Lifetime Maximization in UWB Sensor Networks for Event
Detection

Ghasem Naddafzadeh ShiraZiudent Member, |EEE, and Lutz LampeSenior Member, |EEE

Abstract—The operational lifetime of a wireless sensor network (WSIN
for event detection is determined by the maximum time that tle network
is able to meet given detection requirements (DRs), i.e., ¢hprobabilities
of detection and false alarm demanded by the application. Inthis
paper, we address the problem maximizing lifetime of such WHRSs
through optimizing quantization and routing of event measuements.
In particular, we consider the task of monitoring multiple events and
reporting the observations to a sink, whereby sensor nodesdapt their
data generation rate and the data flow distribution in the netvork for the
purpose of lifetime maximization. We make use of ultra-widéand (UWB)
signaling at the physical layer, which is well-suited for eent-detection
WSNs, because of the low-energy consumption for data transssion
and relative robustness to multi-user interference. Expresing the DRs
as convex constraints in the optimization variables, we prgent a convex-
optimization framework for lifetime maximization of event detection
UWB-based WSNs. Furthermore, based on the dual decompogiin
approach, we propose a decentralized algorithm, which maleeit possible
to solve the lifetime-maximization problem in a distributed manner and
thus shares the computational complexity among network nogls and
is robust to artifacts like node failures. Numerical results show that the
proposed joint adaptation of quantization and routing leads to significant
improvements in network operational lifetime compared to kenchmark
approaches known from literature.

I ndex Terms—Lifetime maximization problem, Event detection wireless
sensor networks, Convex optimization, Distributed optimzation.

|. INTRODUCTION

Wireless sensor networks (WSNSs) are being considered attlins
a wide range of applications such as event detection, taaeking,

monitoring in health-care facilities [11]. We aim at optiimng the
routing of measurement data from nodes to the sink such as to
maximize the operational lifetime of the WSN. Here, the atienal
lifetime is defined as the time from the beginning of operatid the
WSN until the WSN is unable to perform its task, i.e., untivegi
detection requirements (DRs) cannot be met anymore.

Despite many existing studies on the general lifetime gnoble.g.
[2], [4], [6], [12]-[15], energy efficient routing stratezg specific to
event detection WSNs have not been investigated in theafites
until recently [7], [8]. Yanget al. [7] consider active radar-like
sensors responsible for detecting the presence of an plgadt
use the Neyman-Pearson hypothesis test [16], [17] to desbigin
decision variables. They investigateinimum energy outing with
guaranteed DRs (MERG), and use a Lagrangian relaxation itpedhn
to maximize a lower bound for lifetime. Li and AlRegib [8] csider
the maximization of theifetime upper-lbbund (MLB) as a function of
the number of bits used at a node for representing its measuts.
This enables nodes to tradeoff accuracy of the reported uneragnt
with energy consumption for communication. Their approadiased
on decoupling the problem of quantization from the routingigbem.
Specifically, each node first minimizes a local cost functimdecide
on the number of bits that it will generate for detecting aergy
Then a linear program is solved to obtain the optimal routed a
flows of the entire network. The decoupling significantly ases
the complexity of the problem.

The algorithms proposed in [7] and [8] provide useful salns for

home automation, etc. Since the sensor nodes operate on siifed energy efficiency problem under event detection remergs.

batteries with limited energy and it is usually impossildeprovide
external sources of energy, minimization of energy consbfoedata
communication, while still meeting the functionality réements,
is an important challenge in WSNs [1]. Preservation of endoy
communication can be achieved through optimization ofeddiit
parameters, such as sleep frequency [2], [3], transmissiwTgy
[4], data flows and bit rates [5], and node density (prior taeo
deployment) [6].

In this paper we strive to improve these works by considering
a more general framework as well as providing more effective
techniques for maximizing the lifetime. Specifically, wens@er and
maximize exact network lifetime subject to DRs, compared to the
optimization of lower and upper bounds on lifetime in [7] aji&.
We also improve upon [7] by considering variable generatates
and balancing them based on the sensor’s location and laleaila
energy. In addition, we overcome the well-knownttleneck node

In this paper, we consider a specific class of WSNs, namely 8VSHroblem, i.e., fast depletion of a node with a higher amourftoov

used for event detection, in which the sensor nodes obseevstatus
of one or more events at known locations and report theirrghens
(measurements) to a fusion center (sink) through multiloogimg. At
the sink, a decision about the event status is made usingtedved

compared to other nodes, by jointly optimizing the routesatbevent
locations, such that the flows can be balanced among diff@aghs
to prolong lifetime. This approach is similar to methodst tt@nsider
multi-commaodity flows in the network [14], [15]. However, ur

measurement results from reporting sensors. There are roume framework routing parameters are jointly optimized witmeeation
applications for this type of WSNs, for example in radar, aon rates and considering DRs. An alternative approach fomuopiing

and ultrasound surveillance systems [7], [8], for disastenitoring
and emergency response [9], habitat monitoring [10], amg&dient
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the network lifetime is to reduce the number of communicdigs
by the help of data aggregation, e.g. [5], [18]. In data agafien,
each sensor merges the received data from other sensorstsvith
local measurements according to the correlation betweam.thote
that, however, in our problem generation rates are joing§naized
with the routing parameters and thus performing data agg@yis
unnecessary. This also simplifies the structure of sensiocs shey
are exempted from decoding, processing, and merging tledvest
data.

For the physical layer of the WSN devices, we consider theofise
impulse radio (IR) ultra-wideband (UWB) transmission fts low
energy consumption and simple and cost-effective radié$-[22].



