik
≥ Cj ,

1

Cik

−
1

Cj

≥ eik
− ej , ∀j ∈ A\i, ∀ik ∈ i

∣
∣
∣
∣
E = e, A = A, L = l

}

,

(19)

where I = {i : i ⊂ {1, . . . , N}, |i| = l} is the sample space of the chosen sensorsI.

The probability that the chosen sensorsI have the mostL = l residual energies among the

eligible setA = A of sensors can be derived as

Pr{eIk
≥ ej , ∀j ∈ A\I, ∀Ik ∈ I |E = e, A = A, L = l}

= Pr{γik
≥ γj , ∀j ∈ A\i, ∀ik = the k-th smallest element inA |E = e, A = A, L = l}

= Pr

{
1

Cj

−
1

Cik

≥ ej − eik
, ∀j ∈ A\i, ∀ik

∣
∣
∣
∣
E = e, A = A, L = l

}

(20)

We can see that both (19) and (20) only depend on the absolute dispersivenessei − ej of

sensor residual energies; they are invariant to a uniform change (ǫ) in the network residual

energy profileE. Since(ei + ǫ) − (ej + ǫ) = ei − ej , (12) follows.
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APPENDIX C: PROOF OFPROPERTY 3

The proof of Property 3 is similar to that of Property 2. Without loss of generality, we

assume thate1 ≥ . . . ≥ eN , and obtain that

Pr{CIk
≥ Cj , ∀j ∈ A\I, ∀Ik ∈ I |E = e, A = A, L = l}

=
∑

i∈I

Pr

{

Cik
≥ Cj ,

1
Cj

+ Ec

1
Cik

+ Ec

≥
ej

eik

, ∀j ∈ A\i, ∀ik ∈ i

∣
∣
∣
∣
∣
E = e, A = A, L = l

}

,

=
∑

i∈I

Pr

{

Cik
≥ Cj , ∀j > ik,

1
Cj

+ Ec

1
Cik

+ Ec

≥
ej

eik

, ∀j < ik, j ∈ A\i, ik ∈ i

∣
∣
∣
∣
∣
E = e, A = A, L = l

}

(21)

and

Pr{eIk
≥ ej, ∀j ∈ A\I, ∀Ik ∈ I |E = e, A = A, L = l}

= Pr

{
1

Cj
+ Ec

1
Cik

+ Ec

≥
ej

eik

, ∀j ∈ A\i, ∀ik = the k-th smallest element inA

∣
∣
∣
∣
∣
E = e, A = A, L = l

}

.

(22)

We can see that (21) decreases and (22) increases withei

ej
, i < j. Since ei

ej
≥ ei+ǫ

ej+ǫ
for all

i < j, Property 3 follows.

APPENDIX D: PROOF OFLEMMAS 1 - 4

Here, we provide four lemmas used in the proofs of Properties4 and 5. We consider

M i.i.d. trials, i.e., the network is deployedM times sequentially with identical settings.

Let L(m) be network lifetime (i.e., the number of data collections) in them-th trial. Let

E = (E1, . . . , EN) andC = (C1, . . . , CN) denote, respectively, the network energy profile

and the channel state at the beginning of a data collection chosen with equal probability

from the total
∑M

m=1 L(m) data collections. For simplicity, we writeEmax = max{E} and

Emin = min{E}. We assume that channel gains are i.i.d. across transmission slots. The

above notations and assumptions will be adopted throughoutthis Appendix. Note that the

distribution of the network energy profileE at the beginning of the randomly chosen data

collection depends on the initial energyE0 and the MAC protocol.

Since channel realizations are bounded below, the total energy consumptionEtx in any

data collection is bounded by

N0Ec < Etx ≤ N0Eu, (23)
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where the upper boundEu is determined by the worst channel realization and the lower

boundEc is the transmitter circuity consumption. Hence, the network lifetime in a trial is

bounded by

NE0

N0Eu

≤ L(m) <
NE0

N0Ec

, ∀m. (24)

Lemma 1: Consider the first transmission slot of a randomly chosen data collection. For

any fixedǫ > 0, there existsα > 0 independent of the initial energyE0 such that

Pr

{

CIk
≤ C(N0+1), for any Ik ∈ I

∣
∣
∣
∣

Emax − Emin

Emin

< α

}

< ǫ, ∀E0, (25)

whereI = (I1, . . . , IN0) consists of the indices of sensors that have the largestN0 energy-

efficiency indices defined in(10) for DPLM.

