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A primary concern in the operation of cooperative wireless sensor networks is the issue of
energy efficiency and lifetime maximization. This thesis addresses the problem of lifetime
maximization under unequal and time-varying channel conditions and subject to a distortion
constraints. The standard method for solving such dynamic stochastic problems is dynamic
programming, which is a discrete method that must heavily quantize all quantities, is ex-
ponentially complex with respect to the number of states, and requires global information
exchange among sensors at each iteration. Our goal in this thesis is to develop a practical,

low-complexity solution which does not have the downfalls of the previous methods.

Three signalling schemes are considered in the context of joint estimation: orthogonal chan-
nels, beamforming, and shared channel with no phase information. In the final chapter the

problem of binary detection in sensor networks is studied.

In the case of orthogonal channels, the distortion constraint is relaxed. We propose a simpli-

fied method via a decomposition approximation: The SNR requirement at the destination

vi



is “divided” between sensors according to their battery powers and radio link statistics, and
then each of the sensors’ operating power is carefully controlled over time to maximize the

lifetime as well as maintain a certain required SNR at the receiver.

For the other two channel configurations, we consider the special case in which channels
coefficients are independently, identically distributed. We argue that under these conditions
a power scheduling scheme that minimizes the power consumption over any transmission
period, maximizes the expected lifetime of the network. A closed from optimal solution is
obtained for shared channels with phase information. In the case of shared channel with
no phase information, the original problem is reduced to a standard linear programming

problem and a closed form solution is obtained.

We also consider the problem of binary hypothesis detection in wireless sensor networks
under power constraint. The objective is to solve the resource allocation problem for this
distributed detection problem and find a suitable operating point for the network. We use
the Neyman-Pearson (NP) criteria and design suitable transmission schemes and a fusion
center detector, so that subject to transmission power constraints, detection probability is
optimized. It is shown that the corresponding optimization problem is convex, optimality
conditions are derived, and solutions for transmit powers as well as overall detector are

obtained. Numerical simulations verify our results.
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CHAPTER 1

INTRODUCTION

In this thesis we study problems related to the lifetime of wireless sensor networks.
The first part of the thesis (Chapters 2, 3, and 4) discusses the lifetime maximization of
sensor networks that jointly measure and estimate a physical parameter. In the latter part
of the thesis, we discuss sensor networks whose task is to test a binary hypothesis (detection)

based on a set of physical measurements.

Typically a wireless sensor network consists of a fusion center and a large number of
inhomogeneously placed sensors. The goal of the sensors is to cooperatively monitor some
physical or environmental quantity. Each sensor in the network takes a noise corrupted
measurement of the unknown quantity; these measurements are then sent to the fusion
center where an estimate is produced. A major challenge for these sensors is that they have
limited and non-renewable energy sources. Thus energy efficiency is a major concern, since

it allows us to maximize the lifetime of the network.

There are several definitions of the network lifetime. Lifetime can be defined as the
time until the first sensor runs out of energy [1]. Others have used definitions that include
fractions of surviving sensors [2]. We simply define the lifetime as the period in which the
network can perform its desired task with acceptable quality. Chen and Zhao [3] derive a
general formula for the lifetime of wireless sensor networks. They use the max-min approach
to exploit the state information of the network to maximize the minimum residual energy

across the network.

Most of the past work in this area concentrates on system-wide energy efficiency. Cui

et al. [4] considers a static network and finds an optimal water-filling solution that minimizes



the total energy expenditure of the network. Xiao et al. [5] considers the same problem ex-
cept their observations are quantized into discrete messages and then transmitted to the
fusion center. Optimal quantization levels and transmit power levels are determined. This
class of solutions is generally known as minimum total energy (MTE). In MTE solutions,
sensors with bad channel conditions will not transmit. Since each sensor has its own battery,
this might not be a good solution. Chen et al. [6] considers a dynamic network and uses
dynamic programming techniques to maximize the network lifetime. But in order to formu-
late a pragmatic dynamic programming approach, channel gains and battery powers must
be heavily quantized, which introduces errors. Since channel gains and battery powers form
part of the state vector, the complexity of dynamic programming is exponentially related to
this quantization, as well as the number of sensors, which can be expressed as O(MFQM),
where () is the number of quantized channel levels, M is the number of sensors, and E is the
number of possible values for the residual energy of a sensor. Thus, for a fairly small network
consisting of 20 sensors, with 50 possible energy levels and 5 quantized channel levels, the
computation complexity is on the order 107, Another drawback of both the MTE and dy-
namic programming algorithms is that in each transmission block, each sensor has to know
(in principle) all channel conditions, including those of other sensors’. This leads to a large
communications overhead that is hard to implement in practice. Shu et al. [7] use fuzzy
logic systems to analyze the lifetime problem. They show that a type-2 fuzzy membership

function is the best model for a single node lifetime in wireless sensor networks.