UWB pulses are transmitted in a short duration of time, onatfuker

of a few nanoseconds, using time hopping (TH) codes. Differe
nodes transmit using different TH code sequences, prayitdiwB
with the advantage of accommodating concurrent transamssi
Moreover, interference mitigation methods [23] remove tieed for
exclusive transmission regions. Thus, it is not requireceiaploy
carrier sensing or other complicated medium access cqmtotbcols
provided that the interference is balanced among multilées [24].
All of these properties make UWB radio an excellent choice fo
sensor networks in which energy efficiency and simplicityighly
desirable. High .data rates are also a(?hlevable using .UWB thee Fig. 1. llustration of the UWB-based sensor network forrgveetection.
to the large available bandwidth. In this regard, we will malse of "B enabled nodes (circles;, i — 1,..., N) are located around a sink
the fact that the UWB link capacity can well be approximatsdaa (square,0). They measure data frork events (starsey, k = 1,..., K),
linear function of signal to interference and noise ratitNf8) due —quantize the measurements irip bits, and report it to the sink, wherg’,
to the very low transmission power [25]. denotes the data flow from; to s; for reporting the evengy,.

There are a number of related literatures on UWB based WSN
for event detection. For example, in a recent work, Baal. [26]
propose and compare the performance of different disetbdetec-
tion techniques in UWB sensor networks under energy cdnsira
However, only the UWB physical layer is considered in thigdgtand
routing layer optimization is left unhandled. Xai al. [27] provide
some upper bounds on the operational lifetime of a generaBUW
sensor network, and Shi and Hou [28] investigate ttWRBJsensor
network maximum ate feasibility roblem (URFP). They solve this
non-linear problem using a linearization relaxation tégha and
devise a heuristic for connecting the source nodes to the Bione Fig. 2.  Sensing model under presence:pf
of these works consider the exact lifetime maximization efisor
networks for a given detection requirement.

Direct formulation of lifetime maximization commonly leado
a centralized optimization problem [13], [15]. In order tonegert
the centralized optimization into smaller distributed gubblems,
decomposition techniques can be used. For example, Maddn
Lall [14] decompose the standard lifetime maximization bbemn
using the dual function and Lagrange multipliers on the gnend
flow constraints. In the distributed methods, nodes areireduo
exchange the Lagrange multipliers and local flow and lifetparam-
eters with their neighbors and update them iterativelyl eotiverging
to the near-optimal solution. In order to make the dual fiomct
differentiable, regularization techniques are sometirapplied to
the objectives. For example, [29] further changes the tbedo
optimize a weighted sum of lifetime and routing cost. In thaper, . . o
we apply this distributed optimization framework to the hjean at /- Each nodes; can transmit to or receive from the nodes in its
hand and extend it to also take into account the DRs. communication rangeD, i.e., its neighbors\; = {s; : di; < D}.

In summary, we address the problem of lifetime maximizatiolf€tails about the sensing model are provided in Section. Ikfer

in UWB based sensor networks for event detection. Our methSGNSING the events, the measured data is routed to the sink vi
jointly optimizes routes to detect multiple events, whichoids multipath routing as explalnedlln.Sectlon II-C. Energy CLD‘nBt.IOI’]
the overuse of individual sensor nodes in multiple pathswneo at the nodes for data transmission and data flow in the links ar

decrease operational lifetime. Furthermore, nodes seeid thea- J€termined by the UWB-specific transmission and link capaci

surements with different precisions to the sink. For exampl MCdels, as will be described in Section II-B.

node with a larger/smaller amount of remaining energy Isgres

its measurement with larger/smaller number of bits. By mering A Sensing Model

this degree of freedom in our model, nodes can easily trafle of Consider the task of sensing in the network for gatheringrmé-
accuracy with energy consumption, leading to an overalieiase tion about a possible event at a given location. Figure Btilates the

in network lifetime. The optimization problem is formuldteas a sensing model for an event, in such a network. The presence of the
convex program, and numerical results for selected netexaknples eventey, is indicated by the parametéy., which is observed by the
show that the lifetime achieved with this program are cosmisitlly sensors. Le and HY, k = 1,-- - , K, indicate the presence and
increased compared to those obtained with the routing sekenabsence ok, respectively. Under this model, the measured signal
proposed in [7], [8], [28]. A distributed method is also pospd as at sensors; is given by

a solution that shares the computational load for optindraamong {

ek, Ok

maximization is presented in Section Ill, and its distrézlversion
is explained in Section IV. The performance of the proposethiod
is evaluated and compared by means of simulations in Settion
‘f’y?nally, Section VI concludes this paper.

Il. SYSTEM MODEL

We consider a multiple-event detection UWB-based senstr ne
work, as illustrated in Figure 1. In this networky sensorss;,
i = 1,...,N, should sense thé& eventser, k = 1,..., K, and
report their measurements to the sinmkThe sensors; are placed at
locations (x;,y:), and events;, are expected to occur at locations
(z%,yr). Let d;; denote the Euclidean distance betwegnand

k
Wi, H07

k

sensors and only requires local communication. m; =
The remainder of this paper is organized as follows. System

model and assumptions made are described in detail in 8elitio where w; is Gaussian measurement noise with variande We

The optimization framework for UWB-based sensor netwdidtiine assume that the events occur at locations which are far frach e



other relative to the communication range Therefore, in (1) it is
implied that each sensor observes at most one event (cf[Elo
[30]). Furthermore, note that known attenuation of obsrna can
be easily handled by the sensing model in (1). Specificaéipoting
the attenuation between ande;, by a¥, the model

= aitp +wi e)
with noise variances/? reduces to (1) by lettingn® = m/* /a¥
ando? = o/?/(af)? [8], [31]. We would also like to point out that
(1) includes the active sensing framework of [7] as a spewak,
where sensors should send signals to the locatiom,ofvith the

m

sensing energy¥s and measure the reflected signal. In fact, (2) cal

be specified to the active sensing model by applying the mhétéestic
value 6, = E; and settinge? = /B, whereg;;, is the path loss
coefficient betweere, and s;. Note, however, that in the general
model (1) the value of is unknown, and the sensors are require
to estimate it where,, is present [).

