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Introduction

Recent years have witnessed an exponential growth of mriwel manufacturing
techniques and, in particular, of powerful sensor devitée costs of these sensors
have dropped, leading to an increasing interest on senseore for civilian appli-
cations, e.g., environmental monitoring. The use of senstworks in the military
field has, on the other hand, a long history.

In all cases, the goal of a sensor network is to identify tlaust of a pheno-
menon of interest through a collaborative action of the @ensAn istance of this
collaborative action is given hgistributed detectionThe increasing interest for sen-
sor networks has, therefore, spurred a significant actositythe design of efficient
distributed detection techniques.

In this thesis, we investigate how the structural propemiethe physical pheno-
menon under observation can be taken into account in degiglistributed detection
algorithms for sensor networks. After an accurate litesgurvey (Chapter 1), this
thesis will be structured around the following themes.

« Distributed detection of spatiallgonstantphenomena, i.e., phenomena with
the same status across the sensors (Chapter 2). We firshipagsanalytical
framework for performance evaluation of multihop clustesensor networks,
with multi-level information fusion. In this case, a simpleclustering proce-
dure is proposed to prolong the network lifetime. Finallyy dramework is
extended to scenarios with non-constant observation SNIRpassible joint
decoding/fusion strategies at the access point (AP).

« Distributed detection of a phenomenon whose status clsandependently



2 Introduction

from sensor to sensor (Chapter 3). In this case, the goaleoAR is to re-
construct the overall phenomenon status. Thereoforejdtiewletection algo-
rithms with reduced computational complexity are propcsed compared to
the optimum minimum mean square error (MMSE) strategy.

« Distributed detection of spatiallyorrelatedsources (Chapter 4). In this case,
we design distributed detection algorithms which take attoount the spatial
correlation among the sensors in scenarios with or withouintermediate
relay. Moreover, the impact of simple power control straegs evaluated.

In all cases, a lot of emphasis is put on the negative impaittteohoise in the com-
munication channels and proper techniques are incorgbrate the proposed algo-
rithms to counter-act this limitation. Moreover, simutatiand experimental results,
relative to IEEE 802.15.4 sensor networks, are providedrder to validate our ana-
lytical framework also in these more realistic scenarios.



Chapter 1

Literature Analysis and
Motivations

1.1 Introduction

Recent years have witnessed an increasing interest forstmefudistributed dete-
ction techniques in sensor networks [2], especially foilielr applications [3], e.g.,
environmental monitoring [4]. The application of distribd detection techniques in
the military field has, on the other hand, a long history. Incakes, the goal of a
sensor network with distributed detection is to identifg #tatus of a phenomenon
of interest through a collaborative action of the senso}sTBe increasing interest
for sensor networks has, therefore, spurred a significdivitgon the design of effi-
cient distributed detection techniques, in order to obtaitt-tolerant networks with
the longest possible lifetime [6].

This chapter is structured as follows. In Section 1.2, wéeke\the literature re-
lated to the distributed detection of spatially constargmimena, i.e., phenomena
with the same status across all the sensors. In Section & faaus on the techniques
proposed in the literature for distributed detection oftiglg non-constant pheno-
mena, i.e., phenomena changing independently their stains sensor to sensor.
Finally, in Section 1.4 we focus on techniques which exploé spatial correlation
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of the observed phenomenon.

1.2 Detection of Spatially Constant Phenomena

Several communication-theoretic-oriented approachge haen proposed to study
decentralized detection [7—14]. In [15], the authors fella Bayesian approach for
the minimization of the probability of decision error at tA® and study optimal
fusion rules. Most of the proposed approaches are basecea@asgiumption oideal
communication links between the sensors and the AP. Howigvarrealistic com-
munication scenario, these links are likely to haisy [16]. The impact of noisy
communication links on the design of optimal fusion rulegvaluated in [17-21].
A practical and widely used model for the noisy communicatioks is the binary
symmetric channel (BSC) [17-21]. In [21], a few techniquess @roposed to make
the system more robust against the noise. In [13], the authwsiders MMSE para-
meter estimation in sensor networks. Use of censoring idhgos at the sensors has
also been studied for the design of decentralized detestbames [22]. In [23] the
authors analyze aspects related to compression of obsdatadusing distributed
source coding) and data transmission.

Information-theoretic approaches have also been proposdte study of sen-
sor networks with decentralized detection. In [12], théhatd propose a framework
to characterize a sensor network in terms of its entropy ats# falarm/missed de-
tection probabilities. Information theory has also beeedus tackle the problem
of optimally placing sensors over a given surface to meetctimsen design crite-
rion. In [24], the mutual information is evaluated in a sadmavith censoring sen-
sors which transmit their local likelihood ratios, by making the probability of
correct decision [25]. In order to optimally place the seasaver a given surface,
system entropy and mutual information are considered ihd8@ [27], respectively.
In [28], an information-theoretic approach is proposeddives with limited com-
plexity, the problem of sensor selection and placement dayet localization and
tracking. Decentralized detection algorithms, based eretfaluation of the sensor
network mutual information, have also been proposed togdésitelligent systems
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that recognize, in a robust manner, a target in a scene waijgtily changes [29].

The impact of communication constraints, e.g., limiteddwaidth and presence
of noise, is considered in [30], where a randomization pgrador decentralized
detection is proposed to overcome the communication bogitk. In [31], the au-
thors consider the problem of decentralized detectiowimelesssensor networks
where communication links are affected by fading. In thietadcenario, the optimal
distributed detection strategy is first derived, on the dasithe integration of the
communication and fusion phases, and then suboptimal iiregja limited a pri-
ori knowledge of the channel state) strategies are develdpds approach is further
extended in [17], where the authors optimize the local datistrategy in sensor net-
works with fading, and in [32], where the authors propose cedgalized detection
strategy based on censoring sensors, which transmit ordy wheir local likelihood
ratios are sufficiently large.

One of the critical issues in designing sensor networksdis #nergy efficiency,
especially in wireless scenarios, where sensors may berpgtbwered. Motivated
by recent theoretical results in the area of network codB®-88], significant re-
search activity has been devoted to the development offgpelsannel coding strate-
gies. Although preliminary works focus on scenarios widteillcommunication chan-
nels, the impact of communication noise has also been igatst [39]. Moreover,
distributed network coding strategies for the multi-ascedgay channel, i.e., a chan-
nel where source nodes can send their information to théndésn through a com-
mon relay node, have been investigated [40, 41].

The problem of extending the sensor network lifetime is @aliconsequence
of the energy efficiency in scenarios with battery-poweredes. In particular, the
derivation of upper bounds for the sensor network lifetiras been exploited. In [42—
50], various analyses are carried out according to theqoeeiti sensor network archi-
tecture and the definition of sensor network lifetime. In][%lsimple formula, inde-
pendent of these parameters, is provided for the compantafithe sensor network
lifetime and a medium access control (MAC) protocol is psgzbto maximize the
sensor network lifetime. In [52], a distributed MAC protbc®designed in order to
maximize the network lifetime. In [53], network lifetime ieization is considered
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as the main criterion for the design of sensor networks wétla djathering. In [54],
the authors consider a realistic sensor network with nogegpped with TinyOS, an
event-based operating system for networked sensor metéisislscenario, the net-
work lifetime is evaluated as a function of the average disteof the sensors from
the central data collector. In [55], an analytical framekydrased on the Chen-Stein
method of Poisson approximation, is proposed in order to thedcritical time at
which isolated nodes, i.e., nodes without neighbors in #tevork, begin to appear,
due to the deaths of other nodes. Although this method isetbifior generic net-
works where nodes are randomly deployed and can die in amanuknner, this can
also be applied to sensor networks. Finally, an importaga af application of wire-
less sensor networking is the medical field. In [56], an asialpf network lifetime
using IEEE 802.15.4 sensor networks [57] is derived for ltimsl of applications.

In several situations, the sensors might observednesgphenomenon witlrary-
ing quality. In other words, while some sensors might have direct adoeb® phe-
nomenon (e.g., they are close to a monitored source of fwhér, sensors might not
(e.g., there is an obstruction between them and the targatesof heat). Therefore, a
relevant problem, with practical implications, consist®valuating the performance
of distributed detection schemes with non-constant olasiervquality at the sensors.

1.3 Detection of Spatially Non-Constant Phenomena

While in Section 1.2 we surveyed the literature on decdm@dldetection of a pheno-
menoncommorfor all sensors, it is of interest to analyze cases wheretétessof the
phenomenon may vary from sensor to sensor. In [58], the euttomsider a scenario
with a single phenomenon status change (denoted, in tlosvioll, asboundary and
propose a framework, based on minimum mean square error @)MS&imation, to
determine the position of this boundary. In [59], under thguanption of proper regu-
larity of the observed boundary, a reduced-complexity MMEoder is proposed.
In [60], the authors show that an MMSE decoder is unfeasiiidafge scale sensor
networks, due to its computational complexity, and prop@shstributed detection
strategy based on factor graphs and the sum-product dgorMoreover, MMSE-
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based distributed detection schemes have also been gatestiin scenarios with
a common binary phenomenon under observation and bandeddftstraints [61].
Finally, in [62, 63] the authors examine the problem of deiamg boundaries of
natural phenomena through proper processing of data tadldry sensor networks.
In those papers, particular attention is devoted to thenesitbn accuracy, given in
terms of the confidence interval of the results obtained thighproposed framework.

1.4 Detection of Correlated Sources

In the previous sections, we focused on scenarios wherehgreopnenon under ob-
servation iscommonfor all sensors or may changedependenthacross them. Ho-
wever, in a more general case, the phenomenon status otbsgreach sensor can
be correlated In the case of a single collector node (the AP), this probierof-
ten referred to as the reach-back channel problem [64—67{s Isimplest form, it
can be summarized as follows: two independent nodes havarisnit correlated
sensed data to a collector node by spending the minimumipessnergy, i.e., by
exploiting in some way the implicit correlation among thdaddn the case of or-
thogonal additive white Gaussian noise (AWGN) channels,sttparation between
source and channel coding is optimal [67, 68]. This meantsthieatheoretical limit
can be achieved by, first, compressing each source up to #mas8iWolf (SW)
limit and, then, utilizing two independent capacity-asfig channel codes (one per
source). However, implementing a practical system basegparation, i.e., distribu-
ted source coding (DSC), is not straightforward [69—73pdnticular, the problem of
designing good practical codes for correlated sourcedllisistopen issue [74] and,
moreover, separation between source and channel codindeadyto catastrophic
error propagation.

An alternative approach to exploiting the correlation begw sources is repre-
sented by joint source-channel coding (JSCC). In this dhsecorrelated sources
are not source-encoded but only channel-encoded. If we ammfor a given infor-
mation rate, a JSCC system with a system based on sourceéttsgparation, the
channel codes used in the JSCC system must be less powsrfuhfth higher rate).
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This weakness can be compensated by exploiting the caorelaetween sources
at the joint decoder, making the overall performance apbralae theoretical limits.
Note that in the JSCC approach, the sources are encodec:imtkayily of each other
(i.e., for a given source neither the realizations from ttheepsources nor the corre-
lation model are available at the encoder site) and tratstnihrough the channel.
Correlation between the sources, instead, must be asswmag known or accu-
rately estimated at the (common) receiver, which aims atrebenstruction of the
two sources. Works dealing with JISCC schemes have so faideped turbo or low-
density parity-check (LDPC) codes [75—77], in such a way tha decoder can ex-
ploit the correlation among sources by performing propessage passing between
the two decoders. Recently, the application of ratelesggdths also been conside-
red to improve the performance of multiple access syste®<fi.

In [80], the authors consider LDPC coding at the sources ataark coding
at the relay, and their goal is to derive an overall Tanneplyta describe the joint
LDPC/network code and implement message-passing decoiogeover, in [80]
scenarios with only two sources are considered, wheredsasuework is applicable
to scenarios with any number of sources. Note also that medtwyorks with a sin-
gle source (and not correlated sources) and single destinaave been thoroughly
investigated [81, 82]. Although cooperative coding [83,B4ds also been applied to
relayed schemes [85,86], we underline that our focus isaRcooperativeschemes,
i.e., schemes where the sources do not cooperate dire¢hyeath other.

The performance of multiple access schemes can be imprgvibe luse of feed-
back. In general terms, the collector can provide the ssuvgéh supplementary
information (e.g., on the links’ states) to allow them to etmr-act the effects of
channel noise. From an information-theoretic viewpoirttjle/feedback does not in-
crease the capacity of a memoryless channel with one sendema receiver [87], it
is well known that the capacity region of multiple accessneiads increases through
the use of feedback [88, 89]. In [90, 91], the authors deog# source-channel co-
ding strategies for multiple-access channels with feekibad correlated sources.