There has also been a considerable amount of work on sensor network lifetime in the
context of network routing. Many of these problems consider a multi-hop path between the
sensors and the fusion sensor and try to find the optimum path to maximize the network
lifetime. Zhu and Papavassiliou [8] present an analytical model to estimate and evaluate
the node and network lifetime. Chang and Tassiulas [9] express the problem of the routing
decision as a linear programming problem and show that MTE solutions are not necessarily

optimal for routing problems. Ma and Aylor [10] consider a set of heterogenous nodes, in



which sensors have different radio capacity, computation power, and some are mobile. They
propose a protocol to build an optimal network topology. Madan and Lall [11] formulate
the problem of optimal network routing as a linear programming problem. They propose
a low complexity distributed subgradient algorithm to solve the problem. Gatzianas, and
Georgiadis [12] consider a multi-hop network with a mobile sink. They propose a distributed
algorithm based on the subgradient method to solve the problem. A fundamental feature
of problems that attempt to maximize the lifetime in the network routing context is their
definition of lifetime. In these problems once the first node runs out of power the network

will partition and that is considered the end of lifetime.

We consider the problem of lifetime maximization for fusion center based wireless
sensor networks under three different channel configurations. In each case, our goal is to
maximize the number of transmissions while achieving an acceptable quality. The quality
constraint is given as a minimum SNR requirement at the fusion center. We assume that
our signal of interest € is zero-mean Gaussian with unit variance. The channels experience
quasi-static Rayleigh fading, and the noises are complex Gaussian distributed. Each sensor
has an initial energy of £. Let h; denote the i-th channel coefficient between the sensor and

the fusion center. We assume that |h;| is distributed according to:

—\hé-\?
hale
£y = e 7 (L.1)

Ohi

where o7, is known to us.

In orthogonal channels, we take advantage of the fact that the total SNR at the
fusion center is the sum of per-sensor SNRs. To make the problem tractable, we relax
our quality requirement from instantaneous SNR at receiver to an average SNR over time.
Thus the network no longer can guarantee the quality of the calculated value at the fusion
center in each transmission, but the average quality across time is guaranteed. This allows
us to decompose the joint optimization problem into a series of independent optimization

problems across sensors. Thus the optimization is simpler, but the quality of estimates



is not as tightly guaranteed. This tradeoff may be necessary in sensor networks that are
poor in computational ability. In many applications the average SNR criterion may be
sufficient, including applications where the successive temporal estimates at the fusion center
are averaged for better accuracy. If several estimates are averaged, then there is no sense
in enforcing a strict quality constraint for each estimate, rather, one can enforce an average

quality constraint.

Next we consider a shared channel where the fusion center has the phase information
of all the incoming signals. In this case the sensors can transmit the signals to combine
coherently at the receiver, i.e., beamforming. Unlike orthogonal channels, in this case the
total SNR cannot be divided among sensors. We consider a special case in which all the
channels are statistically identical. Having made this assumption, and also assuming that the
lifetime of the network is large enough for the law of large numbers to take effect, we argue
that a power scheduling scheme that minimizes the sum power at each transmission period
maximizes the lifetime of the network. We then show that the problem can be converted

into a convex optimization, for which obtain a closed form solution.

We then consider the case where the fusion center has no phase information for the
incoming signals, thus they add incoherently. Similar to the previous case, we consider statis-
tically identical channels. We show that the problem is equivalent to a convex optimization,
and then using further manipulations show that it is a standard linear programming problem
that can be solved efficiently. Although in general linear programming problems do not have

closed form solutions, thankfully in this case a closed form solution has been obtained.

In the final chapter, we consider the problem of distributed detection under commu-
nication constraints in the context of sensor networks. A brief history of past work in this
area is as follows. Chamberland and Veeravalli [13] consider decentralized detection with a
capacity constraint over multiple access channels, showing that binary sensors are asymp-
totically optimal. In [14] they consider power constrained networks and provide asymptotic

theoretical results, while we concentrate on practical operation of finite-size networks. Other



works at first seem to hint at the same issues, e.g. [15] mentions optimal transmit powers,
but only looks at network connectivity and does not address detection probability. To the
best of our knowledge the problem of resource allocation to optimize distributed detection
under power constraints, in the manner we describe, has to date remained open. We also
mention that a significant body of work considers censoring sensors, where the constraint
is on the number of transmitting sensors (degrees of freedom of the communication chan-
nel) [16], [17], and [18]. The overview paper of Chen et al. [19] is also noteworthy as a useful

and recommended resource.

We consider a network of nodes whose observations are conditional on a certain
hypothesis, which we desire to detect in a fusion center. The communication of sensors
to the fusion center is hampered by noise, and is constrained by their sum-power. This
constraint is motivated on the one hand by the low power sensors, and on the other hand by
the interference footprint of the network. Each of the nodes calculates and transmits a signal
to the base station to indicate its own likelihood function. We find individual transmission
powers, with a knowledge of the channel gains and individual observation noise variances, so
that subject to an overall power constraint the best detection probability is achieved. The
objective of this chapter is therefore to provide a practical method to find the operating

point of such a network for best performance.