Proof: Suppose the network energy profile at the beginning of a randomly chosen data collection

is given E = e. Without loss of generality, we assume thate1 ≥ . . . ≥ eN . Then, we haveei

ej
≤ e1

eN
for

any i, j. Note that in the first transmission slot of any data collection, the set of eligible sensors is given by

A = {1, . . . , N} and the number of more measurements to collection isN∗ = N0. From (21), we obtain that

1 ≥ Pr{CIk
≥ C(N0), ∀Ik ∈ I |E = e} = Pr{CIk

≥ Cj , ∀j∈̄I, ∀Ik ∈ I |E = e}

≥
∑

i∈I

Pr

{

Cik
≥ Cj , ∀j > ik,

1
Cj

+ Ec

1
Cik

+ Ec

≥
e1

eN

, ∀j < ik, j∈̄i, ik ∈ i

∣
∣
∣
∣
∣
E = e

}

,

(26)

where the sample space ofI is I = {i : i ⊂ {1, . . . , N}, |i| = N0. Notice that as the ratioe1

eN
decreases

to 1, the set

{
1

Cj
+Ec

1
Cik

+Ec
≥ e1

eN
, ∀j < ik

}

monotonically increases to the set{Cik
≥ Cj , ∀j < ik}. Taking limit

e1

eN
→ 1 on both sides of (26), we obtain

1 ≥ lim
e1
eN

→1
Pr{CIk

≥ C(N0), ∀Ik ∈ I |E = e}

≥
∑

i∈I

Pr{Cik
≥ Cj , ∀j∈̄i, ∀ik ∈ i | E = e}

=
∑

i∈I

Pr{Cik
≥ C(N0), ∀ik ∈ i} = 1.

(27)

Hence,Pr{CIk
≥ C(N0), ∀Ik ∈ I |E = e} → 1. That is, for anyǫ > 0, there existsα > 0 such that

e1

eN
< 1 + α (i.e., e1−eN

eN
< α) implies Pr{CIk

≤ C(N0+1), for any Ik ∈ I |E = e} < ǫ. Hence, we obtain

Lemma 1.
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Lemma 2: If DPLM is employed, then for any fixedǫ > 0, there existsβ > 0 independent

of the initial energyE0 such that

Pr{Emax − Emin > β} < ǫ, ∀E0, (28)

where Pr{Emax − Emin > β} is the probability that the dynamic rangeEmax − Emin of

sensor residual energiesE at the beginning of a randomly chosen data collection is greater

than β.

Proof: The probability thatEmax −Emin > β occurs in a randomly chosen data collection is given by

Pr{Emax − Emin > β}
∆
= lim

M→∞

∑M

m=1 # of data collections whenEmax − Emin > β in the m-th trial
∑M

m=1 L(m)

=
E[# of data collections whenEmax − Emin > β in a lifetime]

E[# of data collections in a lifetime]

≤
Eu

Ec

Pr{Emax − Emin > β ever occurs in a lifetime}.

(29)

The second equation in (29) is obtained by the strong law of large numbers (SLLN). LetE′ = (E′
1, . . . , E

′
N )

be the network energy profile at the end of a data collection that starts withE. Since the energy consumed

in a data collection is upper bounded byEu and a sensor transmits at most once in a data collection, the

dynamic rangeEmax − Emin of the network energy profile increases at mostEu from the beginning to the

end of a data collection,i.e., E′
max −E′

min ≤ Emax −Emin + Eu. Hence, if the dynamic rangeEmax −Emin

exceeds a fixedβ(> Eu) in a lifetime, then there have been at least⌊ β
Eu

⌋ − 1 data collections at the end of

which the dynamic ranges increase (E′
max−E′

min > Emax −Emin) given that these data collections start with

Emax − Emin > Eu.

Next, we show that the probabilityPr{E′
max−E′

min > Emax−Emin |Emax−Emin > Eu} can be bounded

by a numberq < 1 independent of the energy profile and the initial energy. Letus consider the following

event:Q denotes the event that the sensor with the most residual energy Emax has theN0-largest channel

realization in the first transmission slot. When eventQ occurs andEmax − Emin > Eu, the sensor with the

most residual energy will be chosen by DPLM for transmissionand it will consume the most transmission

energy in this data collection. Hence, when eventQ happens, the dynamic range of the energy profile will not

increase at the end of this data collection (i.e., E′
max − E′

min ≤ Emax − Emin) given that this data collection

starts withEmax − Emin > Eu. Since channel gains are i.i.d. across transmission slots,we can show from
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(29) that

Pr{Emax − Emin > β}

≤
Eu

Ec

[Pr{E′
max − E′

min > Emax − Emin |Emax − Emin > Eu}]
⌊ β

Eu
⌋−1

≤
Eu

Ec

[1 − Pr{Q}]⌊
β
Eu
⌋−1

≤
Eu

Ec

[1 − min
i∈{1,...,N}

Pr{Ci = C(N0)}

︸ ︷︷ ︸

∆
= q

]⌊
β
Eu
⌋−1.