Chapter 2

Distributed Detection of Spatially
Constant Phenomena

2.1 Introduction

In this chapter, we analyze the problem of distributed dieteof a spatially constant
phenomenon in wireless sensor networks. We first presemhecaication-theoretic
framework on distributed detection in clustered sensoworts where hierarchical
multi-level fusion is considered. The sensor nodes obserbary phenomenon
and transmit their own data to an AP, possibly through inesliate fusion centers
(FCs), which perform majority-like fusion strategies. Wwdstigate the impact of
uniform and non-uniform clustering on the system perforcearevaluated in terms
of probability of decision error on the phenomenon statiubeaAP. Our results show
that uniform clustering leads to minimum performance déegtian, which depends
only on the number of decision levels, rather than on theipetustered topology.
Since the uniform clustering topology allows to reduce tbggrmance loss in-
curred by multi-level information fusion, we then investig the benefits, in terms of
longer network lifetime, o&daptive reclusteringln particular, the lifetime is studied
under a physical layer quality of service (QoS) constragiten by the maximum
tolerable probability of decision error at the AP. On theenthand,absence of re-
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clusteringleads to a shorter network lifetime, and we show the impactapius
clustering configurations under different QoS conditio@sr results show that the
organization of sensors infaw big clusterss the winning strategy to maximize the
network lifetime. Moreover, the observation of the phennoreshould bdrequent
in order to limit the penalties associated with the reclisteprocedure.

Although our analysis in based on the assumption of constgnal-to-noise ra-
tio (SNR) at the sensors, we show how to extend it to senswranks$ characterized
by non-constanbbservation SNRs at the sensors. Furthermore, we sbawthe im-
pact of communication noise in the links between the sersmidhe AP depends on
the sensor SNR profile (i.e., the spatial distribution of dhservation noise). More
precisely, different sensor SNR profiles are compared umdeglternative assump-
tions: (i) commormaximunsensor SNR or (i) commoaveragesensor SNR.

Finally, we study how to combine decoding and fusion at theilABensor net-
works for distributed detection to improve the performantacenarios where the
sensors communicate to the AP througbisy communication links. Simple distri-
buted channel coding strategies are analyzed, either uvspwiition coding at each
sensor (i.e., multiple observations) or distributed (rekawide) systematic block
channel coding. In the latter case, the use of a relay is pegpan all cases, the
system performance is analyzeeparatingor joining the decoding and fusion ope-
rations at the AP. Our results show that the schemes with iEooding and fusion
show a significant performance improvement with respech#b of schemes with
separate decoding and fusion and the usmultiple observationss often the win-
ning choice at practical values of the probability of demiserror.

Throughout this chapter, the analytical approach is exértd realistic sensor
networks, based on commercial protocols. In particulanutation (relative to Zig-
bee networks) and experimental (relative to IEEE 802.baged networks) results,
which confirm the analytical predictions, are presentedgckimg the proposed ana-
lytical framework and showing how typical networking perfance metrics (such
as throughput and delay) are influenced by the probabilitjeafsion error.

This chapter is structured as follows. In Section 2.2, wesgme the analytical
framework to analyze the peformance of clustered sensaronks. In Section 2.3,
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we analyze the sensor network lifetime in the presence optbposed distributed
detection startegies. In Section 2.4, we extend our framewntake into account

possible non-constant SNR spatial distributions at theasnIn Section 2.5, we ex-
tend the framework also to take into account the presencéfefaht detection/fusion

strategies. Finally, in Section 2.6 concluding remarksgaren.

2.2 Distributed Detection in Clustered Sensor Networks

2.2.1 Preliminaries on Distributed Binary Detection

We consider a network scenario whersensors observecammon binary phenome-
nonwhose status is defined as follows:

- Hp with probability pg
~ | Hi with probability 1— po

wherepg = P(H = Hp). In the remainder of this thesis, if no otherwise stated, we
will focus on a scenario with equal a priori probabilitiestbé phenomenon, i.e.,
po = p1 = 1/2. However, similar results can be derived for a scenarib pgt£ 1/2.

The sensors are clustered imp< n groups, and each sensor can communicate only
with its local first-level FC. The first-level FCs collect ddtom the sensors in their
corresponding clusters and make local decisions on thesstéthe binary phenome-
non. In a scenario with two levels of information fusion, ledacal FC transmits to
the AP, which makes the final decision. A logical represémmadf this architecture

is shown in Figure 2.1. The observed signal atitttesensor can be expressed as

rh=ce+n i=1,...,n (2.1)
where
A~ ] 0O ifH=Hp
Ce = .
s ifH=H;

and{n;} are additive noise samples. Assuming that the noise sarfiplesire inde-
pendent with the same Gaussian distributién(0, 02), the common signal-to-noise
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CLUSTER 1

BINARY PHENOMENON H

Figure 2.1: Block diagram of a clustered sensor network wigitributed binary de-
tection and two decision levels.

ratio (SNR) at the sensors can be defined as follows:

[E{ce[H1} —E{ce/Ho}? &
g2 - g2’

SN I'_‘zsensor: (2-2)

Each sensor makes a decision comparing its observatiwith a threshold value;
and computes a local decisiop=U (r; — 1;), whereU (-) is the unit step function. In
order to optimize the system performance, the threshfafdsneed to be optimized.
Even though, in general, a common value of the decision hbtdsor all sensors
might not be the best choice, in the following we assume tlhaeasors use the same
decision threshold. While in a scenario with no clustering and ideal commutdcat
links between the sensors and the AP the relation betweeonptitaized value off
andsis well known [15], in the presence of clustering it is notite following, the
value of Tt will be optimized in all considered scenarios. More prdgisee consider
a possible (discrete) set of values which can be assumed {&in, Tmin+ AT, Tmin+
2AT,. .., Tmax}- In other wordst can assume values [fyin, Tmax] at regular steps of
(sufficiently small) widthAt. For a given sensor SNR, the probability of decision
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error is evaluated for each possible valuerpind the minimizing value is selected
as threshold. In all considered cases, the optimized vdltlreea@ommon threshold is
aroundy/SNRsensof 2, as already observed in [15,92].

In a scenario with noisy communication links, modeled as 83Kk decision;
sent by thea-th sensor can blippedwith a probability corresponding to the cross-
over probability of the BSC model and denotedmf21]. The received bit at the
fusion point (either an FC for clustered networks or dinettie AP in the absence of
clustering), referred to a.é”, can be expressed as

FOR with probability 1— p
] 1—u  with probability p.

In the presence of noisy links, the value of the optimizealdresholdr, fixed for
all sensors, might be different from that in a scenario wdtsel communication links.
As for the case with ideal communication links, this optiatian will be carried out,
for given SNR and clustering configuration, by minimizing tbrobability of deci-
sion error, as outlined at the end of the previous paragfdpte that the best strategy
would consist in using a properly optimized set of decisibresholds{t;} at the
sensors. In particular, in a more general scenario whergypeeof event perceived
by the sensor might vary, a more refined per-cluster optitioizaf the sensor deci-
sion threshold could be considered. However, since we &geeisted in monitoring a
spatially constant binary phenomenon, we consider a simopkimization approach,
where the same threshold is used at all sensors.

While the communication links between sensors and first E€s can be noisy,
we assume that the other communication links in the netwicgk from each FC to
higher level FCs or the AP) are ideal. The rationale behirdagsumption of ideal
high-level links lies in the fact that in practical sensotwark design the FCs are
likely to be placed relatively close to the AP. Thereforedenthe assumption of
a robust access control mechanism, one can assume thatlittkssare ideal. The
proposed analytical framework can be extended to encontipagsesence of higher
level noisy links. Moreover, realistic sensor network so@s (with collisions) will
be analyzed, through simulations and experiments, in &e2ti2.5.
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FC JiEEIN

JNITN

Figure 2.2: An example of a uniformly clustered sensor netwath n = 16 sensors.
There aren. = 4 clusters withd. = 4 sensors each.

We point out that the specific topologies of the considerdd/orks are not ex-
plicitly taken into account. For instance, the distancasvben nodes are not explic-
itly mentioned. This corresponds to the assumption of mMindedll noisy communi-
cation links as BSCs with the same cross-over probabititgréler to extend our ana-
lytical framework, while still keeping the simple BSC-bddmk modelling, one can
consider different cross-over probabilities (they coudddssociated with a specific
network topology). This motivates the use of weighing fassthemes, where the
decisions to be fused together are weighed by the correspphink qualities [93].

2.2.2 An Analytical Framework for Distributed Detection in Clustered
Sensor Networks

Uniform Clustering

In a scenario withuniform clustering, the sensors are grouped into identical clsister
i.e., each of the clusters containd, sensors, witlm. - d. = n. A pictorial description
of a uniformly clustered sensor network with= 16 sensors and 2 decision levels is
shown in Figure 2.2: there arg = 4 clusters withd, = 4 sensors each.

According to the assumption of majority-like informationsfon considered in



2.2. Distributed Detection in Clustered Sensor Networks 15

this chapter, thg-th FC (j = 1,...,n;) computes a local decision using the following
rule:

_ - - 0 if k
Ap=r (W) =0 7 S u”‘ = (2.3)
¢ 1 |fz lum >k

whereuﬁj]) is them—th decision of a sensor in tHe-th cluster andkis the FC decision
threshold—since the clusters have the same dimensiorhtéshbldk = |dc/2| + 1
is the same at all FCs. The AP decides with the following nitgjdike rule based on
the local FC decision$H; }:

~ S Ho if ¥, H;

H:llJ(Hl,...,an): o ¥z Hj<k (2.4)
whereki = |n./2| + 1 is the fusion threshold at the AP. Using a combinatorial ap-
proach (based on the repeated trials formula [94]) and ¢gakiio account the decision
rules (2.3) and (2.4), the probability of decision errorreg AP can be expressed as
follows:

P. = P(H = Ha|Ho)P(Ho) + P(H = Ho|H1)P(H;) (2.5)
= pobin(kf7nC7nC7bin(k7 dC7dC7Q(T)))
+(1_ pO) bln(0> kf - 17 nCa bln(ka dC> dC> Q(T - S))) (26)

whereQ(x) = [, exp( —y?/2)dy and

bin(a,b,n,z) £ Z() (1—2z2)M0 (2.7)

wherea,b,n € Nandze (0,1). If nc = ks = 1 andd; = n, i.e., there is no clustering,
the probability of decision error (2.6) reduces to that\tiin [21].

We point out that the majority fusion rule (2.3) with FC déaisthresholdk =
|d:/2] + 1 is exact forodd values ofk. For evenvalues ofk, the proposed fusion
strategy tends to favor a final decision equal to ‘0.’ For eplamif d. = 2, then only
the received sequence 11 leads to a final decision in favat.'dflbwever, since in
all considered scenarios the two statuses of the binarygoshenon are equiprobable,
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| SECOND-LEVEL FCs

| || FIRST-LEVEL FC:

‘ ‘SENSORS ‘ ‘ SENSORS ‘ ‘ SENSORS
(@) (b) (O]

Figure 2.3: Basic structures for sensor networks with ithsted detection. Three
cases are shown: (a) absence of clustering, (b) uniforntecing with two levels of
information fusion, and (c) uniform clustering with threxéls of information fusion.

settingk to |dc/2] would unbalance the decision towards ‘1, baty average the
final performance would be the same.

Although we have previously derived the probability of démn error in a sce-
nario with uniform clustering and two levels of informati@usion, this analysis can
be extended to a scenario with three levels of informatiiofu In Figure 2.3 (c),
the logical structure of a sensor network with three deni¢évels is illustrated. For
comparison, in the same figure the schemes with (a) no diugtand (b) two deci-
sion level uniform clustering are also shown. One shoul@ tloat Figure 2.3 (b) is
logically equivalent to the network schemes shown in Figuieand Figure 2.2.

In a three decision level scenario the probability of decisrror at the AP be-
comes

Pe - pObin(kfanCpnCzabin(k27dC27dC2>bin(kladedCl’Q(T))))
+(1_ pO) bln(0> kf - 13 nC2> bin(k2>dC2>dC27 bin(k1>dC13dC1>Q(T - S))))) (28)

We remark that the above derivation can be straightforwaggtended to a sce-
nario with a generic number of fusion levels. As for the scenaith uniform cluste-
ring and one decision level, the thresholds} can be optimized by minimizing the
probability of decision error at the AP.
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Non-Uniform Clustering

Assuming a two-level sensor network topology, the proligof decision error in a
generic scenario with non-uniform clustering can be evatlias follows. Define the
cluster size vecto@Z £ {dcl ,d (2) dcnc s wheredé) is the number of sensors in
thei-th cluster (=1,...,nc) andz dC =n. Furthermore, define also the following
two probability vectors:

e fpit gt et 10 2 {pl o}

wherepl‘l (pl‘o, respectively) is the probability that tlieh FC decides foH; when

H1 (Ho, respectively) has happened. We still consider the use ofrarmn threshold

T at the sensors, and its value is optimized as described tio8&c2.1. The elements
of 21t (equivalently, the elements 6P19) are, in general, different from each other
and depend on the patrticular distribution of the sensorsngntite clusters. In [93],
it is shown that the probability of decision error can be esged as follows:

P = po;”'lﬂ{sj (10— p9)

+(1—po) Z) ' J’|{sj P+ L-sia-ph} @9

wheres; j = (sj(1),...,5.j(nc)) is a vector which designates ttigh configuration
of the decisions from the first-level FCs in a case with's (and, obviouslyn. —i
‘0's). In Table 2.1, the possible configurations $f are shown in the presence of
nec = 3 clusters. For exampls, - is the second possible configuration with one ‘1’
(and two ‘0’): the ‘1’ is the decision of the second FC.