CHAPTER 2

ORTHOGONAL CHANNELS

2.1 System Model
The received signal at the destination from the ¢-th sensor is:
Yi = hiwi(0 +n;) +nyg i=1,2,...,M

where w; is the amplification gain for the i-th sensor which is related to transmit power by

pi = w?(1+0?) and n;g ~ CN(0,02) is the destination noise. Thus:
y =Hf+n
where y = [y; .. .yM]T , H=[hw ... thM]T, and
n ~ N (0,diag (|h|*wio; + oig, ., |hu|*wio5 + 03ra)) -
Now the linear minimum mean square estimator (LMMSE) of # can be written as [20]:
0 =H" (HH” + diag (|h [*wio? + o2y, ... |haePwd,oh, + cr?wd))_l y (2.1)
The mean square error of the LMMSE is given by [20]:
-1

D=(1+ HTCTIH)

—1
1+Z L
oA+ %
1+ 0?)0? -1\
— 1 2 ( i id
+;(UZ+ pilhil?
Ny 1
p1|h |2 )
(14 (
2\ mr 0 ono

(2.2)
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Our goal is to operate the network so that the mean error is no worse than a given value D.

So

- pilhil* h
1 7 (2 < D
( t2 (03Pi|hi|2+(1+01~2)0¢2d>) B

=1

f: pilhil? >D1!-1 (2.3)
— \oipilhi|> + (1 +07)o7, ) — .

=1

Let D' —1 = . The i-th term in the summation of equation (2.3) corresponds to the SNR
at the fusion center due to i-th sensor. We shall use this structure of the SNR equation to

decompose and simplify the optimization problem.

2.2 Power Scheduling

Suppose we measure the channel conditions every T' seconds. We assume that N is
the number of transmissions before the network runs out of energy. So network lifetime is

N'T seconds. For simplicity we set T'= 1. So we can write the problem as :

max E[N] (2.4)
M 2
Pij|hij] .
s.t. >y j=1...,N
ZZI o7 pijlhig|* + (1 + 7)o
N
D b <& i=1,...,M
j=1

where |h;j| is the channel coefficient for the i-th channel during the j-th transmission period
and p;; is the corresponding transmission power. Now we slightly modify the problem by
changing the first constraint from a hard constraint to an expected value. We also know
that at optimality the fourth constraint is active. We can approximate the SNR constraint
by twice using the weak law of large numbers [21].

N M
iilhij|?
DI D L S
o?pijlhi)? + (1 4+ 07)o,

j=1 i=1




= omnlhP + (1 02)or] =
where the expected value is the average SNR due to the i-th channel at the fusion center

over the lifetime of the network. Define

|hi2
A2 F pilhi 2.5
! olpilhil? + (14 0})o, (25)

The problem can now be expressed as M separate and independent optimizations. Our goal
is to maximize the lifetime of each sensor such that over its lifetime it provides an average
SNR of ~,,, with Z%zl Ym = 7. Assuming an initial energy of &£, since each sensor has its own
energy supply, maximizing the lifetime is equivalent to minimizing the power consumption.

So we have M convex optimization problems.

N
min g Dij
j=1

s.t.E[ piglisl” > j=1,...,N
orpilhij|> + (1 +0})oz, | — Y

pij = 0 N

The last constraint was eliminated since it has no bearing on the optimal solution. However
it will be used later to determine the expected lifetime of the network. Using the weak law

of large numbers [21] we can rewrite the problem.
N
min Z Dij
=1

St Z pz]|h2]|2 >’}/N
o2pijlhi|2 + (1 +02)o?, | = "

pij = 0 A (2.6)

The Lagrangian £ of (2.6) can be written as:

pw|hw|2
L(p,\,v) Dij Aipij +vi | N — (
Z J Z T (7 Z o2piilhi)? + (14 0?)o?,

The Karush-Kuhn-Tucker (KKT) conditions [22] for the problem are given by:
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1. Primary
N 2
Pij|hij]
>N
; [U?pij!hiﬂ? + (1 +07)o
pij =2 0 Vj
2. Dual
V; 2 0
Aj >0 A

3. Complementary Slackness

(v oY)
= oipij|hij> + (14 07)o,

N

Z Ajipij =0
j=1

4. Gradient

oL o |hig (1 + 7)o,

=1-A ;
(o7piy i * + (1 + 07)07,)?

= =0
8pz‘j ij

If v; = 0, the Gradient condition, implies A\; = 1 Vj then complementary slackness implies
that p;; = 0 V5. This result is not acceptable, therefore we must have v; > 0. Since v; > 0
again due to complementary slackness, the first constraint in (2.6) is active at the optimal

point. The optimal solution is obtained by solving the KKT conditions:

( |hij|>(1403) 02,

A=1—-y
! " (029 lhis 2+ (1402)0%,)
< (o203 g P+ (1+02)02,)*
Vi =TT Pt .
y _ if ((A+o7)ozy)
. . ((1+U?)aid)2
L )\j >0= Dij = 0 if v, < —|hij|2(1+012)az’2d
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Solving for p;; > 0 and A\; = 0 from KKT conditions, we get the following water-filling

solution.
|hijlvPin/ (1+07) 02— (1+07)0?, |h-~|2 = (1+0)o3,
_ 2 hi:l2 (3] U
Dii = O'»L| z]‘ Z (27)
J 2 (1+02)a3,
0 |haj|? < 2=

Vi

The main challenge of the problem now lies in finding the value of v; since we do not know the
future values for |h;;|s. We only know they are i.i.d distributed according to (1.1). In order
to find the value of v;, first express the SNR (S) in terms of our optimal power transmission

solution.
1

S, = o7 U_§|h¢j| [his| > o (2.8)
0 |h13| < @4

where S;; is the received SNR at the fusion center from the i-th sensor at the j-th transmission
2y 42

period and «; = (HZM Then find the expected value of the the SNR due to the i-th

sensor at the fusion center over the lifetime of the network, which we denote by E[S;].