(30)

SincePr{Ci = C(N0)} > 0 for every i ∈ {1, . . . , N}, there existsq < 1 independent of the energy profile

and the initial energy. For fixedEu andEc, the upper bound in (30) approaches 0 asβ → ∞. Hence, for any

ǫ > 0, there existsβ > 0 independent ofE0 such thatPr{Emax − Emin > β} < ǫ holds for allE0. Lemma 2

follows.

Lemma 3: Suppose that channel fading is i.i.d. across sensors. If DPLM is employed,

then for any finite fixedκ > 0, we have

lim
E0→∞

Pr{Emin ≤ κ} = 0, (31)

wherePr{Emin ≤ κ} is the probability that the least residual energyEmin at the beginning

of a randomly chosen data collection drops belowκ.

Proof: Fix ǫ > 0 and κ > 0. Applying Lemma 2, we can show that there existsβ > 0 such that

Pr{Emax − Emin > β} < ǫ
2 . Hence,

Pr{Emax > κ + β, Emin ≤ κ} ≤ Pr{Emax − Emin > β} <
ǫ

2
. (32)

Similar to (29), we can show that the probability that the most residual energyEmax at the beginning of

a randomly chosen data collection drops belowκ + β is given by

Pr {Emax < κ + β} =
E[# of data collections whenEmax < κ + β in a network lifetime]

E[L]
. (33)

From (23) and (24), we can see that whenEmax < κ + β, there are at mostN(κ+β)
N0Ec

data collections left in a

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

Pr {Emax < κ + β} ≤
N(κ + β)

N0Ec

N0Eu

NE0
=

[
(κ + β)Eu

Ec

]
1

E0
. (34)

Hence, there existsE∗
0 such thatPr{Emax ≤ κ + β} < ǫ

2 and we can obtain that

Pr{Emax ≤ κ + β, Emin ≤ κ} < Pr{Emax ≤ κ + β} <
ǫ

2
, ∀E0 > E∗

0 . (35)
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Combining (32) and (35), we obtain that for anyE0 > E∗
0 ,

Pr{Emin ≤ κ} = Pr{Emax ≥ κ + β, Emin ≤ κ} + Pr{Emax ≤ κ + β, Emin ≤ κ} < ǫ, (36)

which completes the proof of Lemma 3.

Lemma 4: The ratioE[EDPLM
w ]
E0

between the expected wasted energyE[EDPLM
w ] of DPLM and

the sensor initial energyE0 approaches zero asE0 approaches infinity, i.e.,

lim
E0→∞

E[EDPLM
w ]

E0
= 0. (37)

Proof: Let E′ be the network energy profile at the end of the last valid data collection. Without loss of

generality, we assume thatE′
1 ≥ . . . ≥ E′

N . From (2), the wasted energyEw in the network can be bounded

as

Ew =

N∑

n=1

E′
n ≤ NE′

1 = NE′
N + N(E′

1 − E′
N ). (38)

Since a sensor consumes at mostEu energy in a data collection, the least energyE′
N in the network must

be less thanEu: E′
N < Eu (otherwise, at least one more data collection can be carriedout). Hence,Ew ≤

N(Eu + E′
1 − E′

N ).

From (30), we obtain that

Pr{E′
1 − E′

N > β} ≤ Pr{E′
1 − E′

N > β ever occurs in a lifetime} < q⌊
β
Eu

⌋−1. (39)

Fix ǫ > 0. Sinceq < 1, there existsβ independent ofE0 such thatPr{E′
1−E′

N > β} < ǫ
2 . Let E∗

0 = 2(Eu+β)
ǫ

.

Noting thatEw ≤ N [Eu + β] given E′
1 − E′

N ≤ β, we have, for anyE0 ≥ E∗
0 ,

E[EDPLM
w ]

E0
≤Pr{E′

1 − E′
N > β}

NE0

E0
+ Pr{E′

1 − E′
N ≤ β}

N [Eu + β]

E0
≤ Nǫ. (40)

Sinceǫ is arbitrary, (37) follows.

APPENDIX E: PROOF OFPROPERTY 4

Under the unconstrained formulation, since all sensors areactive, every data collection

only consists of one transmission slot (i.e., the first one). Hence, the minimum expected

energy consumed in a data collection is given by (13), which can be achieved by the pure

opportunistic protocol.
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Under the constrained formulation, we notice that when the network approaches the end

of its lifetime, there may be less thanN0 active sensors in the first transmission slot. In

this case, the inactive sensors in the first transmission slot will wait for better channel

realizations to transmit and hence, the energy consumed in this data collection will be

smaller thanN0Ec +
∑N0

n=1
1

C(n)
. Hence, we partition a network lifetime into two segments.