We further assume that the measuremefitis quantized intd? e
{1,2,..., bmax} bits, i.e.,s; sends only! bits for the measurement
m¥ to the sink. The quantization intervaM r = [—M, M], with

We assume that the sensing inter@al is chosen such that the
value of 6, is changing much slower than the sensing rate. Under
this assumption, the filtered estimate

0r(0) = 60,(0 — 1) + (1 —0) 0y, (8)

is used for determining the likelihood of hypothe&i$ in the current
sensing interval, wherefy (¢ — 1) is the estimate from the previous
interval/—1 andé < 1 is a forgetting factor to account for dynamics
of 0x. For brevity, we omit the interval indekin the following and
denote the updated estimate By.
Given the described estimation procedure, deciding betwég
nd HY is performed using the generalized log-likelihood ratist te
LRT) [17], [33]

HY

Lh =z Ty, ©)
H
WhereLk is given by
ki, k k A
Lk _ log Pr(Hl |gl 7k 7yN;€9k) (10)
Pr(HO|y17' o 7yN)

Here, the threshold} is determined by the DRs. More details about

a fixed knownM > 0 which is determined based on the effectivgne getection procedure will be provided in Section Iil.

signal range that sensors can observe [8], [32]. In orderdwige
an unbiased estimate fdk, we use the probabilistic quantization
scheme from [32], wheré\  is divided into2b* equal intervals of
length A¥ = 221, and the measurementAf < m; < (n+ 1)A}

is mapped to its quantizatiogf’ = Q(m}) using the probabilities

mE — nAk

AF
1— P(yf =nAj).

k_

P(y; ”Ai‘g) 1-

P (yf

The quantization error variance for this method is given by

(n+1)AY) @3)

M2
k

@ -1

oi (b7) = )
A larger value ob? leads a smaller quantization error variapé¢b?)
and thus provides a higher accuracy of detection, but at dlse af
consuming more energy and bandwidth for transmitting mae d
bits to the sink. For brevity of notation, we define

k
T

= o} + of (b)) (5)

as effective measurement variance and omit the explicieiggnce
of 7F on b%.

We assume that each sensor performs sensing at regularaister
of length T’s. Accordingly, we define thgeneration rate of nodes;
for eventey, as

i =07/, (6)

Clearly, a node can tradeoff between accuracy and energguogn
tion by varying its generation rate.

As it is shown in [8], [32], the quantized measurements of

B. Transmission Model

Transmission of quantized measurements is performed using
TH-IR-UWB physical layer. As stated earlier, TH-IR-UWB races
a very low transmission power. In addition, it is fairly rauto
interference when time hopping codes are used for the tiaasm
of UWB pulses. Based on these properties, it is shown in [B4j t
power control is not required and each UWB node should trignsm
with the maximum permissible power. Motivated by this résule
assume that all sensors transmit with a fixed transmissio®pg; ..
Furthermore, we make use of the low spectral efficiency ptype
TH-IR-UWB and approximate the link capacity as a linear fioc
of SINR [25]. That is, we express the maximum achievable €4te
for transmission froms; to s; as
w
E Hij
where W is the bandwidth andi;; denotes the SINR for this link.
The latter is given by

Cij = (11)

Py Qi
0'12' +X ZleNj\{i} I{* Pew cuy’

Wij = (12)
whereI}* determines if nodé is a potential interferer, i.el;* = 1

if s; is transmitting, and//* = 0 otherwise. The parametgy is a
constant depending on the autocorrelation of the UWB pudse,
a;i; denotes the path gain between nodesand s;. For the latter,
we adopt the double-slope UWB channel model developed glurin
IEEE 802.15.4a standardization [35], [36], according taclth

aij(dij) = {

dij < do,

dij > do,

g — 1071 log,(dij)

iy indB), (13
co — 1072 IOglo(%) { ) 49

y® i = 1,...,N, generated by mapping (3) enable an unbiasethere g is the gain for the unit distancey is the gain for the
estimation off;, under hypothesigZf. The corresponding quasi-bestreference distancey, and 1,2 are the path-loss exponents. The

linear unbiased estimator (Q-BLUE) 6f; is specified as

1
b¥)

of + of(

1

71N

>

i=1

N

- (%

=1
This is essentially the same as the BLUE estimator given u
quantized data, except that the quantization variari¢e?) is added
to the noise variance?.

Yy
o + ok (0F)

SINR term in (12) along with the path gain model (13) are used i
this paper for computing the link capacities. We note, hawethat
other channel models could be used in our optimization freonie
The indicator termd;® in (12) are determined by the scheduling
of transmissions in the network. The joint scheduling andting
problem in UWB has been investigated in [25], [28], [34]. hese
studies, it is shown that finding the optimal scheduling @olto
achieve a given objective, such as minimum power consumpiio