A scenario withuniform clustering can be interpreted as a special case of a
generic non-uniform scenario. In this case, in fact, thenelats of the three vectors
2, 7Y, and 210, become equal, i.e.:

o~ d
pl:l“l = bin(k,dc,de(T_S))
p° = bin(k dc.de, Q(1))
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Table 2.1: Possible configurationsspf in a scenario witme = 3 clusters.

Sij

000
100
010
001
110
101
011
111

RPlw N RlwWN R R|—

Vi=1...,nc. It can be shown that (2.9) reduces to (2.6) in the presenaaitdgrm
clustering.

Scenarios with Noisy Communication Links

As described at the end of Section 2.2.1, realistic sendoranks are typically cha-
racterized by noisy communication links. In general, a BSiGhtnnot be the best
modelling choice for a wireless communication link, whickght experience block
fading [31, 95-97]. However, in the presence of memorylessrmunication chan-
nels the use of a cross-over probabilfiys accurate. More preciselp,can be given
a precise expression depending on the type of channel (WitsN or bit-by-bit in-
dependent fading). Therefore, our simple model can givafgignt insights into the
network behavior in many situations.

In a scenario with non-uniform clustering and two decisiewels, the proba-
bility of decision error can be derived from (2.9), by reftar the probabilities
{pi"}i=3" , with the probabilities{ p; o, H 3" . Which take into account the

noise in the communication links between sensors and évst-FCs and are defined
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as

a0

1/0 < /d o

pZjnoisy = 2’( ( ;)PCTP(%C m (2.10)
m=Ky
IS ()

11 < /d o

pZjnoisy = 2’( ( ;)nggf m, (2.11)
m=Ky

In (2.10),P,, = 1— Py, is the probability that a sensor decision sent to a firstHe@e
is in favor ofH; whenHg has happened and can be expressed, according to the BSC
model for a noisy communication link, as

Peo = Q(T)(1—p) +[1—-Q(T)] p. (2.12)

Similarly, in (2.11)P,, = 1— P, represents the probability that a decision sent by a
sensor to a first-level FC is in favor &f; whenH; has happened and can be given
the following expression:

Py =Q(T -9 (1-p) +[1-Q(T—9)|p. (2.13)

Finally, the probability of decision error in a scenario lwitoisy communication
links becomes

Ne (nlc) Ne 10 1)0
Pe = F’Oi:%f ]le,:ll{qj (0) P noisy T (1-s,j(6)(1— pz,noisy)}

nc
i

() n 101 101
+(1-po) i;) ]le,:ll{qj(g) Pt noisy T (1-s,(0)1- pz,noisy)}- (2.14)

2.2.3 Communication-Theoretic Characterization
Ideal Communication Links

The analytical framework presented in Section 2.2.2 leadssommunication-theoretic
characterization of the network performance in terms obphility of decision error
at the AP as a function of the sensor SNR and the communicatize level.
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2 decision levels
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sensor

Figure 2.4: Probability of decision error, as a functiontef sensor SNR, in a scenario
with n = 16 sensors and uniform clustering.

In Figure 2.4, the probability of decision error is shown,aafunction of the
sensor SNR, in the case with= 16 sensors, considering two and three decision
levels. In the scenario with two decision levels, the follogvtopologies are possible:

» 8-8 (2 clusters with 8 sensors each);
» 4-4-4-4 (4 clusters with 4 sensors each);
o 2-2-2-2-2-2-2-2 (8 clusters with 2 sensors each).
For a three decision level scenario, the following topasgare considered:

» 4-4-4-4/2-2 (4 first-level FCs, each connected with 4 semsand 2 second-
level FCs, each connected with 2 first-level FCs);

o 2-2-2-2-2-2-2-2/4-4 (8 first-level FCs, each connecteth\#i sensors, and 2
second-level FCs, each connected with 4 first-level FCs);

o 2-2-2-2-2-2-2-2/2-2-2-2 (8 first-level FCs, each conedawith 2 sensors, and
4 second-level FCs, each connected with 2 first-level FCs).
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Lines and symbols (circles, triangles, and stars) cormedpo analytical and simu-
lation results, respectively. For comparison, the prdiglmf decision error with no
clustering is also shown. We point out that the simulatisults shown in Figure 2.4
and those shown, in the following, in Figure 2.5 are meanteify the correctness
of the analytical framework. In other words, these resuksadbtained by simulating
systems which are identical to those behind the analyticadeis. Obviously, the
agreement between analysis and simulations is perfectedtid®d 2.2.5.A, instead,
the presented simulation results will refer to realistigte networks.

In Figure 2.4, only one curve is shown for the scenario with tewvels of infor-
mation fusion, since the performance curves associatddallipossible configura-
tions (i.e., 8-8, 4-4-4-4, 2-2-2-2-2-2-2-2) overlap. Thigplies that one can choose
between a uniform network topology with a small number aféaclusters and a uni-
form network topology with a large number of small clustestd] guaranteeing the
same performance level. The intuition behind this resutésfollowing.

« If one considers an architecture with small clusters, thesion at the first-
level FCs is not effective. However, many local cluster diecis are then fused
together, and this allows to recover (partially) the fiestdl information loss.

< On the other hand, considering large clusters leads to netiedle local first-
level decisions. However, a few of them are then fused tegeto that the
supplementary (higher-level) refinement is not relevant.

Similar considerations also hold for a three decision legehario. We point out that
in Figure 2.4 the obtained analytical expressions of théagidity of decision error

are numerically evaluated and verified through simulatidhewever, we are still

working on a simple analytical proof of the identity, for agn number of nodes, of
the expressions of the probabilities of decision error fiiedent uniformly clustered

scenarios.

Comparing the performance in the absence of clusteringthéhin the presence
of uniform clustering (with either two or three decision éés), one can conclude
that the larger is the number of decision levels, the worghdsperformance. This
is intuitive, since a larger number of decision levels cgpmnds to a larger number
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Figure 2.5: Probability of decision error, as a functionhaf sensor SNR, in a scenario
with n = 16 sensors. Various configurations are considered.

of partial information losses in correspondence to theofugiperations. However,
this holds in scenarios with ideal communication links. kigeless communication
scenario, where some links may be completely obstructeénsos network with
multiple communication layers might not yield the worstfpamance.

Although the analytical framework derived in the previoest®ns is general,
the presented results refer to networks with a (relativeiyipll number of sensors.
However, our framework can be extended to scenarios wittye lrumber of sensors.
To this regard, in [93] we propose a simple, yet very accurapproximation of
the derived framework based on the application of the DevioLaplace (DML)
theorem.

In order to evaluate the impact of non-uniform clustering,a@nsider a scenario
with n = 16 sensors and various non-uniform network topologies.iduare 2.5, the
probability of decision error is shown, as a function of tkesor SNR, considering
no clustering, two level uniform clustering, and variousfigurations with two de-
cision levels and non-uniform clustering (explicitly isdied). For comparison, the
curve in the absence of quantization at the sensors is atsensiThe lines corre-
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spond to analytical results, whereas symbols are assdaidte simulations. In the
scenarios with non-uniform clustering, the consideredfigarations are 8-2-2-2-2
(5 clusters, out of which 4 contain 2 nodes and 1 contains &$)0d 0-2-2-2, and
14-1-1. As one can see from Figure 2.5, in the presence ofrityalike information
fusion the higher is the non-uniformity degree among thetels, i.e., the more un-
balanced is clustering, the worse is the system perform&@aesequently, a sensor
network designer should avoid non-uniform configuratioritghwne big cluster and
remaining small clusters. In general, a two-level unifortiustered scenario is de-
sirable, since it guarantees the lowest energetic lossneftbect to a network with
no clustering. However, uniform clustering in a realistesario might not be possi-
ble, as, for example, in environmental monitoring appia@a. In fact, the area over
which the sensors are distributed could be irregular aretetbre, uniform cluste-
ring of the sensors could not be feasible. An interestindiegion of our framework
could consist of the identification of non-uniform clusteyi“classes,” with similar
performance per class. This could help significantly a nekwlesigner in predicting,
for example, the performance degradation caused by theofassme sensors (e.q.,
for battery exhaustion).

The above analysis in non-uniformly clustered scenariqdieg to situations
where the AP does not know the exact distribution of the ssnamong the clu-
sters. This is meaningful, for instance, in large networkese only local topology
knowledge is possible. If, on the other hand, the distrduis very unbalanced (e.qg.,
14-1-1 withn= 16 sensors) and the AP knows the exact topology, the lesblelie-
cisions originated by small clusters can be ignored. In a@de withn = 16 sensors
and the considered 14-1-1 topologyPat= 10~% a sensor SNR gain equal to 5.47 dB
can be obtained without using, at the AP, the decisions &dedcwith the smaller
clusters—this corresponds to the performance of a senseoriewith n = 14 sen-
sors and no clustering. Therefore, knowledge of the climgteronfiguration at the
AP allows to obtain a performance very close to that in theeabts of clustering.
In particular, in the previous case with= 16 sensors and 14-1-1 configuration, the
sensor SNR loss (with respect to a scenario with no clugfedan be reduced to
0.77 dB by using only the decision sent by the 14-sensoreslu®ur goal, however,
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Figure 2.6: Probability of decision error, as a functiontef sensor SNR, in a scenario
with uniform clustering. Different values of the number efhsors are considered.

is to compare clustering topologies when the AP gives theesaeight to all received
decisions. This is meaningful fordynamicsensor network scenario, where sensors
might die and sensors clusters might become unbalanceklisindse, intelligent re-
clustering techniques can be used to improve the systerorpehce, as it will be
shown later.

In Figure 2.6, the probability of decision error is shownadanction of the sen-
sor SNR, for different values of the number of sensois a scenario with uniform
clustering. In particular, the considered valuesrfare 16, 20, 32, 40, and 64. Ob-
serve that only one curve is associated with each valuesince we have previously
shown that the performance does not depend on the numbeustérd (for a given
n), as long as clustering is uniform. Obviously, the perfonogimproves (i.e., the
probability of decision error decreases) when the numbeen§ors in the network
becomes larger. The results in Figure 2.6 will be used ini@e2t3.1 to compute the
sensor network lifetime under a QoS condition on the maxiraooeptable probabi-
lity of decision error.
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Noisy Communication Links

While in Section 2.2.3 the performance in scenarios witllidemmunication links
has been analyzed, we now turn our attention to scenaribswisy communication
links. It is interesting to investigate how the probabiliti/decision error behaves as
a function of the communication noise level, i.e., the ciogsr probability p. To
this end, we introduce a communication-theoretic qualityesvice (QoS) condition,
in terms of the maximum tolerable probability of decisiomoerdenoted a®&;. A
physical layer-oriented QoS condition can be written as

P <P, (2.15)

Since the probability of decision error is a monotonicalgcieasing function of the
sensor SNR, the QoS condition (2.15) can be equivalentlyittew as

S N F‘)sensorZ S N I{ensor

where SNRgso/depends o, It is then possible to evaluate the performance under
a desired QoS constraint, given by the maximum tolerabléaiitity of decision
errorPy.

In Figure 2.7, the value of the minimum sensor SNR requireguarantee?;,
i.e., SNRnsor IS Shown, as a function of the cross-over probabitityn scenarios (i)
without clustering and (ii) with clustering and two decisievels, respectively. Two
possible values foP; are considered: (i) I® (curves with circles) and (i) 1¢*
(curves with triangles). As expected, when the noise leveleiases, the minimum
sensor SNR required to guarantee the desired network pafare also increases. In
fact, since communications become less reliable, a higlteerracy in the observation
phase is needed in order to maintain the same overall peafuren Besides, one can
observe that there exists a vertical asymptote in each éaridgure 2.7. In other
words, there exists a critical valygyi; of the noise level, such that: (i) f@ < perit,
the sensor network is operative, i.e., there exists a firdtaevof the sensor SNR
which satisfies the desired QoS condition (2.15); (ii) for peit, instead, the net-
work is not operative, i.e., it is not possible to achievedhsired performance level,
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Figure 2.7: Minimum sensor SNR required to obtain a desire8,@ scenarios with
noisy communication links in the cases (i) without clusigrand (ii) with uniform
clustering and two decision levels. Two possible QoS arsidened: (i)P; = 10~3
(lines with circles) and (iiP; = 104 (lines with triangles).

regardlessof the value of the sensor SNR. One could equivalently desdhiis be-
havior asbimodal This is a typical behavior of distributed communicatiotwarks,
such as the bimodal connectivity behavior in ad hoc wirelestsvorks [98-102].
Proper operation of the considered sensor networks withlaited detection can be
equivalently interpreted as a symptom of network connewtssl In Figure 2.7, this
bimodal behavior is also confirmed in a scenario with unifaiostering and two
decision levels. However, in the latter case the impact@ttbhmmunication noise is
stronger with respect to a scenario with no clustering, itez network looses con-
nectivity for smaller values op. Consequently, the larger is the number of decision
levels in the network, the lower is the maximum tolerable oamication noise level.