Assuming that |h;| has pdf defined in(1.1), we can find the E[S;]. In general if a random

variable Y is defined in terms of another random variable X, in the following manner:

v C+g(X) X>b
10 X <b

then
BY|=C [ f@ir+ [ fagta)ds 2.9)

where f(z) is the pdf of X. Using (2.9) and assuming that |h;| has the pdf defined in(1.1),

1 —a? a; 1 —x?
1

then

i

2
—a? a; [ V2r o
oo () - % (2 (- () e

where erf(-) is the one-sided error function. From (2.4), we know that E[S;] = ~;, so to find

Q

the value of v;, we solve:

1 —a? NG ;
Vi = —5 exp —O;Z - % VAT () —erf | —2 (2.11)
9 207 o \ 20hi V200
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There is no closed form solution of the above equation but it can be solved numerically.
Having found v; for e = 1,..., M then
(1+07) 0z,

+
Pij = T (\/72'|hz'j| —\/(1+07) U?d)
i 11ij
where we define (x)* = max{z,0}. We can also find E|p,] :

Elp)] = Vvi(l+ o2)o?, [1 _erf< o )} _a +a$)a§dE1 < a? )

2 ) 2
\/5%‘01- V207 2070, 20,

where E,(z) = floo %:tdt, (x > 0,n=0,1,...) is the exponential integral function.

Once we have found Elp;], the expected lifetime of the node can also be determined.
Assume that the i-th node has initial energy of £ £ = Z;vzl pij. Assuming N > 1 it follows
from the Law of Large Numbers [21] that Zévzlpij = NE[p], so N = £~. Thus

Elp;]
_ £ (2.12)
\vi(14+02)o2, [1 _ erf( a; )] _ (1+gi2)gi2dE < o2 ) .
\/io'hio'? V20, 20707, ! 207

We can also find the pdf of S; of the sensor at the fusion center. Finding the pdf of .S; allows
us to do outage analysis for the sensor. The pdf of S;, which we denote by fs,(s), is defined

by the following expression:

. — |1 i N A S— L 2.1
fsi(s) [ P (20,32.)} Ry (20,31.(1 - so?)Z) 21

where 0(s) is Dirac’s delta function. It can be seen from the pdf that S; is a mixed random

).

variable and its support region is [0,

Q=

2.3 Network Power Scheduling

In the previous section we found the optimal solution that will maximize the lifetime
of a sensor such that the expected value of the received SNR at the fusion center will be
a given value. Now we consider the question of how to assign an expected value for each
sensor (;) such that Ef\il ~vi = 7 and all the nodes have the same expected lifetime (N).

We assume that our network consists of M sensors. We use the algorithm in Fig. 2.3 to find

N and V15 V25 s VM-
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N = NO

Use (2.12) to find y; for i = 1,2,.... M
Use (2.10)to find Els;] fori=1,2,..., M
while |YM E[S)] — fy‘ > €

N = N5

Use (2.12) to find y; for i =1,2,.... M
Use (2.10)to find Els;] for i =1,2,..., M
end

Vi = E[Si]

Figure 2.3. Algorithm for allocation of partial SNR’s

2.4 Numerical Results

We perform two experiments and in each case we compare the performance of our de-
composition lifetime maximizing (DLM) method against the minimum-total-energy (MTE)
[4] and equal-power (EP) strategies. For the EP strategy, we assign power to each sensor

according to the residual energy left in the sensor.

In the first experiment, we show the effect of increasing number of sensors M, under
equal statistics, where the required SNR at destination is normalized to the number of
sensors, i.e., M~y. For our method this means that each sensor on average will provide
an SNR of 7y over its lifetime. This normalization removes the effect of additional energy
injected into the network via additional sensors. The results show the consistence of the
performance of our method across different sizes. From the numerical results one suspects
that our method may provide an upper bound for the MTE algorithm as the number of
sensors approaches infinity, but we have no theoretical results at the present to support this

conjecture. (See Fig. 2.4).

For the second experiment we generate o2, &, and o5 randomly such that, o? €
U[0.05,0.1], & € U[250,500], and op; € U[0.1,0.2]. Where Ula, b] denotes uniform distribu-

tion between a and b. For simplicity we take all the destination noise variances to be 0.08
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Figure 2.4. Lifetime comparisons for identical sensors

and we require an average SNR of 10dB at the receiver. (See Fig. 2.5).