maximum throughput, is in general NP-hard to solve, ancechfiit
techniques for finding an approximate solution are sugdestae
simpler interference-free scheduling, in which separatghands or
time slots are assigned to links that would otherwise canger-i Intal estimates for 0 ,k=1,....K
ference to each other, is often assumed when lifetime maation T Oembuedd L L Cenvalized
is done at the routing layer [7], [8], [14]. In this case, threcend Sink broadcasts
term in the denominator of SINR (12) would vanish and a larger LS orained
capacity would be obtained, at the cost of synchronizingrbees R S—
and providing orthogonal resources (time, frequency).e&nce the oo™ rtes o sensors.
UWB PHY provides robustness to interference (see (12)gfally T <&
designed interference-free scheduling is not requireaveyer, since
including the exact effect of the scheduling policy sigrmifity
increases the complexity of optimizing the routing layeb][428],
[34], in this work we resort to consider two extreme case® fitst
is the capacity lower bountd?iLj assuming maximum interference Sirk parorma GLRT (24) and deides on the
according tol{” = 1, VI € N, and the second is the capacity upper presemm{i"m =
bound CLL; assuminglf® = 0, VI € N in (12). This simplification
allows us (i) to provide a simplified model for lifetime opiiation in
UWB-based WSNs, (ii) to fairly compare the proposed franméwo é
to the existing literature which implicitly uses the schiéay with
no interference (i.e.C}’j) [7], [8], and (iii) to adapt the distributed
routing framework [14] to the problem at hand.

Finally, we consider dynamic channel coding [20], [22],][ZBhis
technique adaptively adjusts the channel code rate acgpitdi the
level of interference. This allows us to express the enemnsemed

Sink finds optimal routes and
generation rates by solving (35).

Sensors quantize the received signals
according to (3) and deliver data to the sink
using the optimal routes.

].

Sink performs Q-BLUE (7) and updates
the g, from (8).

Significant change in the estimated parameters 8.2

If event absent: Sink discards the
updated estimationsg,.

Fig. 3.  Flowchart of the proposed centralized and distetutifetime
maximization algorithms.

for the transmission of one bit from; to s; as optimization whenever the current estimate is notablyedift from
P, the estimate used previously for optimization. Since weiagsthat
Eiy = C_z‘ . (14) 6, is changing slowly compared tf., the optimization by the sink
)

is performed infrequently. Furthermore, since a@riori model for
the dynamics off, is assumed to be known, the optimization by
. the sink needs to be performed in a myopic fashion. The rguird
Let f7; be the data flow froms; to s; for evente,. Then, the flow generation rate optimizations in the distributed schereeparformed

C. Routing

conservation constraints are given by locally in each sensor, and the optimized local variabldg need to
rk oy Z I - Z k=0, Vik (15) be exchanged among theAne_lghborlng nodes. However, theregds
Jen JeN; to broadcast the estimatés in the network when notable changes

of these estimates occur.
In the next section, we present the centralized/R maximum
lifetime for joint event-detection (UMLJE) algorithm. Its distributed

Since all the flow is absorbed by the sink, the flow conserxaiso
valid for the sink node by defining

X N X version, referred to as D-UMLJE, is developed in Section IV.
To = — Z i, (16)
=t I1l. UWB M AXIMUM LIFETIME FORJOINT EVENT DETECTION
and noting thatf%, = 0, Vi, k. (UMLJE)

It is worth mentioning that the fraction of time taken for the
transmission of each flow ig};/Ci;. Thus, a feasible scheduling ¢4
can be obtained for the high interference case if

In UMLJE, the sink determines the generation rates and nguti
ws such that network lifetime is maximized and the DRs are
satisfied. In this section, we first make the implementatibrihe
ff] GRLT from (10) explicit. Then we formalize the DRs as funogo
ZZZ o <Ts. (A7) of generation rates and map them to equivalent convex @ontstr
iod kY Using these constraints, we devise a convex program forifétanie
This is also a sufficient condition for the existence of a ifdas maximization problem. For the derivation of the GLRT and Dirs
schedule in the interference-free with the capacity uppemd C;}.  closely follow [7], but we note that [7] did not consider qtiaation
of measurements at sensor nodes.

D. The Optimization Procedure

Based on the sensing, transmission, scheduling, and gommilels A. Closed-form Expression for the GLRT
explained above, a centralized and a distributed optimozadf  In order to obtain a closed-form expression for the GLRT, we
sensor rates; and flows f/; are devised in the next two sectionsapproximatey? as a Gaussian distributed random variable with
Figure 3 shows a flowchart of the proposed centralized aridalited  variancer? and meano, if HY, and meandy, if HY, where dy,
algorithms. As can be seen, in both methods the sink perfohes is the current estimation faf,, given by (8). Then, according to the
GLRT to decide forHg or Hf, and updates the estimate f6f  sensing model from Section II-A, the generalized likelitioatio L*
if the evente, is deemed present. In the centralized scheme, the(10) can be approximated as
sink also optimizes all routing variables and generatidesiaSince
the optimization of these parameters depends on the esttipatf F = z 1 (2ékyf _ éi) ) (18)

0r, as will be explained in Section lll, the sink needs to repbat —~ 27k



Therefore, the hypothesis test (9) follows as This implies that in order to meet the DR constraints, théovahg
R ) condition should be satisfied:
NGk HE L @2
— =z To+) —. 19 - - 2
Z; ok Z;zwf 49 g = (e - -eta-nh) @
It is convenient to make the following definitions: where the use ap, results in an achieved detection probability which
42 is never smaller than®. The expression in (30), through (20), (21),
pr o= =% (20) (5), and (6), links the generation rate’ to the DRs.
T, . .9 Lo
1 %1
v ’ . Finally, we show that for any giveg;,, the expression in (30) can
pro= Zd)i (21)  also be written as an equivalent constraint.
i Proposition 1: Define
| Nyt
s o @ N
i=1 i pF = Z — , F= 2k (31)
k k 1 N k i=1 ﬂ—i ék
T = (18 + 52% . (23) o . .
im1 Then, the DR constraint in (30) can be equivalently written a
Then, the GLRT (19) can be expressed in the compact form pk <k 32)
k H{c k . . e .
Rtz TV (24) Proof: Introducing the definitions (20), (21), and (31) into the
H§ inequality (30), we obtain
—1 —1 ~ N
B. Detection Requirements o (i 1 ) - (i ﬁ) 03 < 0p ¢k
= =y = 5 = UL S e =6
The DRs for event-detection applications are given in teofrthe im1 i = 0 LR
probability of detection -
ph = Pr(Lk > T§|H{“), (25) Proposition 1 states that the constraints (30) and (32) @n b

equivalently used to account for the DRs. Note that any vafug®
if event e is present (hypothesi#/{) and the probability of false can be mapped to specific DRs at a given event signal-to-maie
alarm (SNR),i.e.,0% /o2, As the DRs become stricteff becomes smaller
p’} = Pr(Lk > T§|H§), (26) and hence sensors need to generate more bits per measuiement
order to reduce” and satisfy (32).