2.2.4 Joint Communication/Information-Theoretic Characerization

The considered sensor network schemes can be modeled ak figaes” with a
binary input (the phenomend) and a binary output (the decisidt at the AP).
Using the model in Figure 2.1, the final decisidncan be described as a binary ran-
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dom variablé with Py £ P(H = Hy). In a scenario with two-level uniform clustering
and ideal communication links, the parame®gican be rewritten (using the results
in Section 2.2.1) as

Po = pobin(0,ki — 1,nc, bin(k,dc,dc, Q(T)))
+(1_ pO) bln(07 kf - 17 Ne, bln(k7 dC7 dC7 Q(T - S))) (216)

We remark that equation (2.16) may look identical to (2.6)(2.16), however, the
term on the right-hand side in the first row correspondB(t8 = Ho|Ho), whereas in
(2.6) it is given byP(ﬁ = Hj|Hp)—the second parameter of the function “bin” is, in
fact, different in the two cases.
The mutual information of the BIBO sensor network can thewh#en as [103,
ch. 2]
| REAL(H : H\) _ HEEAL(H) _ HEEAL(F\”H)

whereHREAL(H|H) is the conditional entropy dfi givenH [103]. After a few ma-
nipulations, the mutual information becomes

IREAL(H; H) = He (po(1— P10) + (1~ Po) Por) — PoHe(P10) — (1 — Po)He(Poa)
(2.17)
wherep;; 2 P(H = Hi[H;j),i,j =0,1.

In Figure 2.8, the probability of decision error is shown,aafunction of the
mutual information for the same scenario considered in Figure 2.5, i.e., vatbla-
stering (circles), uniform clustering (triangles), anchamiform clustering (pluses,
14-1-1 configuration), respectively. The communicatiorkdi are ideal. The curves
considered in this figure are parameterized curves, olatdipeombining probability
of decision error curves with mutual information curvesptigh the common para-
meter given by the sensor SNR. As one can see, the curvesasdowith different
sensor network topologies overlap. In other words, for &mgivalue of the mutual
information, the probability of decision error is fixed. aphowever, that a specific
mutual information is obtained in clustered (for exampld-4-4 or 2-2-2-2-2-2-2-2)

INote that the definition oy = P(H = Hg) (relative to the decisiof) is different from that given
for thea priori probability of the phenomenopy = P(H = Hp) given in Section 2.2.1.
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Figure 2.8: Probability of decision error, as a functiontod tnutual information, in

a scenario witlm = 16 sensors. The operating points for various clusterindigon
rations and two sensor SNRs are shown.

and non-clustered scenarios for different values of the@e8NR (in the figure, a
few representative points associated with two SNRs ardigighd). In other words,
for a given mutual information the presence of clusteriragiteto arenergetic lossit
the sensors (in the observation phase). The loss with niforomclustering is higher
than with uniform clustering. Similar curves can be derifedthe other scenarios
considered in this chapter, e.g., for a large number of senwdgth more than two
decision levels, and in the presence of noisy communicditiis between sensors
and first-level FCs (with sufficiently low values of the noisgel p). However, the
network behavior does not change, i.e., for a fixed value ®htlutual information,
the probability of decision error is uniquely determined.

In Figure 2.9, the probability of decision error is shownadsanction of the mu-
tual information, in a scenario with= 16 sensors and uniform clustering. Communi-
cation links between sensors and first-level FCs are noigly,onoss-over probability
p = 0.05. The limiting (for SNRensor— ©) operating points over thig,— | curve of
a BIBO sensor network, corresponding to all possible numbgdecision levels (1,
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Figure 2.9: Probability of decision error, as a functionhw tmutual information, in
a scenario witm = 16 sensors, uniform clustering, and noisy communicatioksli
(p=0.05).

2, 3, and 4, respectively), are shown. For a given number cbida levels, the sy-
stem operating point moves from the position correspontibing= O (for very low
values of SNRenso) t0 the corresponding limiting point, which is asymptoligap-
proached for SNRnsor— . AS one can see, the presence of noise over the commu-
nication links limits the maximum achievable mutual infation, i.e., the maximum
information transfer rate accross the network.

In [104], possible simplified expressions for the prob#pitif decision error (as
a function of the mutual information), are presented. Irtipalar, (i) polynomial
approximations, (ii) asymptotic (for sufficiently largenser SNR) analytical expres-
sions, and (iilbimodalapproximations (valid for all sensor SNRs), are derived.

2.2.5 Realistic Clustered Networks with Data Fusion

In this section, we preseimulationand experimentalresults which validate our
analytical framework in practical sensor networking scersa where nodes comply
with the Zigbee (simulation results) or IEEE 802.15.4 (ekpental results) stan-
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dards.

Simulations

The simulations have been carried out with the Opnet Moditenlator [105] and a
built-in Zigbee network model designed at the nationalitat of Standards and
Technologies (NIST) [106]. This model provides only thetfinso layers of the
ISO/OSI stack, and we have extended it with a simple Opnetifoda FC, which,
in addition to providing relaying functionalities, implemts the intermediate data
fusion mechanisms described in the previous sections. @meOmodel assumes
strong line-of-sight communications between the sensodstize FCs, and between
the FCs and the coordinator.

According to the theoretical analysis, the sensors makdsy lmbservation (af-
fected by AWGN) of a randomly generated binary phenomedaesnd make local
decisions on the status of the phenomenon. Subsequerglgetisors embed their
decisions into proper data packets of length 216 ditdich are sent either to the
coordinator (in the absence of clustering) or to the firgell&Cs (in the presence of
clustering). The decisions are assumed to be either O (nwopienon) or 1 (presence
of the phenomenon). Obviously, if some packets are lostaogedium access colli-
sions, decisions (either at the FCs or at the AP) are madeoortlye received packets
(this leads to a reduced reliability of the decisions). Ittlaé packets related to a set
of observations of the same phenomenon are lost, insteatindi binary decision is
random. Finally, if half of the decisions are in favor of orfeepomenon status and
the other half are in favor of the other, the coordinator desifor the presence of the
phenomenon. More details about the implementation of th& fidgion mechanism
in Opnet can be found in [107].

In both scenarios, it is possible to evaluate, by simulatiba probability of de-
cision error. Together with the probability of decisionagrithe simulator allows to
evaluate the (ipacket delivery fractiondenoted a€ and defined as the ratio bet-
ween the number of packets correctly delivered at the coatdi and the number

2This length corresponds to a payload of 96 bits and a head&obits introduced by physical and
MAC layers.



2.2. Distributed Detection in Clustered Sensor Networks 31

1x10°

8x10]

5x10]

Figure 2.10: Performance analysis in a scenario withoudteting: packet delivery
fraction and delay performance as functions of the numbmrtransmitting sensors.

of packets sent by the sensors and (ii) teday, defined as the time interval bet-
ween the transmission instant and the reception instantgeharic packet. Results
about the aggregate throughput (dimension: [pck/s]), ddfasS,gq=n-g- &, where

n is the number of transmitting sensors amit the packet generation rate (set to
2 pck/s in all simulation results presented in the remairmadehis section), can be
found in [107]. Moreover, no acknowledgement (ACK) messagee used to con-
firm successful transmissions. In order to eliminate pdssitatistical fluctuations,
each simulation performance point is obtained by averatfiegesults of ten Opnet
simulation runs.

In Figure 2.10, the packet delivery fraction and the dela&ysirown as functions
of the numbem of transmitting sensors. These curves are obtained caitgide
fixed observation SNR at the sensors (equal to 0 dB). Ourteeswever, show that
the packet delivery fraction and the delay are not affectethb value of the obser-
vation SNR at the sensors. We consider, in fact, ideal conmation channels, so
that only the observations at sensors are noisy, wheregathets sent from the sen-
sors to either an FC (clustered schemes) or the coordinador¢lustered schemes)
are received without errors. Consequently, the performatoes not depend on the
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Figure 2.11: BER performance in scenarios with- 16 sensors both in the case of
uniform and non-uniform clustering. Various topologiasd{cated in the figure) are
considered.

considered SNR, since packet delivery fraction and delaynatwork performance
indicators and do not depend on the observation reliabilite packet delivery frac-
tion (solid line with circles) decreases monotonicallyplrticular, for small values
of n, it remains close to 1. When the number of transmitting naggeases, instead,
the number of collisions in the channel increases as weltlm@acket delivery frac-
tion reduces. In the same figure, the delay (dotted line vidmdnds) is also shown.
As the intuition suggests, the delay is low for small valués.owhen the traffic
increases, instead, due to a larger number of collisiomsgéhay is higher, since the
channel is busy for a longer period of time and the probghilitfinding the channel
idle reduces. Finally, for large values of the delay seems to start saturating to a
maximum value. In this case, in fact, due to the increasestadftraffic, at least one
sensor is likely to be ready to send its packet as soon as #mehbecomes idle.

In Figure 2.11, we analyze the impact of non-uniform clustgion the proba-
bility of decision error—as a performance benchmark, thabability of decision
error in the case with uniform clustering is also shown. Wesater scenarios with
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n = 16 sensors and the following network configurations: (i) hestering, (i) 8-
8, (iii) 4-4-4-4 FCs, (iv) 14-1-1, (v) 10-2-2-2, and (vi) 822-2. According to the
results in Figure 2.11, the best performance is obtaineddrabsence of clustering,
whereas the worst performance is obtained in the 14-1-lasiceme., with 3 FCs and
non-uniform clustering. From Figure 2.11, one can conchidg, in the presence of
non-uniform clustering, the performance improves fortreddy balanced clusters (as
also predicted by the analytical framework). In this casdatt, decisions made by
intermediate FCs are more reliable, so the final decisionengdhe coordinator is
more likely to be correct. In the case of uniform clusteriimgtead, the probability of
decision error isot affected by the number of clusters in the network, as longas t
total number of sensors remains the same. In this case,tjrofagerving Figure 2.11
one can note that the curves relative to the scenarios withehdor clusters and 2 8-
sensor clusters are almost overlapped. This is due to théhfta smaller number of
clusters is compensated by a higher quality of the interatediecisions. This result
is in agreement with the theoretical conclusions reacheskition 2.2.3. However,
note that the performance in Zigbee scenarios worsens ®sftect to the analytical
case, because the simulator takes into account the lossés coilisions. Since some
packets may be lost, the probability of decision error isuierficed by the collisions.

Experiments

In order to verify the predictions of the theoretical franoelwvfrom an experimental
perspective, we consider a networking set-up formed by Klicades [108]. Mi-
caZ platforms include an ATmegal28L37MHz micro-controller [109], FLASH
and EEPROM memories, and a42GHz IEEE 80215.4 Chipcon CC2420 radio-
frequency transceiver [110]. The nodes’ operating systeminyOS. The experi-
mental set-up is characterized by= 16 nodes, organized in uniform clusters, with
2 and 3 decision levels, respectively. In our implementatieach node observes a
“0” phenomenon and adds a Gaussian observation noise geshéneough the func-
tion “random” available in the TinyOS environment. Accarglito the local decision
threshold, each source node makes a decision on the obg#readmenon and em-
beds itin a packet to be transmitted. Since each TinyOS packemed by a payload
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Figure 2.12: Experimental BER performance in scenariof wit 16 sensors and
uniform clustering. Two and three decision levels are agrsid.

of 30 bytes (the first byte contains the dimension and thevailg 29 the informa-
tion data), we embed in each packet29 = 232 consecutive binary decisions. This
corresponds to 232 consecutive (time-wise) realizatidribkeoobserved binary phe-
nomenon. The packets originated by the source nodes isrdmesntitted, through the
intermediate FCs, to the AP. Note that a packet duration feebrder of 1 ms, and
consecutive packet transmissions are separated by apa@ty 0.1 s. The transmit
power is set to-25 dBm and the sensitivity threshold at the receivers is -dBM.
The distances between communicating nodes (of the ordengfée such that the
received power is significantly higher than the sensititlitseshold. The data fusion
mechanisms at the intermediate FCs and at the AP follows #jerity decision rules
described in the analytical framework.

The experimental BER performance is shown in Figure 2.1thdrsame figure,
for comparison, we also show the corresponding theoretasllts extracted from
Figure 2.4. As one can see, the experimental results atglgligorse than the theo-
retical ones (as observed also, in Section 2.2.5 for simoalaesults), but confirm
the trend. This discrepancy is due to the more realistic raxygmtal scenario, where
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some packets may get lost because of the wireless commionideiks. Since the
decision rules at the FCs and at the AP do not adapt to the muhbeceived obser-
vations, this explains the performance degradation. Wetmit that in our experi-
ments the packet losses are typicalbyt due to collisions, i.e., the traffic load of the
considered network scenarios is too low to create probletiieaccess level. On the
opposite, the performance degradation is due to lossesckétsadue to propagation
reasons. An interesting research extension consistsangocating these effects into
our analytical framework.