Please note that no dynamic programming simulations are presented due to their
immense computational complexity that is beyond most existing computational facilities.
We note that the main point of this work is not to claim any improvement over dynamic

programming, but rather to provide a pragmatic method with fewer requirements.
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CHAPTER 3

SHARED CHANNEL WITH PHASE INFORMATION

3.1 System Model

For this section we assume that all sensors know the phase information of channel
coefficients of all the other sensors. Thus sensors can adjust their phases so that they will
add coherently at the fusion center, i.e., beamforming. The received signal at the destination
is:

M
Yy = Z hiw; (0 4+ n;) + ng (3.1)

i=1

where ng ~ CN(0,03%) and n; ~ CN(0,02).
The MMSE estimator of # and its average SNR are given by [20]:

M
6 — Zi:l |hilw; y

2
(S lhalws) + S, w?haPo? + o3

(Zf\g ’hi!wi>2

S w?hil2o? + o3

16
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0 —»l Estimation| . g

Figure 3.1. Network model for shared channel
3.2 Power Scheduling

Let N denote the number of transmissions before the network dies. Our goal is to

maximize the expected lifetime of our network subject to a required SNR constraint (7).

max E[N] (3.2)
(sz‘\il |hij|wij>2

: > j=1...,N
S wh k| 20? + o
pij = 0 Vi, j
N
ZPing i=1,...,M
=1

where |w;;| is the amplification gain for the i-th sensor during the j-th transmission period

and py; = wi;(14 07).

We consider a special case of the above problem in which all the channel coefficients
are i.i.d distributed. So all the channel coefficients are Rayleigh distributed with the same
variance. Under these assumptions and also assuming that N > 1, due to the law of large
numbers [21] over the lifetime of the network all the channels behave approximately the
same. So if we find a power-scheduling method that minimizes the power consumption over
each transmission period, it will maximize the expected lifetime of the network and all the

nodes will run out of energy at approximately the same time.
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Therefore, at each transmission period we solve the following problem. For simplicity

we disregard the time index and only show the sensor index.

M
min Z w?(1 4+ o7)
i=1

2
(25\11 \hi\wz)
oM w?hil2e? + o

—w; <0 i=1,2,.... M

>

(3.3)

At the first glance, the problem does not look convex due to the first constraint. We can
rewrite the first constraint as:
M M 2
7Y wilhi’of + 7o) < (Z |h,-|wi>
i=1 i=1
We can disregard o3, and 7 since they are constants and will have no affect on convexity

or non-convexity of the constraint.

M M 2
> wilhil’o} < <Z |hi|wi>
i=1 '

=1
M 1/2
(Z w§|hi|203> < (Z |hi|w,»> (3.4)
=1 =1

We can rewrite (3.4) as:

|Gw|, < h'w (3.5)

where G = diag (02|h |2, 02|hal?, . .., 02| ha]?), W = [wiws . .. war] ", and b = [|hy||ha] . . . [has]]”
Equation (3.5) defines a second order cone [22] in RM*! and it is a convex set. So our prob-

lem is in fact a second order cone programming problem (SOCP) which is equivalent to a
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convex quadratically constrained quadratic program (QCQP) [22]. There are various effi-
cient numerical methods available to solve SOCP problems. However in our case we can also

find the closed form solution. The Lagrangian £ of (3.3) is given by:

M M M 2 M
L(w, A\ u) :wa(1+af)+>\ VZwﬂhi]QvaL’yag— (ZMVM) —Zuiwi
i=1 i=1

i=1 =1

We start by writing the KKT optimality conditions:

1. Primary

M M 2
72w3|hz‘|20¢2 + 0y — (Z |hi|wi> <0
i=1

i=1
w; >0  i=12...,M

2. Dual

A>0,u>0

3. Complimentary Slackness

M M 2
A ’Yzwf‘hi‘%zz +y0g — (sz’f%’) =0
i=1

i=1

M M 2
A>0= VZwﬂhiFU?JFVUg_ (ZWVM) =0
i=1

i=1

uzw,:0 i:1,2,...,M

4. Gradient
oL
— =0 ) =1,2,...,.M 3.6
8w] .] ) Y Y ( )
M

i=1
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Using the complimentary slackness conditions we can make the following conclusions regard-
ing the activity of constraints at optimality:

M M 2
A>0= vzw?\hi\za§+70§— (sz|hz|> =0
i=1

i=1

M M 2
72w1~2|h,~|2a§+70(§— (sz|hz|> >S0=)\=0
=1

=1
u; > 0= w; =0 1=1,2,...,M

w>0= ;=0 i=12...,M

(3.7)

If X\ = 0, then using the gradient condition (3.6), we will have u; = 2w;(1 + 07).
Multiplying both sides by w; and using the complimentary slackness condition u;w; = 0, we
will have w; = 0 Vj which is meaningless. So A is strictly greater than zero. Using the first
relationship in (3.7), this would imply that at optimality, the SNR requirement is active. So
at the optimal operating point:

M M 2
vzw?!hi!%%wﬁ— <sz|hz|) =0
i=1 i=1
If u; > 0, using the third relationship in (3.7) implies w; = 0. Substituting w; = 0 in (3.6),
we get u; = 0, which is a contradiction. So u; = 0 Vj. In order to find A, we rewrite the

gradient equations (3.6) in the following form:

Alhy| 5252, wil il .
;= L =1,2,.... M 3.8
R ST e 39

Multiplying the j-th equation in (3.8) by |h;| and then adding all the resulting equations:

iw,,m_ (iw.‘M)i Al
e B = 77 ) = (L4 03) + M hyPo]
Dividing both sides by Y3, w;|hy] :
f: Al | =1 (3.9)
— (1+07) + My|hy|207



21

)\ - )\0
while
€
]:1 (1+02)+ )\7|h 207
A
A= 5
ZM ARl
J=1 (1+05)+M|hj|?0%
end

Figure 3.2. Algorithm for numerical calculation of A

All the variables in (3.9) are known except A and it can be solved numerically via the simple

algorithm in Fig. 3.2.