While constraints (30) and (32) can be used interchangedbly
turns out that unlike (30), the expression (32) leads to aveon
formulation of the DRs in the generation rates [37]. This dan
verified by computing the Hessian matrix @f with respect to
variablesr¥ and noting that it is positive definite fol* > ko, where

- " ) i A ko > 0 is a small threshold. It is also worth mentioning that
The random variablé def'érﬁg in (22) has the variange’, and represents an upper bound on the mean square error (MSER of th

zero mean, ifH}, and mean-tzk, if HF. Sinceék approximates Q-BLUE estimation in (7) [8], [32].
0%, we assume thak(h*|H) ~ "*. Denoting by, the cumulative

distribution function (cdf) of the “standardi”, i.e., when its mean

and variance are adjusted @cand 1, respectively, and using (24) in C. Operational Lifetime

(26), the false alarm probability can be expressed as

if e, is absent (hypothesigI¥). Specifically, we focus on the
Neyman-Pearson detection model [7], [16], whele = v* and
pk > n* should be satisfied for some thresholefs and n*. That
is, the thresholdlyy in (9) is obtained by solving; = v* [17]. In
the following, we elaborate on this relationship, whichoatelates
the DR parameters® andn* to the sensor generation ratefs

We are interested in finding the maximum time during which the

. TF 0 network is able to detect given events with the required aiete
pr=1-¢ Jor ) (27)  probabilities, which we define as the operational lifetinfe tioe
network.

Sincey is not a one-to-one function due to the quantization step, welet ¢; denote the operational lifetime of nodeduring which it is
first need to define its inverse in an unambiguous manner. dret fable to perform sensing and routing for the events beforerigsgy
values of{zo < z1 < -+ < Tpy1}, {Po =0 < p1 < --- < p, = E;is depleted. We can expressas

1} be the set of values thai(z) can take, i.e.x; < z < zit1 <

p(z) = pi. Forp; < p < piy1 we define two inverse functions, t; = Ei
@ '(p) =z and ;' (p) = ziy1. Then, settingys = v leads to > (Ifk’:ﬁ—i+zj F5iBra 4+ 32, £ (Ep +Em))
the detection threshold

o (33)

. . . whereE;, E,,, andE, is the energy consumed for sensing, receiving
T = VFe; (1 -v ) ; (28) a bit, and processing a bit, respectively. In (3B), = 1 only if s;

. . erforms sensing for the eveat, and the terms in the denominator
where the use ap; causes the achieved false alarm probability nott§ 9 o

T e .__correspond to the energy consumed for sensing, receivittjirans-
be larger t]tlan tr,le. desired. Similarly, from the demanded dEtec:t'onmitting data, respectively, in each sensing interval. Tperational
accuracyp,; > n" it follows that

lifetime of the networkT is then defined as the minimum lifetime

ko k among the nodes:
1—w<5—iﬂ)>nV (29)

Vi

T = mint; . (34)



Defining the inverse of the lifetimeg; = % lifetime maximization A. Distributed UMLJE (D-UMLJE)

can be written as the following optimization problem: To explain this in more detail, we start with the regularized
. : objective
min ¢ subjectto
ark.sl Jeg=a" ey (f5)?, (36)

1,7,k
35a
. . . _ (352) wheree is the regularization weight. Note that the all terms in the
ri + iji - Zfij =0,vi,k (35b) objective function are differentiable. The Lagrangiaraxeltion can
J J

then be used to obtain the following regularized decomjasiof

s B . . the original problem in (35):
3 (1 B4 S B+ S AE 4 ) < gl problem in (35
k s j J
qE: Vi (35c) qﬁn“} ¢ +ed () +Zw (0" = ¢")
—1 i 0,5,k
al 1 k
27]\{2 < Z)\ _Tz Zf]z"‘Zfl]
i=1 o+ ——
(2" —1)2
N2
Ok . Vk (35d) + ZTZ (Z < =+ ZszEmL Zfz] E, + Etz)) - Ez)
(e s} oo
bmax .
0< < T, ik (35€)  subjectto 0 <rf < b‘,}:",
0<gq, (35f) (37b)
0 < f5,Vi, 4, k. (350) 0<gq, (37¢)

k
In (35), the constraint (35b) ensures flow conservation, tied 0= fij,

constraint (35c) gives the local energy consumption in thdes (37d)
based on (33). Note that in each node, the total energy cqutgarm where Lagrange multipliers?, 7;, andw”® correspond to constraints
for detecting, sensing, and reporting of all events is Jgiobnsidered. (35b), (35c), and (35d) of the original problem, respedyiveroblem
Since this constraint also considers the total flow for mldtievents, (37) is analogous to the distributed problem in [14, SecC)Vbut
the optimal solution will efficiently avoid the bottleneckuations here the variables)* enable us to account for the DR constraints.
which would occur if single event detection methods like, [[B] Note that the objective (37a) is locally separable over flaniables
were applied. Consequently, the optimal solution will bat the f". In other words, nodes can optimize the flow variables by
energy consumption for sensing and communicating among tBgchanging the Lagrange multiplie’d’ and 7; only between their
UWB-enabled sensors to achieve the highest operatiomsintié. In  neighbors. However, this fact does not hold for the variabland p*,
addition, the DR constraint (35d) ensures that the DRs i) 86 and the Lagrange multipliets®. Hence, problem (37) is partially
satisfied as well. Numerical evidence and quantitativeli®sfithese separable distributed optimization [14]. In order to map (37) to its
properties are provided in Section V, specifically, in Fggid, 6, fully distributed equivalent, we need to define local valésty; and
and 8. Finally, the last three constraints give the rangeaoiables. ¥ and solve the following optimization:

While (35d) is written in terms of optimization variablesy forevity,

. 2 kN2 k/ k k
we will use the compact form (32) in the following. qI}EI}k E :qz- te E :(fz‘j) + E Jwi (P = ¢")
Furthermore, note that in the optimization (35), we conside Y ¢ ik ‘
continuous variables’. From the solution, we obtaibf by rounding k k k 2
) ' - Ao =k =
to the nearest integer. Consequently, all the constraidspe (35d) + Z ! K Z it Z Fis

are linear and simple to handle for optimization routinelsege con-

straints are also typically considered in existing lifetimaximization . =
frameworks such as [13], [14]. Moreover, the DR constraBgdj, * ;TZ <; < -+ Zf” " Zf” bt B >
which is unique to our problem, is also convex in the variabi G E)
Hence, (35) is a convex optimization problem and can efftbidme '
solved by standard methods. Since the DR constraint (35u8rks +> Aglai—a) + > Thpf —py) (38a)
on the value ofj,, a new optimization should be performed by the b bk
sink if these parameters have notably changed over time. subject to 0 < ¥ < bmax7 Vi, k (38b)

IV. EXTENSION TODISTRIBUTED OPTIMIZATION 0< ¢, Vi, (38¢)

0< £k, Vi, j, k, (38d)

In this section, we devise a distributed version of UMLJE jalth
we refer to as D-UMLJE. To this end, we apply a dual decomjmwsit where the objective is summed over the newly-defined loa#bkes,
method similar to the one from [14] and [38], which decomoseand the last two terms in the objective are inserted in oalésrce the
problem (35) into local subproblems by means of Lagrangiaxr local variablesy; and p¥ to be equal to their global value. After this
ation. These problems are solved by exchanging Lagranggpiiers modification, every single term in the objective (38a) isasaple
between nodes and updating the variables based on the didygra over all variablesy;, 7, fZJ and Lagrange multipliers'?, r;, wr,
method. This process is continued until the variables agev® their  A;;, Tk However, note that the value gf, which is independent
global optimal point, i.e., when the subgradient methodnahle to of Iocal variables, needs to be broadcasted to all nodes aveera
improve the current values of the local variables. significant change id* is observed, and therefore D-UMLJE is not



fully distributed in the strict sense. But since D-UMLJE istdbuted
as far as the solution of the optimization problem is conedyrwe
refer to D-UMLJE as a distributed solution similar to [14].

overhead in UMLJE comes from the initial collection of SINRwes
in the sink. Also, the optimized data need to be sent by thie &in
each node. Hence, we hav&(I") two-way transmissions between

The distributed problem (38) is solved using the subgrddienodes and sink per node, whefeis the average network depth,
method. At each iteration, the sens@r solves the localized part i.e., the average number of hops that a node needs for camgpect

of (38) with only the terms involving its own variables usitige
current values of Lagrangian multipliers obtained from ginevious
iteration. Mathematically, at iteratiof

() = argmin | ¢ —g | Eimi+ Y (Ay—Au) | |, Vi,
0<¢q; <Q JEN;
K K
ff](é) = argmineZ(fikj)2 + Zflkj (()‘iC - )‘5)
0<ff k=1 k=1
—+ TL(Ep"FEt‘L)—’_T]ET‘L)? VZMY €M7
ri(l) = argmin | pf |wF+ Z (Tfj - sz)

k < bmax
osrh <ty

rEXY), ik,

JEN;

where() is a loose upper bound fagt and all the terms in right hand ;4 o(1)

side are from iteratiod — 1. Also, according to the definition gf*
in (31), the values opf(¢) are updated as

0= (5 - ey )
' pr(l=1) wf(—1)  m(e) ’
wherer? (¢—1) and=(¢) are the variances corresponding-fa¢—
1) andrf (¢) defined in (5). We observe that optimization oyer 5,
andr? takes place separately. In addition, the optimizationgfcand
f{; are in the form of a quadratic functions, for which closedxyfo
solutions exist.

Finally, the update rules for Lagrange multipliers basedtlos
subgradient method are given by

GO = (whe-nrue-1 (¢ -at))
N = A1) (mzm-zﬁj),
n(0) = <n(e_1)+u(e_1) <qE_;<k§_
- ij’%Em—ZfZ;(EﬁEm)))) :
Aij (€) A;(f -+ u(z -1 (¢ —q5), i
T = The-D+ul-1) (o - o), (41)

wherew(¢) is a decreasing function &f and(.); maps the negative

values ta0 [14], [39]. Note that the Lagrange multipliers are update

using the results of optimizations in (39) at the same itemat
The convergence of the above-mentioned subgradient méthtiee

optimal solution of the problem (38) can be shown using thaesa

arguments as [14]. Furthermore, strong duality holds betwihe
UMLJE (35) and the un-regularized D-UMLJE (i.e., (38) with= 0).
Hence, choosing a small regularization weiglgllows us to closely
approximate the optimal solution of the UMLJE. (See [14,t®Bes
IV and V] and references therein for further details.)