2.3 Extending the Lifetime of Clustered Sensor Networks

2.3.1 Sensor Network Lifetime under a Physical Layer QoS Catlition

In order to evaluate the sensor network lifetime, one neesistéi define when the
network has to be considered “alive.” We assume that theorktis “alive” until the
QoS condition in (2.15) is satisfied. When a sensor in the owtwies (e.g., there is
a hardware failure or its battery exhausts), the probghifitdecision error increases
since a lower number of sensors is alive (see, for instarigard-2.6). Moreover, the
presence of a specific clustering configuration might makepttocess of network
death faster. More precisely, the network dies when theetk§)oS condition (2.15)
is no longer satisfied, as a consequence of the deattcutical sensor Therefore,
the network lifetime corresponds to the lifetime of thidicel sensor. Obviously, the
criticality of a sensor’s death depends on the particulgusece of previous sensors’
deaths.

Based on the considerations in the previous paragraphder éo estimate the
networklifetime one, first, needs to consider a reasonable modehé&sensorife-
time. We denote b¥ (t) £ P {Tsensor< t } the cumulative distribution function (CDF)
of a sensor’s lifetimd@gensor(the same for all sensors) and we consider the following
exponential distribution as representative:

F(t) = [1—e-t/“} Ut) (2.18)

where the timed is measured in arbitrary units (dimension: [aU]). We havesem
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the distribution in (2.18) as good models for a sensor iifet{111, Ch. 8]. Consider-
ations about other good models for a sensor lifetime can tnedfin [112]. Note that
the results presented here for an exponential distribsitiadso hold for other allowed
distributions in [112].

As mentioned before, we are interested in analyzing theor&tivehavior when
the QoS condition (2.15) is satisfied. More precisely, in ftllowing sections we
evaluate the sensor network lifetime in scenarios with @&gi reclustering and (B)
no reclustering. The obtained results are then commented.

Analysis with Ideal Reclustering

In the case ofdeal reclustering the network dynamically reconfigures its topology,
immediately after a sensor death, in order to recreate aumitonfiguration. Ob-
viously, the time needed for rearranging the network togplbepends on the specific
strategy chosen in order to reconfigure correctly (accgrttinthe updated network
configuration) the connections between the sensors and@keafd those between
the FCs and the AP. In Section 2.3.2, a simple reconfiguratiategy will be pro-
posed.

Given a maximum tolerable probability of decision erRd; one can determine
the lowest number of sensors, denotechag, required to satisfy the desired QoS
condition. For instance, considering Figure 2.6 and fiximgeximum tolerable value
P:, one can observe that, for decreasing numbers of senss@natpoint the actual
probability of decision erroP. becomes higher tha#g. In other words, the probabi-
lity of decision error is lower thaRy if at least ni, sensors are alive or, equivalently,
until nerit = N— Nmin + 1 sensors die. Therefore, denotinglag the network lifetime,
one can write:

at leasini; sensors

P(Tnetg t) _ P crit
haveTsensor< t

where TsensoriS the sensor lifetime (recall that this random variable ties same

distribution for all sensors) with CDF(t). Since the lifetimes of different sensors
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are supposed independent, using the repeated trials fayong obtains

Plhast= 3 (1 )IFOFL-FO.

1=Ngrit crit

Absence of Reclustering

In the previous section, we have analyzed the network geali an ideal scenario
where the topology is dynamically reconfigured in responsa sensor death (e.g.,
because of the depletion of its battery or hardware failddeyvever, it might happen
that the initial clustered configuration is fixed, i.e., tlmmoections between sensors,
FCs, and AP cannot be modified after a sensor death. In tras tesfollowing que-
stion is relevant: is there an optimum initial topology whieads to longest network
lifetime? In order to answer this question, we will analyle hetwork evolution in
scenarios where there is no reclustering. The networklietisidered dead when
the QoS condition (2.15) is no longer satisfied.

In the absence of ideal reclustering, an analytical perémee evaluation is not
feasible, i.e., there does not exist a closed-form exmedsir the CDF of the net-
work lifetime. In fact, the CDF depends on the particulammk evolution, i.e., it
depends on how the sensors die among the clusters in therkefifwerefore, each
sequence of sensors’ deaths is characterized by a speeifimé, and one needs to
resort to simulations in order to extrapolate an averagisstal characterization.
The simulations are performed according to the followiregpst

1. The lifetimes of alh sensors are generated according to the chosen distribution
and the sensors are randomly assigned to the clusters.

2. The sensors’ lifetimes are ordered in an increasing nranne
3. After a sensor death, the network topology is updated.

4. The probability of decision error is computed in corragtence to the survi-
ving topology determined at the previous point: if the Qo8dition (2.15) is
satisfied, then the evolution of the network continues froep 8, otherwise,
step 5 applies.
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Figure 2.13: CDF of the network lifetime, as a function of éinin a scenario with

n = 32 sensors, uniform clustering (with, respectively, 2,1t & clusters), andb-
sence of reclusteringsimulation results). The sensor SNR is set to 5 dB and the
maximum tolerable probability of decision errorR$ = 10~3. For comparison, the
curve associated with ideal reclustering (analytical ltsyis also shown.

5. The network lifetime corresponds to the lifetime of thet ldead sensor.

In Figure 2.13, the CDF of the network lifetime is shown, asirection of time,
in a scenario witm = 32 sensors grouped, respectively, in 2, 4, and 8 clustels. Th
sensor SNR is set to 5 dB and the maximum tolerable probabililecision error
is P = 103, For comparison, the curve associated with ideal reclngtés also
shown. One can observe that the larger is the number of cdugtee worse is the
performance, i.e., the higher is the probability of netwdeath. Moreover, the curve
associated with 2 clusters is very close to that relativdéalireclustering. In fact, in a
scenario with only 2 clusters, the average number of sem#tich die in each cluster
is approximately the same and, consequently, the topolegpins approximatively
uniform.
In Table 2.2, the network lifetime corresponding to a CDFada 0.9 (i.e., an

outage probability of 90%) is shown, assumingesponentialsensor lifetime (with
U =1 aU), for various clustering configurations and values efrttaximum tolerable
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Table 2.2: Sensor network lifetime corresponding to angeifarobability equal to
90% in a scenario witlmn = 64 sensors and SNRsor= 5 dB. Three values for the
maximum tolerable probability of decision err& are considered: (i) I, (ii)
1073, and (iii) 10-4. The mean parameter of the exponential distributiqmis1 aU.

All time values in the table entries are expressed in aU.
P Ideal no reclustering| no reclustering| no reclustering
reclustering| (2 clusters) (4 clusters) (8 clusters)
1072 2.1 2.1 2.0 1.68
1073 1.3 1.3 1.2 1.012
104 0.78 0.78 0.74 0.725

probability of decision errdf;. The number of sensorsris= 64. For comparison, the
network lifetime with ideal reclustering is also shown. frthe results in Table 2.2,
the following observations can be carried out.

e For a small number of clusters (2 or 4), the lifetime redugtiwith respect to
a scenario with ideal reclustering, is negligible. Thixi®é expected from the
results in Figure 2.13 and is due to the fact that the sensersmbre or less”
uniformly in all clusters. When the number of clusters irs®es beyond 4, the
network lifetime starts reducing appreciably. Therefana;, results show that,
in the absence of ideal reclusteringhe winning strategy to prolong network
lifetime is toform a few large clusters

» The impact of the QoS condition is very strong. In fact, wiies QoS condi-
tion becomes more stringent (i.€;, decreases), the network lifetime shortens,
since a lower number of sensor deaths is sufficient to vidkasecondition. On
the other hand, if the QoS condition is less stringent, thimger number of
sensors have to die in order to violate it.

« The impact of the number of nodes on the network lifetime matsbeen di-
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rectly analyzed. However, since the performance improvasnithe number
of sensors increases (as shown in Figure 2.6), one can cenitlat, for a fixed
QoS condition, a network with a larger number of sensorssailisfy the QoS
condition for a longer time and, therefore, the networktilifie will be pro-
longed. Equivalently, one can impose a stronger QoS comdjt lower value
of Py), still guaranteeing the same network lifetime.

2.3.2 Analytical Computation of Network Lifetime

In Section 2.3.1, we have analyzed the network performantt®ut taking into ac-
count thecostof reclustering. In this section, instead, we investightan an analy-
tical viewpoint, the cost of the used reclustering protaoaerms of its impact on the
sensor network lifetime. In order to evaluate the cost olutering, one first needs
to detail a reclustering protocol. We remark that we limitsaives mainly (but not
only) to scenarios with two (big) clusters, since they asmamted with the minimum
loss, in terms of probability of decision error at the AP,lwigspect to the scenario
with the absence of clustering.
The reclustering protocol which will be used can be chareatd as follows.

1. When an FC senses that a sensor belonging to its clusteads d.g., when it
does not receive packets from this sensor, it sends a conégssage, referred
to as “ALERT,” to the AP.

2. Assuming that the AP is aware of the current network togpglevhen it re-
ceives an ALERT message, it decides if reclustering has toab@ed out. If
S0, the optimized network topology is determined.

"

3. If no reclustering is required, the AP sends to both FCs@K"“message
to confirm the current topology. On the other hand, if redrtisyy has to be
carried out, another message, referred to as “CHANGE” amtagting the
new topology information, is sent to the FCs. In the lattesecahe FCs send
the CHANGE message also to sensors in order to allow themnoremicate
with the correct FC from then on.
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Figure 2.14: Message exchange in the proposed reclustpriotgcol. A network
scenario witn = 11 sensors and two clusters (with 6 and 5 sensors, resgdgrive
considered. The control messages evolution follows théhdeaa sensor.

4. If reclustering has happened, the sensors retransnriptlesious packet to the
FCs according to the new topology and a new data fusion igedaout at the
AP.

In Figure 2.14, the behavior of this simple protocol is pietliin an illustrative scena-
rio with n= 11 sensors and two clusters (with 6 and 5 sensors, resgdgktiVke con-
trol messages associated with solid lines are exchangbd abisence of reclustering,
whereas the messages associated with dashed lines aregxdha the presence of
reclustering.

In order to derive a simple analytical framework for evallugithe sensor network
lifetime, the following assumptions are expedient.

(&) The observation frequency, referred tdf@sg, is sufficiently low to allow regu-
lar transmissions from the sensors to the AP and, if necggbarapplicability
of the reclustering protocol (this is reasonable for sdesarhere the status of
the observed phenomenon does not change rapidly).

(b) Transmissions between sensors and FCs and between &P ane supposed
instantaneous (this is reasonable, for example, if FCs dndird connected
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through wired links or very reliable wireless links).

(c) Data processing and topology reconfiguration are itateous (this is reaso-
nable if the processing power at the AP is sufficiently high).

(d) There is perfect synchronization among all nodes in ttevark (this is a rea-
sonable assumption if nodes are equipped with synchrémizdevices, e.g.,
global positioning system).

The proposed reclustering algorithm and the assumptiomgeainight look too sim-
plistic for a realistic wireless sensor network scenariowdver, they allow to obtain
significant insights about the cost, in terms of networktilifiee, of adaptive recluste-
ring.

We preliminary assume that the duration of a data packesrmésion has no
influence on the lifetime of a single sensor. A more accuratdyais, which takes
properly into account the actual duration of a data transions will be proposed in
Section 2.3.4. In this case, the network lifetime can betemits

Nerit
Dnet = Zle,i
i=

wherengir has been introduced in Section 2.3.1 dgglis the time interval between
the (i — 1)-th sensor death and th¢h sensor death. Obviousli ; is the time interval
until the death of the first sensor and can be written as

Tg1= min {T; 2.19
d1 i=1,..., n{ J} ( )
whereT; is the lifetime of thej-th sensor. Sinc®ye is a random variable (RV),
one could determine its statistics (e.g., the CDF). Howeweorder to concisely
characterize the impact of reclustering, it is of interesevaluate its average value,

i.e.,
[E [Dpef = E ETdJ] . (2.20)
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Absence of Reclustering

In this casencit and{Ty, } in (2.20) are independent RVs. In fact, they depend on the
sensors’ lifetime distribution and the particular evadatildue to the nodes’ deaths)
of the network topology. Therefore, the sum in (2.20) is &isastic sum. Using the
conditional expectation theorem and the fundamental gémeasf probability [94],
one can write

Nerit

_Z\Td,i] = ilp(ncrit = j)_iE[TdJ].
i= = =

At this point, one needs to resort to simulations to compuggtobabilities P(neit =
i)} Infact, they strongly depend on the particular network@ien before its death.