We also need to find the value for Z;‘il wjlh;|. In order to find the value of Z;‘il w;j|hy|
we consider the first constraint in (3.3) which we already proved is going to be active at op-
timality.

M 2 M
(Z%I%!) =) wilh*o} + 05 (3.10)
j=1 j=1

2
For simplicity let ¢ = (Zj\il wj|hj|> . From (3.8) we substitute w; into (3.10). We have:
N |hjlto%e
c=1 Z
[(1+02) + Ay|h;[20? ]

-1
22|, o
c_wd(l—vz F e

L+ 03) + Ay|h;|?03

5 + 705 (3.11)

Having found <ZM:

=1 wj|hj\) and A\ we can use (3.8) to find the optimal amplification gains

and hence the transmission power levels.

3.3 Numerical Results

In the first simulation we consider the lifetime of a network with statistically identical

channels. We compare the performance of our optimal (Opt) method against a purely
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Figure 3.3. Lifetime comparisons for identical sensors

opportunistic (Opp) method and equal-power (EP) strategies. For the opportunistic strategy,
at each transmission period only the sensor with the best channel conditions transmits it

message. The results are illustrated in Fig. 3.3.

For the second simulation, we consider channels that are not statistically identical.
We cannot claim that our minimum power (MP) strategy is optimal in this case. However
it is instructive to compare MP with a purely opportunistic (Opp) method and equal-power
(EP) strategies. We set all the observation noise variances to 0.02 and the destination noise
variance to 0.06. We generate op; randomly such that o, € U[0.1,0.3]. The results are

illustrated in Fig. 3.4.
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Figure 3.4. Lifetime Comparisons for randomly chosen sensors
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CHAPTER 4

SHARED CHANNEL WITHOUT PHASE INFORMATION

4.1 System Model

For this scenario, the received signal model is the same as the previous chapter.
M

Y= Z hiw; (0 + n;) + ng

i=1

where ng ~ CN(0,03), n; ~ CN(0,0?), and p; = w?(1 + 02). However we assume that
the phase of channel coefficients are unknown at the transmitters and thus the signals add

incoherently at the fusion center. In this case the MMSE estimator of 6 is given by [20]:
M g«
0 — > iy hiw y
> w2 (14 0F) + o
The average SNR for this estimator is:
S pilhil /(1 + o)
>ty pio? hi?/(1+0?) + o}

4.2 Power Scheduling

Let N denote the lifetime of our network while maintaining a specified SNR () at

the fusion center. So the problem is:

max E|[N]| (4.1)
Soin piglhag?/ (1 + 0?)

.t > ) =1,...
! Zij\ilpijaz'2|hij|2/(1+0i2)+ac2l_7 Jo b
N
> <& i=1,....M
j=1
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Figure 4.1. Network model for shared channel

where |p;;| is the amplification gain for the i-th sensor during the j-th transmission period.
As in the previous chapter we consider a special case of the problem in which all channel
coefficients are i.i.d distributed. We also assume that the lifetime of the network will be
long enough for the law of large numbers to apply. Under these assumptions, we argue that
a power scheduling method that minimizes the power consumption over each transmission
period, will maximizes the expected lifetime of the network and all the nodes will run out
of energy at approximately the same time. So our original problem (4.1) reduces to the
following problem at each transmission period. For simplicity we disregard the time index

and show only the sensor index.

M
min Z w?(1+ o?)
i=1

L
Zij\il wilhi|?o} + 0
—w; <0 i=1,2,... M

(4.2)

This can be expressed in the form of of a standard convex optimization problem.



M
min Z wi(1+ o?)
i=1

M M
s.t. ’wa?\hi\zaf + yo3 — Z |hi*w? <0

i=1 i=1
—w; <0 i=1,2,.... M

The problem (4.3) is convex in w;. The Lagrangian of (4.3) is :
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(4.3)

M M M M
L(w,\,u) = Zw?(l +0?)+ A (Z w?|hi|*o? + yog — Z \hi\2wi2> — Zuiwi (4.4)
i=1 i=1 =1 =1

The KKT optimality conditions are:

1. Primary
M M
Y wilhil’o? + 05 = > |hi|*w? <0
i=1 i=1
—w; <0 1=1,2,.... M
2. Dual

3. Complimentary slackness

M M
(St +oci - 3ot ) <o

i=1

=1
ulwl:O i:1,27...,M
4. Gradient
9L _ i=1,2,.... M
8wj

211)](]. + 0'32) + 2)\’)/U)J|h]|20'j2 — 2)\wj|hj|2 — Uj =0

ji=12...