B. Discussion

to the sink. On the other hand, D-UMLJE only requiréSE)
communications per node per iteration for exchanging dpttion
variables, whereF is the average number of neighbors of a node
in the network. For a fixed density; grows with network sizeV,
but E is independent ofV, which renders D-UMLJE scalable with
regards to message exchange for optimization, and thusr lsetited
than UMLJE for larger networks. However, denser topologiesild
lead to an increased packet exchange between neighborsdalr |
optimization in D-UMLJE. Finally, as mentioned abov€, variables
¢* in D-UMLJE and the optimization results in UMLJE need to be
broadcasted by the sink.

With regards to computational complexity, the problem (85)
more computationally-involved than each round of the itisted
optimizations (39)-(41). Specifically, solving the conwptimization

(39) (35) in a centralized manner has a computational compleafty

O(N?), while the complexity of each distributed update iteration
at every node. Our simulations indicate that the number
of iterations needed for D-UMLJE to converge is typically{ V).
Hence, unless the sink has considerably more computati@ial
sources than the other sensor nodes, D-UMLJE is preferatirns

of complexity.

2) Dynamics of 6*: If no prior knowledge is availablé)* can be
initialized arbitrarily. (For the numerical results refet in the next
section, we initialize it a®). Through the choice of the forgetting
factord, we can trade-off speed of convergence towards the true valu
6* and steady-state accuracy of the estimate. However, afoumied
initialization of * is only needed at a first acquisition, then this
parameter can be tracked. This also means dhabuld be chosen
smaller during acquisition, and then larger in the trackpimse.
Since updates of the estimate 6f also lead to broadcasts from
the sink for updating’® in D-UMLJE and of optimization results
in UMLJE, there is a tradeoff between tracking accuracy’vbfand
energy consumption for communicating parameter updates.

V. PERFORMANCEEVALUATION

In this section, we examine the performance of the proposed
UMLJE and D-UMLJE approaches and compare them with pre-
viously proposed maximum lifetime and event detection mesh
namely, MERG [7, Alg. 2], MLB [8], and URFP [28, Figure 2].
Recall that MERG finds the minimum energy routes that satiséy
DRs. The best route is obtained by maximizing a lower bournd fo
lifetime. URFP connects the source nodes to the sink thrabhgh
links with the highest data rates. Finally, MLB tries to nrakie an
ypper bound for lifetime by decoupling the quantization amakting
problems. Since the decoupled routing problem in MLB is tieh
to the routing problem in URFP, MLB and URFP use the same set of
routes. We also note that for URFP and MERG, there is no nation
quantization bits¥, and we equally divide the required bits between
the nodes in the sensing range of an event. In the simulatives
always apply the interference-free scheduling to MERG, Ml
URFP.

Table | summarizes the parameters used for the simulatfeors.
the UWB channel model, the non-line-of-sight (NLOS) indoffice
environment is assumed [36]. The energy consumption paeasne
are chosen according to a typical UWB device [20], [40]. I th

1) Overhead Comparison: As stated earlier, both UMLJE and simulations, the number of nodes varies frafn= 10 to N = 50
D-UMLJE schemes incur signalling overhead for exchanging tfor detectingK’ = 2 events. Unless otherwise specified, all sensors

information with the sink or their neighboring nodes. Thejona

are assumed to experience the same noise variance, andfdudt de



TABLE | 5 25X 10"
SIMULATION PARAMETERS = omLE )
---D-UMLJE (CY)
2.2
Parameter Value Parameter Value n 215
S 515l
8 2.
Y1 2.0 Y2 3.07 é
do 4m g —60 dB 5 21|
G 1 D 12 m -
Py —14.3 dBm Ts 1 Sec. 2.05}
Erq 2.5 nJ/bit E, 10 pJ/bit
L 10 J Es 10 nJ B a2 1 18 18 20
% 1.0 GHz o2 —84 dBm Number of nodes, N
- 7
K 2-5 N 10 - 50 Fig. 5. Network lifetime of UMLJE and D-UMLJE as a function mimber
é 0.9 X 0.08 of nodes forK = 2 events.
Simulation runs 100 bmax 12 bits X
€ max{0.1, exp(;—ol)} u(l) max{0.01, &2} 4210
Ve 2 £ ---D-UMLJE (cY) e
M 50.0 dB — 37.0 dB 35/ -p_UMLIE (CY) e
3l|~=—URFP and MLB AT bt
_ |-=—MerRG e
3
detection requirements are set#46 = 0.90 and v* = 0.10. We <
assume that the parametefs remain constant with an SNR of %
i—’; = 37.0 dB Vi, k, and are perfectly estimated, i.é), = 0, 3

=

=1,...,K.
A. A Sample Scenario

We first consider an example with = 25 nodes andk = 2 10 20 30 40 50
. . I Number of nodes, N

events shown in Figure 4. In this figure, sensor nodes aresepted
by circles, and the events, which are located at the rightessy Fig 6. Network lifetime of MERG, URFP and D-UMLJE as a functiof
are identified by the squares. The sink is located at the Idefer network sizeN for K = 2 events.
corner. For this example, we apply the interference-fréeedaling
with detection requirements ofyf = 0.97, v* = 0.03). The set of
routes found by URFP, MERG, and the proposed UMLJE are showary from 10 to 20 under the interference-free scheduliad’. In
in Figures 4(a), 4(b), and 4(c), respectively. As statedviptesly, D-UMLJE, a node stops its local updates if for all variablée t
URFP routes also represent the MLB routes. The numbers in ttidference between the updated and previous value is less th
brackets in Figure 4 show the number of quantization #itat each 0.1% in ten consecutive iterations. This stopping critereould be
node and the numbers in the parentheses show the amount dhflowelaxed for an earlier stop, and to tradeoff complexity anérgy
the link for each event. Each line’s thickness is propodlaio the consumption for optimization with performance and lifetifior event
amount of flow on the corresponding link. In Figure 4(c), ascare detection. As can be seen, the optimal value of D-UMLJE ig/ ver
used for indicating the direction of flows in the network. close to that for UMLJE. This fact is expected due to the gfron