E

Ideal Reclustering

In Section 2.3.1, we have shown that the presence of idehistedng leads to an
upper bound on the network lifetime, i.e., it tolerates treximum number of sen-
sors’ deaths before the network dies. This bound can be tanaly evaluated using

(2.20) and replacinggi: with the valuen?rit defined as follows:

R.= min {Ps(aftern, sensors’ deaths> P:}.
" n

n

Cl'it:l7“"

The value ofn;, can be determined by numerical inversion of the QoS comwitio

Therefore, an upper bound for the network lifetime can beesged as

Merit

R
UBp, £ E [DnedNerit = Nii¢] = ZIE [Tail - (2.21)
i=

In this case, one can observe that the sum in (2.21) is detistiniand, therefore, can
be analytically evaluated through the computatioq®{Ty;]}. In [112], it is shown
that this upper bound is equal to

R
Nerit

_H n—i
UBp,, = - +i;u7(n_ 12 (2.22)
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Similarly, we can derive a lower bound on the network lifetinihis bound, for a
fixed number of sensors, is obtained when all sensors’ deaths in the same clu-
ster. In this way, for a fixed topology, the highest possiltébgpbility of decision error
is obtained at each instant and, consequently, the comdspp network lifetime is
the shortest possible. This bound can be expressed as

ntB .
u crit n—i
LB Dpet £ E [Dnet‘ Nerit = nIErBIt] = E + I;um (223)

Expression (2.23) for LB, is derived from (2.22) by replacing};, with n5B, which
is obtained through simulations, since it depends on theorktevolution. The value
of LBp,, is smaller than that of UB,,, sincen%, > ntB. As previously mentioned,
we consider an initial topology with two big clusters. Intfathis scenario allows to
obtain the lowest probability of decision error at eachdnstbecause the network
topology is less unbalanced than in scenarios with a highetber of clusters, e.g.,
8. Therefore, evolution of the lower bound (2.23) in cormytence to a scenario
with two clusters leads to the tightest possible lower bowitd respect to a scenario
with no reclustering.

Finally, one needs to evaluate the extra time required byagmication of the
reclustering procedure. We will refer to this quantityTasUnder the given assump-
tions and since the probability that reclustering has hapgds equal to 1/2 (the

derivation of this probability is summarized in [112]k can be expressed as
Tr = (NGt — 1) Trect

whereTrecL represents the time required by a single reclustering tiparalhe du-
ration of this time interval cannot be a priori specifiedcsiit depends on the dimen-
sions of the OK, CHANGE, and ALERT messages, the data-ratkpther network
parameters. It is reasonable to assume that the longer &sérage sensor lifetime
U, the shorter should be (proportionallfec.. In other words, one could assume
TrecL = C- U, wherec is small if u is large and vice versa. In generalcan be
chosen to model accurately the situation of interest.

Finally, one can define ime penaltyas the ratio between the time necessary for
the application of the reclustering protocol and the tdtakt given by the sum of
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reclustering and “useful” times (i.e., the time spent fotradaansmission). It follows
that:
Tr
Tr+E [Dnef
(G — 1) TrecL

Ptime

- — T —— (2.24)
(NS — DTrecL+ o YoM n—i+1)y2
After a few mathematical passages, from it follows that
ptime = (n—k'—1)c (2.25)

~ (n—k*—1)c+ L +In(n—2) —In(k* — 1)

where we have used the fact thgt; 1/i ~ Inm+0.577 [113].
From (2.25) and owing to the fact thkt is approximately constant, one can
analytically show that
limPiMe~1  vc

N—oo
In other words, if the number of sensors is large, for a fixddevaf c the proposed
reclustering algorithm does not guarantee a limited timeaftg. Similarly, one can
show that

Iim0 pime ~0  vn.
C—

In other words, for a fixed number of nodes the reclusterirgguol is effective,
using the algorithm proposed in Section 2.3®&yvided thatthe duration of a single
reclustering operation is sufficiently short (e.g., venafiraontrol packets are used).

2.3.3 Numerical Results

In Figure 2.15, numerical results based on the applicatidinecanalytical framework
derived in Sections 2.3.2 and 2.3.2 are shown. In partic(dathe average network
lifetime E [Dpned and (b) the critical number of deatimg; are shown as functions
of the number of sensors The average network lifetime in a scenario with the no
reclustering (for various numbers of clusters) is compavid the upper and lower
bounds derived in Section 2.3.2. The QoS condition is aatatiwithP; = 1073
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Figure 2.15: Sensor network performance using the propasdaistering algorithm:
(a) network lifetime and (b) critical number of deaths, asctions of the number of
sensors. The performance in the absence of reclusterin w4, and 8 clusters,
respectively) is compared with the proposed upper boungd [JBnd lower bound
LBp,.. The QoS condition i$; = 102 and the sensor SNR is set to 5 dB. The
average sensor lifetime js= 1.

and the sensor SNR is set to 5 dB. In order to compare thesksrasth those in

Section 2.3.1, the distribution of the sensors’ lifetimassumed to be exponential
with u = 1 aU. From the results in Figure 2.15 (a), one can observe \ihen the

number of sensors increases, also the network lifetimerbesdonger, since a larger
number of sensors’ deaths have to occur in order to viol®&ibS condition. This is

confirmed in Figure 2.15 (b), where the critical number ofsegs’ deaths is shown
as a function of the number of sensors. Moreover, as expeittedsensor network
lifetime in the absence of reclustering is shorter than éngiesence of ideal recluste-
ring (with the proposed reclustering protocol), since teanvork topology becomes
more and more non-uniform and, therefore, the probabifitjeaision error becomes
higher and higher. As previously shown in Figure 2.13, whHemnihitial number of

clusters is equal to two, the network lifetime with no retduing is very close to that
corresponding to the application of the reclustering prokoThis is due to the fact
that the sensors’ deaths are, on average, equally digtdlarmong the two clusters,
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i.e., there is a sort of “natural” reclustering. Finally,eocan observe that when the
number of clusters in the initial topology increases (dggequal to 8) the network
lifetime drastically reduces fdow values of the number of sensors, since it is more
difficult to satisfy the QoS condition. However, it is intstig to observe that for
sufficiently large values af, the lifetime penalty incurred by the presence of a large
number of clusters is negligible, suggesting that there exdgt a minimum cluster
dimension which guarantees acceptable performance. §pisbably due to the fact
that when the number of sensors is sufficiently large, thetetudimension is also
sufficiently large and, consequently, its lifetime is longeherefore, the lifetime of
the entire sensor network is longer, since the network tipois less unbalanced.

2.3.4 Energy Budget

The analysis of the reclustering cost provided in Secti@22is ideal, since it does
not consider the energy spent by the nodes in the networkoidth this assumption
is reasonable for the FCs and the ARjis is not realistic for remote nodes (sen-
sors) which need to rely on a limited battery energy. Moreatiere exists a delay
associated with a packet transmission. In this sectionrehbstic network energy
consumption is evaluated in the presence of ideal reclagtausing the reclustering
protocol proposed in Section 2.3.2. In order to analyzeghi&rgy consumption, we
will refer to a commercial wireless sensor network with a ammication protocol
based on the IEEE 802.15.4 standard (also considered iroS&c8.6) [57]. In par-
ticular, while the first analysis does not take into accolmet énergy of the sensor
battery, we then show the impact of a limited battery enetdeasensors.

Analysis with Infinite Energy Battery at the Sensors

The energetic cost, for a single sensor, of the applicati@uioreclustering algorithm
can be written as

o1 = RCigt* (2.26)

3In fact, they may be placed by the network designer so thgtdhe be power-supplied.
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whereCg} is the total cost in terms of energy spent by a senBais the transmit
power at each sensor, aBH7® is the total time cost associated with packet transmis-
sion. After a few manipulations, the total energetic costloa written as [112]

R
1 [Leont+ Laat Ldata, &
%?:H{E[%"} (e = 1)+ T fovs 3 [T } (2.27)

Cost for transmission of  Cost for transmission

control packetsCy"™ of data packetsCime

where R, is the data-rate (dimension: [b/sDcont and Lyata are, respectively, the
length of a control packet and data packet (dimension: @)pand fopsis the obser-
vation frequency. Expression (2.27) for the energetic cemtesents the total energy
spent by any of the— n?m surviving sensors after the network death. Obviously, this
energetic cost represents a worst case, since then@?rgmodes (i.e., those which
die while the network is still alive) which spend a lower ambof energy in their
shorter lifetimes. An average cost per sensor can be easitpoted using the same
approach proposed above. In [112], the following expresfio the average energy

cost is derived:

Cat = RCR"+Cia)
R .
(nR' — 1)(Ldata+ Lcont) I—datafobsncrit I
=Rq + n—n{OE [Tl + S E [Ty,
t 4Rb Rbn I; ( Crlt) [ d,'] JZ]_ [ d‘Jj|
(2.28)
Similarly to (2.24), we define the followingnergy penalties
cen Ctime
pert & R _ R ____ (2.29)
ot CR™+Caaa
Cen Ctlme
2 2 R R
e o (2.30)

—€en — —_time —time

Crot Cthme + Clata
whereP®™1 is theworst-casegpenalty (associated with a sensor which survives until
the end) andP®"2 is theaverage-cas@enalty (associated with the average energetic
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Figure 2.16: Energy penalty, associated with the reclinggarotocol, as a function
of both the observation frequendy,s and the number of sensons Two possible
cases are considered: apximunpenalty (associated with a sensor which survives
until the end) and (baweragepenalty (among all the sensors in the network).

costs among all sensors in the network). As mentioned befloeeenergy penalties
(2.29) and (2.30) take into account, with respect to (2.@8listic network parame-
ters, such akgats fobs Ro, andP.

In Figure 2.16, the energy penalty is shown, as a functiomefiumber of sen-
sorsn and the observation frequendyys, in the two cases previously highlighted:
(a) worst-caseenergy consumption (obtained by using expression (2.28)) ()
average-casenergy consumption (obtained by using expression (2.809cder to
compare the results in Figure 2.16 with the results giverhaprevious sections,
we have seP; = 102 and SNRensor= 5 dB. Realistic values for the network para-
meters, provided by the Zigbee standard, correspori®l 01 mW, R, = 250 Kb/s,
Lgata= 1024 b/pck, andLcon;= 80 b/pck? One can note that for low values of the ob-
servation frequencyrdre observationg the performance worsens since the network

4In our analysis, we use the maximum possible data-rate atldw the Zigbee standard, i.&, =
250 Kb/s. However, our experimental results show that onfiyaximum valueR, = 25 Kb/s can be
achieved by practical sensor networks [114]. Moreover,l¢éingth of data packets is the maximum
allowed by the standard.
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spends more time in reclustering than in transmitting ustdta. For a fixed value of
the number of sensors the following limits hold:

—en

lim pett="K —1 lim P2 =R —1
fobs—0 CR fons—0 R

Besides, one can observe that for increasing values of teradtion frequencyfre-
quent observationsthe performance is better. In fact, for a fixed number obees
there is a larger number of data transmissions from the sertiedhe AP and the
value of DR becomes increasingly negligible with respect to the vafued,, Ana-
lytically, one can write

. 1 . 1
lim pPenl— =0 lim Pe"2= - =0.

fops— C(ejgta fobs—00 data

Note that a high value of the observation frequency mightoechdmissible. In fact,
in Section 2.3.2 we have supposed that the inverse of thenattiea frequency is
much smaller than the time necessary to complete a tranemiss the AP and,
eventually, the reclustering protocol (hypothesis (a)act®n 2.3.2).

Analysis with Energy-Limited Battery at the Sensors

In the previous derivations, the proposed framework andbteeented results have
used arbitrary time units. However, it is of interest to miagse arbitrary time units
into realistic units. In order to do so, we assume that a n@dguipped with a limited-
energy battery with initial energ¥parery (dimension: [J]). When a sensor battery
energy exhausts, the sensor dies and, consequently, therkés closer to breaking
the QoS condition. The average sensor lifetime (dimeng&can be expressed as

Epatt
E [Tsenso} = aﬁery

whereP is the average power depleted at the node (dimension: [W} fealistic
wireless sensor network (e.g., Zigbee wireless sensoranksW57]), fourstatesare
admissible at the node: (fransmission(2) reception (3) idle, and (4)sleep In this
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case, the average power depleted at the node is given by

P— ip,pi (2.31)

whereR andp; (i=1,2,3,4) are, respectively, the power consumption initkiestate
and the probability that the sensor is in fhilh state—note tha®, = P. Typically,
in a Zigbee wireless sensor netwdPk < 1 and p, < ps, p1 [115]. Therefore, the
average depleted power in (2.31) can be written as

P~Pip1+Pp2

wherep, = 1— p; andP, = P, = R [115]. Therefore, the average consumed power
in (2.31) becomes

and it follows that

E
E [Tsenso} = baT‘:ery. (2.32)

Using the value off [Tsenso} given in (2.32) for the computation @i accor-
ding to the framework derived in Section 2.3.4, the lifetiofi@ realistic Zigbee wire-
less sensor network, with the parameters used to derivesiéts in Figure 2.16, can
be obtained. The sensor network lifetime values, assacwaith different battery
energies at the sensors (typical for practical applicajioare summarized in Ta-
ble 2.3.4. In particular, a scenario with= 64 sensors® = 1 mW, andfyps= 20s™*
is considered. One can observe that the theoretical reguéia in Section 2.3.3 are
confirmed also in a more realistic Zighee wireless sensavaré&t However, note that
for n= 64 sensors the network lifetime in the ideal scenario istehthank [Tsenso},
whereas it is longer in a realistic scenario. This behadaite to the fact that our
theoretical framework does not consider the delay assatiaith packet transmis-
sions, as considered, instead, in the performance anéysasZigbee network.

2.3.5 Noisy Communication Links

The analysis of the sensor network lifetime proposed iniGe@.3.2 is quite ge-
neral and, in particular, no assumption has been made orothenanication links.
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Table 2.3: Sensor network lifetime for a realistic Zigbeeeldss sensor network in a
scenario withn = 64 sensorsi = 1 mW, andfyps= 20s 1. The Zigbee parameters
are the same considered in Figure 2.16. Different valueb@bhttery energy at a
sensor are considered.