(4.5)
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Due to complimentary slackness, if u; > 0, we must have w; = 0. Now if we substitute

w; =0 in (4.5) we get u; = 0. Thus:
Uj > 0= U; = 0

which is a contradiction. As a result we have

Also if A =0, from (4.5) we have w; = 0 Vj, which is meaningless. So we conclude A > 0
which due to the complimentary slackness would imply that the SNR requirement is active

at optimality. Substituting u; = 0 in the gradient condition (4.5), we get:
)\wj|hj|2 — )\’)/wj|hj‘20']2 = wj(l + 0'32)
We know that w;(1 4 ¢3) > 0. Thus we have:
Aw;|h|? = Myw;|h;Po? >0
In order to satisfy the condition (4.6) we must have:
1_’)/0']2<0:?ij0
2 1 _
qf>;:¢@—0

This result implies that sensors with noise variances larger than a certain value (1/7) will
never transmit their message regardless of their channel condition. Let S = {1,2,..., M}
denote our original set of sensors. Define a subset of sensors S’ C S, in the following manner:

S"={i:1—~0?>0}. Let |S'| = K where |- | denotes the cardinality of a set. We now

have the following problem (4.7) and its vector form (4.8):

K
min E i
i=1

K
pi (|hil”> = yo7 | hil?) 5
s.t. Z 11 o2 =0y
=1 ?
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min17p
st. alp= ’yafl
(4.8)

where 1 =[1...1]7, p=[p:...px]|", and

T
0o [P =n0t)  Jhx*(1 = yo%)
1+o? 7 1+o%

This is a standard linear programming (LP) [22] problem. In general no closed form
solution exists for LP problems, but they are readily solved using very efficient algorithms
such as the simplex method [23]. However in our case a closed form solution can be obtained
for (4.8). Let a’p = g(p), then

dg(p) _ hi*(1 —0?)

= afi)

g(p) is an increasing linear function of p. Now let m denote the index corresponding to the
largest element in a or m = argmaxa. In that case the optimal solution is:
o2)yo? .
p;:{% em (4.9)
0 1F#Em

This problem can also be viewed as an I; least norm problem (Y p; = |p|; for p; > 0). It is
worth mentioning that if we consider a modified version of this problem which instead of min-
imizing ()" p;), we minimize (3 p?), the optimal closed form solution is (a” )_1 al~vo? [24].
It is also worth noting that under the Iy least norm scenario the nodes with o2 > 1/v will

still not transmit.

4.3 Numerical Results

We consider three power scheduling schemes, comparing the solution which minimizes
the /; norm of the power vector (lymin) versus the solution that minimizes the ls norm of

the power vector (lomin) and an equal-power method (EP).
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Figure 4.2. Lifetime comparisons for statistically identical shared channels (no phase infor-
mation)

The comparisons are made in the context of two network geometries. First we consider
a network in which all the channels are Rayleigh distributed with the same variance. This
reflects a physical situation where the nodes are approximately the same distance from the
fusion center. Results are shown in Fig. 4.2. We also consider Rayleigh distributed channels
which are not identically distributed. We set all the observation noise variances to 0.03
and the destination noise variance to 0.02. The required SNR at the fusion center is set to
20. oy;’s are generated randomly such that o; € U[0.2,0.4]. The results are illustrated in

Fig. 4.3.
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CHAPTER 5

RESOURCE ALLOCATION FOR DISTRIBUTED DETECTION IN SENSOR
NETWORKS

5.1 System Model

We consider a binary hypothesis testing situation. Our network consists of M sensors.
Each sensor makes a measurement z; = 6+n;, where n; ~ N (0, 0?) is additive Gaussian noise.
We assume that under hypothesis Hg, 0 ~ N (a,0?) and under hypothesis H;, 6 ~ N (b, 0?).
For simplicity and without loss of generality we assume a = 0, b = 1, and 0> = 1. Each sensor
takes the log of its local likelihood ratio (LLR) and sends it to the fusion center via analog
communication, which is received with additive noise. Let n;; denote the destination noise
for the ith sensor. We assume noises are uncorrelated and normally distributed according to
niq ~ N (0, afd). Let h; denote the channel gain between the ith sensor and the fusion center.
Also let w; denote the amplification factor for the ith sensor. We assume that sensors are
communicating to the fusion center over orthogonal channels. The received signal from the
1th sensor at the fusion center is :

y; = In <%) wih; +n;g 1=1,.... M

We consider the Neyman-Pearson approach [25]. Given a required false alarm probability
Pr s = a and an average power constraint P, our goal is to maximize the detection probability

(). for simplicity we also assume that Hg is the dominant hypothesis (Pr(Hp) > Pr(Hy)).
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Figure 5.1. Network model for binary detection
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5.2 Detector

As mentioned in the previous section, we assume that under Hgy, 6 ~ N(0,1) and

under Hy, 6 ~ N (1,1). Let L(x;) denote the likelihood function of z;.

_pleiHy) 2x; — 1
L) = ) — &P (2(1 T a%))

The log of the local likelihood function is sent to the fusion center. So the received value at

the fusion center is:

! (2<1+a%>>“’ et

The transmission power for the ith sensor is p; = (ﬁﬁ;%)gwf It can be shown that the

likelihood function for y; is:
p(yz,H ) yiw;h;
L(yi
= )~ O (w?h? o1+ o?)