As can be seen from Figure 4(c), the total flow for jointly d¢itegy  duality between UMLJE and un-regularized D-UMLJE [14]. The
e1 andes is completely distributed between the nodes in the netwodmall gap is due to the regularization weight. Hence, we igeov
core, i.e., the nodes in the transmission range of the sipécifically, a powerful lifetime maximization solution that can be impknted
in UMLJE there are4 nodes that transmit to the sink, while inin a distributed manner.
Figures 4(a) and 4(b) only node transmits to the sink. The balance For network sizes of0 to 50 nodes, we compare the performance
of flows in the network core causes this nodes to run out ofggnerof D-UMLJE with URFP (also MLB) and MERG in Figure 6. In this
almost at the same time, and thus avoids the bottleneck garobl figure, the lifetime of D-UMLJE with both lower and upper balsn
Note that, following the arrows in Figure 4(c), it can be abee of link capacities ¢, CY) are shown. We observe from Figure 6
that UMLJE directs a fare proportion of flow generated frem that the lifetime obtained using D-UMLJE is significantlyproved
downwards, in order to balance the flow between the three cdsg increasing the number of nodes and thus node densitye gina
nodes that carry traffic from this part of the network. Notatth network with larger number of nodes, the optimization iseail find
in UMLJE, the number of quantization bits for estimating aer® more paths towards the sink and balance energy consumptionga
may vary among sensors. This is because UMLJE jointly ogésii them. On the other hand, MERG fails to grab this opportusityce
the quantization and routing problems, hence quantizatitsare after satisfying the DRs, MERG always chooses a minimumggner
adjusted according to the optimal routes. On the other hitid3  route regardless of its load, which is clearly not a lifetiopgimal
decouples the quantization problem and thus the quamtizdiit approach in the presence of multiple events. Although fletiriie in
assignments are independent of the routes. Since the tetwor URFP (also MLB) is slightly improved by increasiny from 40 to
homogeneous, i.e., noise variances are the same, MLB as8lign 50, the overall lifetime is significantly lower than that for OMLJE
same number of quantization bits to different sensors. due to the fact that URFP sacrifices the lifetime by findingrthees

with higher capacities. This also shows the disadvantagillds,

B. Performance Comparison which tries to maximize a loose upper bound on lifetime based

Figure 5 compares the maximum lifetime obtained from UMLJEhe MSE requirements.
and D-UMLJE with K = 2 events when the number of nodes It can also be seen from Figure 6 that the lifetime of the psepo
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Fig. 8. Achieved detection rate as a function of the desiretealion

Fig. 7. Network lifetime as a function of DRs fo¥ = 25 nodes andx’ = 2 probability . Dotted line shows the5° line for reference.

events. A smaller value af* corresponds to a stricter DR, which is shown
as (n*,v*) for each point.

C. Convergence of D-UMLJE

method with interference-free schedulir@U() is larger than that for ) ) ) ) )
maximum interference scenari6't), since in the latter the consumed ' this section, we present some simulation results totitite the
transmission energy per bit is higher. convergence properties of D-UMLJE. Considering netwo_rlelfss
of N =10, 25, and50, and K = 2 events, we plot the variableg
Figure 7 compares the lifetime of D-UMLJE, URFP (also MLB)and p¥, normalized to their final values, as a function of the iterat

and MERG for different DRg" in a network withN' = 25 nodes number in Figure 9. Figure 9(a) shows the evolutiongofior two

and K = 2 events under interference-free scheduling. Note thajelected sensors for each network size, and Figure 9(blidemv
as explained in Section III-B, any value ¢f can be mapped to a plots of p* for one selected sensor for each network size. As can
specific DR at a given event SNR based on (31). These corrésgpn pe seen,? generally converges faster tham. In particular, after
values for each(* are also shown in this figure. Note that a largeabout 100 iterations, the values fop” are practically converged to
¢* corresponds to a looser DR and hence a smaller generatien rgieir final value, regardless of the network size. This isabee the
Therefore, lifetime increases g4 increases. As can be further Seelariablesp? are only updated by the nodes in the sensing range of
from Figure 7, for a given DR, the lifetimes of URFP, MLB, and.,, and thus there is no scalability issue with regards to netwo
MERG are significantly lower than that for D-UMLJE. This st®w gjze V. Compared to this, the convergence @frequires a larger
that D-UMLJE is able to find the best routing and quantizationumber of iterations and the convergence time increasésngtivork
strategy for the given DR. size. Balancing the network traffic by adjusting the locaialalesg;

Figure 8 shows the detection rate achieved in a network. THYOUgh local message passing eventually involves an rirdgon
detection rate should ideally match to the desiréchssigned in the €Xchange throughout the entire network.
optimization, but because of the quantization of obsesvatariables, Figure 9(c) shows the convergence of the dual value (38apaler
it deviates from its ideal value. As can be seen in Figure 8, thized to its optimal for three scenarios of network sizes\of= 10,
achieved detection rate is never smaller than the assigakes wf 25, and50. As can be seen, the convergence is fairly fast, i.e. nodes
n* and is very close t@)" for higher values, because more bits arean find a solution close to the optimal one after few iteratioAs
used for reporting an event, and thus the Gaussian approgimia expected, more number of iterations is needed for convegyém
tighter. larger networks.
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