Battery energy| Average sensor lifetime Sensor network lifetime
Epattery [kJ] IE [Tsensof [days] Ctt(i)Te [days]
12.96
(400 mAh, 9 V) 150 196
19.44
(600 mAh, 9V) 224 294
31.68 365 480
32.4
(1Ah,9V) 375 491

However, the results presented in Section 2.3.3 are olotainder the assumption
of ideal communication links. In a scenario with noisy communiaatimks, two
main differences, with respect to a scenario with ideal camigation links, can be
observed:

« for a given value of the sensor SNR, the presence of noisyraamcation links
leads to a performance loss (i.e., higher probability ofslec error);

 a probability of decision error floor can be visualized faghvalues of the
sensor SNR.

These differences between the scenarios with ideal conuation links and those
with noisy communication links imply that the network lif@e will be shorter, since
the QoS condition will be satisfied for a shorter time. Moemthe presence of a
probability of decision error floor implies that, for a givealue of the sensor SNR,
the QoS condition might never be satisfied. These considesasuggest that the QoS
condition and the operating sensor SNR, for a given valué®humber of sensors
n, have to be properly chosen.
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Figure 2.17: CDF of the network lifetime, as a function of éinin a scenario with
n = 64 sensors, uniform clustering, and noisy communicatioksli Two possible
values for the cross-over probability are consideredp@ 0.1 and (ii) p = 0.001.
The sensor SNR is set to 5 dB and the maximum tolerable pritigadsii decision
error isP; = 103,

In Figure 2.17, the CDF of the network lifetime is shown, asraction of time3
in a scenario wittn = 64 sensors, uniform clustering, and noisy communicatiaxsli
Two possible values for the cross-over probability are ired: (i)p= 0.1 and (ii)
p = 0.001. For comparison, the curve associated with ideal congation links is
also shown. The sensor SNR is set to 5 dB and the maximum itdepaobability
of decision error i$ = 10~3. One can observe that the higher is the noise intensity
in the communication links, the higher is the CDF of the netwldetime. In fact,
in this case the transfer of information from the sensorsh&AP is less reliable
and, consequently, the probability of decision error bezsmmigher and higher and
the QoS condition can be guaranteed for a shorter time. Assoenario with ideal
communication links, the presence of reclustering pradahg network lifetime with

5We recall that the time is measured, here, in arbitrary uRits more realistic scenarios, see the
considerations at the end of Section 2.3.4.
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respect to a scenario with no reclustering. Obviously, fgivan reclustering strategy
a scenario with ideal communication links corresponds tmgér network lifetime,
since the probability of decision error is the lowest pdssib

2.3.6 Throughput and Delay with Varying Sensor Network Lifetime

In this section, we evaluate the performance of a realisjbee wireless sensor net-
work subject to nodes’ failures. In order to carry out thiglgsis, we resort, as in
Section 2.2.5, to simulations using Opnet Modeler 11.5JE0& a built-in model
for IEEE 802.15.4 networks, provided by the NIST [106]. listbection we analyze
the network performance (in terms of number of transmittadkpts, throughput,
and delay) in scenarios with no clustering (and, therefaooereclustering). The goal
of this section is to show the impact of different QoS cowdisi (given in terms of
the required percentage of nodes’ deaths which make theorletiie) on different
network performance indicators (e.g., throughput andyjekor the performance in
the presence of relaying see [116]. As discussed in Sectih,2he performance of
sensor networks with no clustering can be considered, fragtaork lifetime view-
point, as a lower bound, since the probability of decisiaioreis lower than in sce-
narios with clustering. In the simulations, the followingrameters are considered:
Ry = 250 Kb/s,Lgata= 994 b/pck, and) = 0.236 s, whergy is the packet interarrival
time at the sensors. Moreover, no transmission of ackn@eleent packets is consi-
dered from the AP to the remote nodes. In all presented sgdaiir QoS conditions
will be considered: (i) network death corresponds to 100%eofkors’ deaths (i.e., the
network survives until there is a single sensor alive),n@work death corresponds
to 70% of sensors’ deaths, (iii) network death correspoad®% of sensors’ deaths,
and (iv) network death corresponds to 20% of sensors’ deaths

In Figure 2.18, the packet delivery fraction is shown, asrefion of the number
of sensora, for two possible distributions of a single sensor lifetinf@) exponen-
tial with u = 300 s (solid lines) and (b) uniform witly,.x = 600 s (dashed lines).
First, one can observe that the more stringent is the QoStammdhe lower is the
throughput. In fact, a smaller number of transmissions assiple (since the network
lifetime is shorter) and a larger number of collisions hapfmecause there is a large
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o—0 100% of deaths required
m—a 70% of deaths required
A—4 50% of deaths required

i}

*—x 20% of deaths require

‘20 40 60 80 100

Figure 2.18: Packet delivery fraction, as a function of thenber of sensorg, in a
Zigbee wireless sensor network with nodes’ failures. Twssyide distributions for
a single sensor lifetime are considered: (a) exponentidd wi= 300 s (solid lines)
and (b) uniform withty,ax = 600 s (dashed lines).

number of sensors which try to transmit to the AP and a largenber of packets
are lost. Moreover, a scenario with uniform distributiortted sensors’ lifetime has a
lower throughput with respect to a scenario with exponédt&ribution, since more
packets are lost due to the collisions.

In Figure 2.19, the average MAC defagver all the received packelsis shown,
as a function of the number of sensarsfor two possible distributions of a sin-
gle sensor lifetime: (a) exponential witln = 300 s (solid lines) and (b) uniform
with tmax = 600 s (dashed lines). Similarly to what happens for the djinput in
Figure 2.18, a larger number of collisions also causes ahidélay in receiving the
packets. Therefore, scenarios with a uniform distributibthe sensors’ lifetimes are
characterized by a higher delay with respect to scenarittsamiexponential distribu-
tion. In this case as well, however, the more stringent i€208 condition, the higher

6The average MAC delay corresponds to the delay averagedativeackets which are correctly
received at the MAC level during the Opnet simulations.
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Figure 2.19: Average MAC delaR, as a function of the number of sensotsn a

Zigbee wireless sensor network with nodes’ failures. Twssjide distributions for
a single sensor lifetime are considered: (a) exponentidd wi= 300 s (solid lines)
and (b) uniform withty,ox = 600 s (dashed lines).

is the average MAC delay. Finally, the average MAC delay dustsdepend on the
number of sensors, for a fixed QoS condition, since the numib&urviving sensors
is (almost) the same and, therefore, the average delay ipattieet transmissions is
constant.

2.4 Impact of Different SNRs at the Sensors

Consider now a generic scenario with different SNRs at tmsas. For the sake
of simplicity, we consider a scenario with no clustering,,idirect communications
between the sensors and the AP. In this case, a decision bagbémajority-like
fusion rule might not be the best choice. In fact, if a sensorery noisy (i.e., its
observation SNR is very small), its decision should be takmaccount with a low
level of reliability in the fusion process at the AP. Therefdat would be reasonable to
assign each sensor a weight proportional to its own SNR—aftysoach is similar to
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that proposed in [31], where the weights are assigned aiogpta the link qualities.
The AP could then make a final decision taking into accountwbights assigned
to the sensors. Note that the improvement, in terms of piitityabf decision error,
comes at the price of a non-optimal network energy efficiesioge all sensors, even
those with low SNR, have to send their decisions to the AP aastavthe same
amount of energy.

In the following, we consider a system where the AP takes auount then
local sensor decisions with the same weight, i.e., withauts@lering their SNRs,
and adopts a majority-like decision rule. In order to take sonsideration the sensor
SNR profile, the threshold for local decision at each serspraperly optimized, as
explained in detail in Section 2.4.1.

We now derive analytical expressions for the probabilitydetision error, dis-
tinguishing between a scenario witteal communication links and a scenario with
noisycommunication links. In [117], the reader might found anlyinzal expression
for the probability of decision error also in the case whergoantization is carried
out at the sensors, i.e., when sensors transmit their likedihood values.

2.4.1 Ideal Communication Links
Probability of Decision Error

Consider the first conditional probability at the right-Haside of (2.5) and define the
threshold value in the majority-like decision rule. There is an error, ild.= Hy
given thatH = Hg, if i > k sensors decide fdi; whenHg has happened. In this case,
there can be) combinations of sensors deciding fdi. We denote a€);(j) the
j-th possible combinationj (= 1,..., (1)) in a scenario wheresensors are in errdr.
Therefore, the conditional probability of interest can kpressed as follows:

P(H = Ha|Ho) = i (Zin)l{np (W™ = Hy|Ho ) ﬁ P (ui " = HolHo) }
i=k j= =

m=i+1
(2.33)

"Note thatQ;(j) depends also on. However, for the sake of notational simplicity, this degience
is not explicitly indicated. The context should eliminate/@ambiguity.
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whereP(ug ) = = Hi|Hp) is the probability that at thé-th sensor, in th&;(j)-th
combination (out of the{i) possible ones), a wrong decision is made whigrhas
happened.

Similarly, the second conditional probability at the rigt&nd side of (2.5) can
be expressed as

k—1 n
P(H Ho|H1) = P = Hi|H; P(u = Ho|H1)
Z)] 1{ﬂ ( )ITLI_Il-‘rl
(2.34)
whereP(ug ) = = Hj|H1) is the probability that at thé-th sensor, in th&;(j)-th
combination, a correct decision is made wh&rhas happened.

Decision Threshold Selection at the Sensors

In the literature, it is shown that using the same threshbodéll @ensors is an asymp-
totically optimal solutionif and only if the SNR at the sensors is constant [118]. In
the currently considered scenario (with different SNRé&atstensors), it is not reaso-
nable to use the same threshold at all sensors. Therefa@eaus to choose another
criterion for local decisions at the sensors.

In this section, we considerlacally optimaldecision schem®In other words,
each sensor makes a binary decision which minimizes, focahesponding SNR,
its probability of (local) error—this corresponds tgarson-by-person optimization
(PBPO) approach to distributed detection [119]. The ogtwvakue for the threshold
Tj is such that

p(ti[H1)P(H1) = p(Ti|Ho)P(Ho)- (2.35)

In general, the computation of the probability of decisioroe based on the evalua-
tion of (2.33) and (2.34), depends on (i) the chosen valuk, f(i) the sequence of the
detected phenomenon amplitudess} at the sensors, (iii) the sequence of noise va-
riances{a; }, and (iv) the sequence of thresholgs}. Recalling the Gaussian model

8We are implicitly assuming that each sensor estimates itsavservation SNR.
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for the observable in (2.1), one can obtain [117]

P(ur=HylH) = 1—Q<11%5>

Oy

SNI%GI"ISOF pO

As expected, the probability of decision error does not ddpm the sequencds; }
and{g;} separately but, rather, only on the sequence of rqtip&si}, i.e., on the
sequence of sensor SNRs. In other words, the probabilityecistbn error depends
on the sensdBNR profile{ SN F?ggnso}. Therefore, evaluating the system performance
of the sensor network as a function of the sensor SNR profileisaningful problem.

2.4.2 Noisy Communication Links

Let us denote by the cross-over probability of the BSCs (the same for allyogsn-
munication links). In this case, the decision made at'ttiesensor, i.e Ly, might be
“flipped,” with probability p, by the communication link. In particular, the component
conditional probabilities in (2.5) depend gnFor instance, the conditional probabi-
lity (2.33) has to be modified by replacing the decisions niadally by the sensors
with the correspondingeceiveddecisions:

P(F = Hq|Ho) Ekz {J‘| P( J=ree _ |H0>

n .
P (u" 7% = HolHo ) } (2.36)
m=i+1
where u( 1)=ree and u0)=" are the received versions of the local decisions
uﬁQ( andu (1)) , respectively. The conditional probability (2.34) has torbodi-

fied similarly. A generic term in (2.36) can then be expressetbllows:

P(UE° = Ha[Ho) = ﬂ—mQ<%>+pP—Q<E>} (2.37)

Oi
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Figure 2.20: lllustrative sensor SNR profile: (a) realisticd (b) reordered with non-
increasing values of the SNRs. In particular, in (b) fourgilole interpolating profiles
(linear, quadratic, cubic, and hyperbolic) are shown.

Since we are considering locally optimal selection of theiglen thresholds at
the sensors, there is no difference (in terms of the decisti@iegy at the sensors)
between a scenario with ideal communication links and ass@emith noisy com-
munication links. Therefore, the derivation consideredsaction 2.4.1 for sensor
threshold selection holds in this case as well.

2.4.3 Sensor SNR Profiles

As observed in Section 2.4.1, the probability of decisiororetltimately depends
on thesensor SNR profiléSNFéignso}. A generic example of sensor SNR profile is
shown in Figure 2.20 (a): the sensor SNRs are generally nobtanically ordered.
However, since it is always possible to reorder the sensdsSikbm highest to lo-
west, as shown in Figure 2.20 (b), without loss of generatitbe can restrict his/her
attention to a scenario where the sensor SNR profi®isincreasing

Based on the observation in the previous paragraph, in todgraracterize non-
increasing sensor SNR profiles we consider four possiblescéibe SNRs are ex-
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pressed in dB):

Linear profile: SNR=SNRy—cC-i

Quadratic profile: SNR= SNRy—c-i?