At the fusion center we form the log-likelihood ratio of all the received signals which we

denote by LLpc.
M

74th1
LLrc(yis- - ym) = Z -

w?h? + o2,(1+ o)

Thus we will have the following detector at the fusion center:

M

yiw;h; M
Z 72 >7 (5.1)

w?h? + o2(1+ o?

5.3 Power scheduling

The false alarm probability is:

2h2

T‘l’Z'L 1 21+O.2)( 2h2+a (1+o.2))

a=Pr (LLFC > T|H0 o (52)
2p
ZZ L (1402) 2h2+o' (1402 ))
Similarly, the detection probability, (, can be calculated as:
Zi\ll o2 QhQtha. 0.2
8=Pr (LLpc > 7|Hy) = 20et) (viht +oly( o) (5.3)

w2h?
K2
Zz L (1402)( 2h2+a§d(1+ag))
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If there were no power constraint on the network, each sensor would transmit at a
very high power to neutralize the effect of the observation noise. The error performance of
a such network will asymptotically approach the performance of a network with ideal links.
However in our case we have an average power constraint of P. Furthermore, since we are
considering the NP criteria, we are not given prior probabilities for Hy and H;. However
if we assume that Hg is the dominant hypothesis (Pr(Hy) > Pr(H;)), we can write our

average power constraint as:

Y w? (14414 o?
Z )

<P
P 1—|—0)

This is due to the fact that

w? (1 +4(1 4+ 0?))
4(1+ 02)

The approximation above is a direct result of our assumption that Pr(Hg) > Pr(H;). Now

we have the following optimization problem:

max [

272
wihj

T+ X A ed)

2h2 -
\/ZZ 1 (1+02) 2/7,2-i-<7 (1+02 ))
M

P —i—a)

(5.4)

Where § has the form from equation (5.3). We take advantage of the fact that Q-
function is a monotonically decreasing function, so in general in order to maximize Q( f (x)),
all we need to do is minimize f(z). We can also rewrite the first constraint in (5.4). So we

can rewrite our original problem (5.4), in the following form:
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M 2h2
Zz 1 2(1+02) (w 2h2+a ' (1402))

.2h12
\/ZZ 1 (Tro2) (wPh2 o, (1402))
+Z 2h2
7 i=1 2(14-0; 2h2+0 1+o2
5.t Dluihi+ol0tad) _
2h2

Z'L 1 1+o‘ 2h2—‘,-cr (1+U ))

M

1 41
Z + +U)) _p<0
i=1 4(1+Ui)

(5.5)

In order to solve the problem (5.5), we start by introducing an axillary variable ¢ into

the problem. So we have the following problem,

T—1/2

\/E
s.t. Q (o) —

min

T+1t/2
Vit
f: 1+4 (1+02))

<0

—P <0
=1 +0_ )
M 2h2
=t
; (w2h? + o2, (1+ 02))

(5.6)

The Lagrangian of (5.6) is

—t/2 t/2
£<W,t,T,)\1,)\2,V):T / Tt / >+

(et -
\ M wf(1+4(1+03)) - M 2h2 t (5.7)
2| 2 4(1+02? v Z(1+a§ w?h? + o2 (1+02))

=1 i=1

The KKT optimality conditions for (5.6) are:
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1. Primary
1 T"’t/z
o) — <0
Q  (a) N
w2 (1+4(1 4 02))
Z . 22z —P=<0
— 4(1+07)
M w2h?
T 1 :t
2 T o7 a2 + 0B (1 07
2. Dual

4. Gradient
8£:)\2(1+4(1—|—0§)) vhic? _0 i=1...M
ow; 2(1+ 0?)2 (wh? + o%,(1+ 01'2))2
oL 1 AN
or Vi Vi
oL (=1/2Vt—(1)2)t (1 —t/2) )\1(1/2)\/5— (/22 (r +1/2) L= 0
ot t t

From the second gradient condition we can see that A\; = 1. Also since \; > 0 due to

complementary slackness we can conclude that at optimality the first constraint is active:

r=Q N a)Vi- g (5.8)
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Substituting A; = 1 in the third gradient equation and after some simplification, we will get:

~1
Vi

We can also show A is strictly greater than 0 (Ay = 0 will lead to a contradiction). So again

V=

using complementary slackness we can conclude that at optimality the second constraint of

(5.6) is also active. Substituting v = _7% into our first gradient condition and rewriting out

results we get M + 2 non-linear equations with M + 2 unknowns (¢, Ao, wy, ..., wp):

do (1+4(1+02) h2o2, 4
2(1 4 0?) VE(w2h? + 0% (14 02))°
w? (14 4(1 + 0?))
4(1+ 02)?
wih?

(1+07) (wihi + of(1+ 07))

—P=0

(M= 1[V]=

—t=0

=1

The above equations can be solved numerically. Having found the variables, we can

use (5.8) to determine the optimal threshold for our detector.

5.4 Numerical Results

For our numerical results, we a consider a network with randomly chosen channel
coefficients. Given an average power constraint, we compare the detection probability of our
optimal power scheduling method versus a uniform method in which all the sensors use the
same amount of power. The channel coefficients and noise variances are chosen randomly
according to h € U[0.2, 1], 07 € U[0.1,0.3], and o2 € U[0.1,0.3]. We set o = 0.01 and average

power constraint at 5. The results are shown in Fig. 5.2.
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