In the first segment, we haveEmin ≥ Eu, whereEu is the upper bound on the sensor energy

consumption in a transmission slot, thus all sensors are active in the first transmission slots

of these data collections. The expected energy consumptionE[Etx|Emin ≥ Eu] of any MAC

protocol in this segment is then lower bounded byEmin. In the second segment, we have

Emin < Eu; there may be inactive sensors in the network when channel realizations are poor.

The expected energy consumptionE[Etx|Emin < Eu] achieved by some MAC protocols in

this segment can be less thanEmin. Since the energy consumption in any data collection is

upper bounded byN0Eu, we obtain that, for any MAC protocol,

Emin − E[Etx] =(Emin − E[Etx|Emin ≥ Eu]) Pr{Emin ≥ Eu}

+ (Emin − E[Etx|Emin < Eu]) Pr{Emin < Eu}

≤N0Eu Pr{Emin < Eu}.

(41)

Taking lim supE0→∞ on both sides of (41) and applying Lemma 4, we obtain

lim inf
E0→∞

E[Etx] ≥ Emin. (42)

SinceEmin can be achieved asymptotically by DPLM (see P5.1), we obtainP4.1.

Applying (14) to the lifetime formula given in (3) and noticing that the expected wasted

energyE[Ew] is non-negative, we obtain an upper bound on the asymptotic rate at which

the optimal expected network lifetimeE[Lopt] increases withE0 which is given in (15). The

achieveability of this maximum lifetime increase rate is shown by P5.2.

APPENDIX F: PROOF OFPROPERTY 5

To show P5.1, we also consider the two-segment partition of the lifetime as explained

in Appendix E. WhenEmin ≥ Eu, the energy consumptionEDPLM
tx of DPLM in any data

collection differs from that of the pure opportunistic approach if the channel realization of
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any chosen sensor is worse than theN0-th best channel realizations. WhenEmin < Eu, the

difference betweenEDPLM
tx and that of the pure opportunistic approach is bounded aboveby

N0Eu, whereEu is the maximum sensor energy consumption in a transmission slot. Hence,

we obtain that

|E[EDPLM
tx ] − Emin| ≤N0Eu Pr

{
CIk

≤ C(N0+1), for any Ik ∈ I
}

+ N0Eu Pr{Emin < Eu}.

(43)

Lemma 3 shows that for anyǫ > 0, there existsE (1)
0 such that

Pr{Emin < Eu} < ǫ, ∀E0 > E
(1)
0 . (44)

On the other hand, there existsα > 0 independent of the initial energyE0 such that (25)

holds. Hence,

Pr
{
CIk

≤ C(N0+1), for any Ik ∈ I
}

≤ Pr

{

CIk
≤ C(N0+1), for any Ik ∈ I

∣
∣
∣
∣

Emax − Emin

Emin
< α

}

+ Pr

{
Emax − Emin

Emin
≥ α

}

≤ ǫ + Pr

{
Emax − Emin

Emin
≥ α

}

≤ ǫ + Pr

{
Emax − Emin

Emin
≥ α, Emin > κ

}

+ Pr{Emin ≤ κ}

≤ ǫ + Pr {Emax − Emin > ακ} + Pr{Emin ≤ κ}, ∀κ > 0.

(45)

According to Lemma 2, there existsκ > 0 such thatPr {Emax − Emin > ακ} < ǫ. Applying

this κ and Lemma 3 to (45), we obtain

Pr
{
CIk

≤ C(N0+1), for any Ik ∈ I
}
≤ 2ǫ + Pr{Emin ≤ κ} ≤ 3ǫ, ∀E0 > E

(2)
0 , (46)

where the existence ofE (2)
0 is proven in Lemma 3.

Applying (44) and (46) to (43) yields

|E[EDPLM
tx ] − Emin| ≤ 4N0Euǫ, ∀E0 > max{E

(1)
0 , E

(2)
0 }. (47)

P5.1 follows from (47) sinceǫ is arbitrary andEu andN0 are fixed.

To show P5.2, we write the rate at which the expected lifetimeE[LDPLM] achieved by

DPLM increases with the initial energy:

E[LDPLM]

E0
=

[

1 −
E[EDPLM

w ]

NE0

]
N

E[EDPLM
tx ]

. (48)
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Taking limit E0 → ∞ and applying P5.1 and Lemma 4 to (48), we obtain

lim
E0→∞

E[LDPLM]

E0
=

N

Emin
. (49)

P5.2 follows from (49) and P4.2.
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