Cubic profile: SNR=SNRy—c-i® (2.38)
SNRy

Hyperbolic profile: SNR=

1+ci

where:i =0,...,n—1; nis the number of sensors; SHK the highest sensor SNR;
andcis a suitable constant which uniquely characterizes these3NR profileslope
For this reason, we denoteasslope coefficientA large value ofc corresponds to
a scenario where the sensor SNRs decrease rapidly (i.eotfesponding realistic
non-ordered sensor SNR profile is highly varying), whereamall value ofc cor-
responds to a scenario where the sensor SNRs are similartijeecorresponding
realistic non-ordered sensor SNR profile is almost constéint = 0, all profiles
degenerates to a constant profile, i.e., SNFBNRy, Vi. In Figure 2.20 (b), illustra-
tive graphical examples of the four profiles are shown. Inftilwing, we will
restrict our attention to scenarios with convex SNR prof{lesar, quadratic, and
cubic), since concave profiles (e.g., hyperbolic) can beveho lead to worse per-
formance [117]. As one can see, by suitably setting the sadfiSNR) andc, a large
number of realistic sensor SNR profiles can be characterideid underlines the ap-
plicability of our framework. In Section 2.4.5, we will prope a simple experiment
to characterize a realistic sensor SNR profile.

In (2.38), we have assumed that the maximum SNR and the stmféotentc
are the same for all profiles. However, in this case the winipirofile is always the
linear, since the sensor SNR at any position is higher tharcdhresponding one in
any other profile. In order to obtain a “fair” comparison beem the various profiles,
one can impose that all the SNR profiles have the same aveedge, denoted as
SNR.

» By imposing that the slope coefficieais the same for all profiles, after a few
manipulations one obtains that the maximum SNRs in the vard@ases need
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to be set as follows:
- n—-1
SNR)J - SNR+ CT

(n—1)(2n—1)

SNRyq = SNR+-¢C (2.39)

_ —1)2
SNPQC:SNRJer.

e Specularly, imposing that the maximum SNR is the same 1dhal sensors,
the slope coefficient in the four considered cases need tetle the following
way:

2

¢q = (SNRy—SNR) (2.40)

6
(n—1)(2n—1)
Finally, one should observe that in (2.40) it must hold tHdRg— SNR> 0.

We point out that throughout this section we make the impéssumption that
the SNR profiles are perfectly known and available at the AWs i expedient for
performance analysis. However, in a realistic scenarie,tiechanisms to collect
SNR values from the resource-constrained sensors may ne¢rigeaccurate, and
relying too much on it may not be helpful. Collecting the \edwaccurately is a chal-
lenging problem, which needs further investigation. Faaregle, the SNR values
could be collected duringtaaining phasewhen each sensor computes its local SNR
and send it to the AP. In Section 2.4.5, we propose a simplergrpntal validation
of our theoretical assumptions.

2.4.4 Numerical Results
Ideal Communication Links

Let us first consider a sensor network with ideal commurocalinks from the sen-
sors to the AP. Moreover, the a priori probabilities of thepdimenon are such that
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Figure 2.21: Probability of decision error, as a functiotthef coefficient, with SNRy
equal to 12 dB and 16 dB, respectively. Various values of timaber of sensora
are considered, in a scenario withear sensor SNR profile. The lines correspond to
analytical results, whereas the symbols are associat&dsimiiulation results.

P(Ho) = 10P(H1): this is meaningful for situations where a phenomenon & (ag.,
the phenomenon under observation is an unusually high hiynedel).

The following question is meaningful: for a given value of g\ what are the
conditions under which the use of a limited humber of senfovger, for instance,
thann) is the winning strategy? In order to answer this questiorkigure 2.21 the
probability of decision error is shown, as a function of tleefficientc, in a scena-
rio with linear SNR profile. The lines correspond to anabfticesults, whereas the
symbols are associated with Monte Carlo simulation restit® possible values for
the highest sensor SNR, i.e., SRire considered: 12 dB and 16 dB, respectively.
For each value of the sensor SNR, various numbers of sensorasidered. Ob-
viously, the curves corresponding to scenarios with andy 1 sensor are constant
with respect ta. The impacts of the parameterand SNR can be characterized as
follows.

< Forsmallvalues ofc, i.e., in a scenario with almost constant SNR profile, the
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best performance is obtained usalbgsensorsregardless of the value of SYR
For large values ofc (i.e., irregular sensor SNR profile before monotonic re-
ordering), the best performance is obtained using onlye¢hea's witrhighest
SNRs Note that the best asymptotic performance—{ «) is obtained using
only thesensor with highest SNR (SNR however, the probability of decision
error might be intolerably high.

 For low values of SNR the impact ofc is “mild,” whereas for high values of
SNRy the impact ofc is relatively stronger. This behavior can be interpreted
as follows. Ifat leastone sensor is highly accurate, i.e., SNRhigh, then in
order to optimize the network performance the right subsensors should
be carefully chosen. In other words, the higher is the sgitgitof at least
one sensor in observing the phenomenon, the more accueaseléttion of a
suitable subset of sensors has to be carried out.

As one can observe from Figure 2.21, for a given valug tiie best performance
is obtained selecting a specific number of sensors—thosehighest SNRs, starting
from the one with SNR In order to characterize this behavior in more detail, in
Figure 2.22 the optimal value of the number of sensors to leetesl is shown, as
a function ofc, for various values of SNiR The results in Figure 2.22 show that
(i) the optimal number of sensors is a decreasing functiory ahd (ii) the lower is
SNR,, the faster the optimal number of sensors decreases farasicrg values of
c. A careful reader might wonder, at this point, why the optimamber of sensors
does not reduce by one in correspondence with each vertieatgasing) step. This
behavior is due to the fact that the decision threshioid thei—th sensor is computed
according to (2.35), which representsoaally optimalthreshold selection strategy.
Therefore, one can conclude that such a threshold selesttiategy is noglobally
optimal (from the entire distributed decision process), as alredaberved in [120].
The individuation of globally optimal decision thresholtshe sensors in a scenario
with non-constant sensor SNR profile is currently understigation.
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Figure 2.22: “Optimal” number of sensors (for minimizingthrobability of decision
error) as a function of the coefficientin a scenario withinear sensor SNR profile
andP(Hp) = 10P(H3). Three values for SNiRare considered.

Noisy Communication Links

While in the previous section we have considered a scenativideal communica-
tion links, we now extend the previous analysis in order tw@ate the impact of the
sensor SNR profile in the presence of noisy communicatids liMore precisely, in
a simple network scenario with= 3 sensors, we compare directly the performance
with linear, quadratic, and cubic sensor SNR profiles. We aloconsider the hy-
perbolic profile, since we have shown in Section 2.4.4 thataverall performance
with this profile is worse than that with the other profiles—fdt, in the presence of
a hyperbolic profile the average sensor SNR has to be veryihighder to obtain
an acceptable performance level. We evaluate the protyabflidecision error in a
scenario withall noisy communication links (considering two values for the cross-
over probabilityp, equal to 103 and 101, respectively) and, for comparison, in a
scenario with all ideal links.

In Figure 2.23, the probability of decision error is shows,aafunction of the
slope coefficient, in various scenarios with SNR= 16 dB andP(Hp) = 10P(H3).
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Figure 2.23: Probability of decision error, as a functiontleé coefficientc, in a
scenario withn = 3 sensors. The common value of the maximum sensor SNR is
SNR, = 16 dB. Three possible scenarios are considered: (i) all idda (p = 0),

and all noisy links with (ii)p = 102 and (i) p= 101, respectively. For comparison,
the performance with = 1 sensor is also shown (horizontal solid line).

In Figure 2.24, the same sensor network scenario is comsidbut theaverage
sensor SNR is kept constant$®\R= 16 dB—for each value df, the corresponding
value of SNR is determined according to (2.39). On the basis of the reshidwn
in Figure 2.23 and Figure 2.24, it is possible to charaatenerformance-wise, the
interaction between the sensor SNR profile and the commtigricaoise as follows.

« In a scenario witttcommorvalue of SNR, the impact of the sensor SNR pro-
file is very similar in scenarios with ideal communicationks and with noisy
communication links. For the same valuecpthe probability of decision error
increases if the profile changes from linear to cubic. Olsligifor c = 0 the
performance with the three profiles coincides. Moreoveymgsotically (for
large values o€) the probability of decision error is the same regardlesbh®f
profile. Therefore, it is possible to identify a critical ual of c beyond which
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Figure 2.24: Probability of decision error, as a functiortlsd coefficientc, for the
same scenario of Figure 2.23 and a comragaragevalue of the sensor SNR equal
to SNR= 16 dB.

the impact of the sensor SNR profile is the highest.

The impact of the noise is strong for small valuescpfvhereas it becomes
negligible for large values df. In fact, for any given profile, the curves asso-
ciated with ideal links and those associated with noisyditénd to coincide
for increasing values af. In other words, the less regular is the sensor SNR
profile (i.e., the larger is), the milder is the impact of the noise in the commu-
nication links. On the other hand, if the sensor SNR is vamjlar across the
sensors, then the noise in the communication links has aeséwpact of the
network performance. This latter scenario is analyzed faide [21].

+ In a scenario with a common value 8NR, rather than a common maximum
sensor SNR, th&; — ¢ curves do not tend to coincide for large values of the
slope coefficient. In other words, the impact of value ofin a scenario with
commonSNR is stronger than in a scenario with common $NBn the other
hand, for small values of the slope coefficienthe performance in a scenario
with commonSNR is similar to that in a scenario with common S\NR
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From the results in Figure 2.24, one can also make anothemaimon. In
the presence of ideal communication links, for increasialgies ofc the best
performance is obtained by quadratic and cubic profiles. @nopposite, in
the presence of noisy communication links, for increasialges ofc the best
performance is given by a linear sensor SNR profile.

2.4.5 Experimental Validation

In this section, we show experimental results relative ® $tNRs measured at the
sensors, in order to validate the theoretical models pexpas this section. In par-
ticular, we evaluate thReceived Signal Strength IndicatiRSSI) in order to obtain
sensor SNR-likprofiles. Equivalently to the RSSI, one could also useRath Loss
indicator. In fact, the following equation (in logarithnscale) holds:

P, = RSSI+ PathLoss

whereP, is the transmit power (dimension: [dBm]) and Path Loss ispgbeer re-
duction incurred by propagation (dimension: [dB]). Sine@iur experiments we set
P. = 0 dBm, one easily obtains:

RSSI= —PathLoss

The main idea of our experiments is the following. A mobiletensends perio-
dically a message, calldoeacon whereasn remote nodes, at fixed positions with
respect to the mobile mote, receive the beacon and storedkeved power. Finally,

a vector ofn power levels is obtained, and an SNR-like profile can be ddrifhe
experimental set-Upis schematically shown in Figure 2.25, from (a) practicad an
(b) logical viewpoints, respectively. We deploy four Micaddes at the vertices of a
square area of 90x90 &rand the remaining mobile (beacon) mote acts as the event
“generator” and is denoted &sing mote(fm). As shown in Figure 2.25, four nodes
are placed at the vertices of the network surface. The fm mimgide the network,

9Since our experiments are developed in a laboratory envieon, there is furniture all around the
square area where the sensors are deployed. However, wertsider the reflected signals negligible.
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Figure 2.25: Experimental set-up: (a) practical schemd \iite motes (one “fi-
ring/beacon node” and four fixed nodes), deployed over arequetwork surface
with area equal to 90x90 c¢imand (b) its corresponding logical scheme. The con-
sidered platforms are constituted by MicaZ motes using anconication protocol
compliant with the IEEE 802.15.4 standard.

sending messages to the fixed nodes. Note that in the coedideperimental set-up,
the observed phenomenon corresponds to the message séet implbile node. In

order to replicate the theoretical analysis, after reogithe message from the fm,
the four fixed nodes should take a decision (e.g., based oretieéved power), and
send their decisions to an AP. Since our goal, in this sect#oto characterize the
sensor SNR profile, we do not consider the communicationgpfiam the sensors to
the AP.

Two experiments have been run:

« the fm, which sends the beacon, is very close to one of thete(fixed) nodes;

* the fmis in the middle between the network center and onkeofdur vertices
of the square network surface, i.e., a fixed node.

In Figure 2.26, the Path Loss is shown, as a function of theotemode IDs
(indicated in Figure 2.25 (a)), in two different scenari¢): the fm is very close to
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Figure 2.26: Path Loss profiles in the presence of four Micafes sensing a firing
mote (fm). The fm is placed either (a) very close to one of #tices or (b) between
the center of the area and one of the vertices.

one of the fixed nodes, and (b) the fm is in the middle betweem#twork center

and one of the fixed nodes. As one can see from Figure 2.26h@)ptvest Path

Loss is obtained, as expected, in correspondence to thesteéamote node. In this
case, the profile described isheavyside-likefunction, since only the fixed node
closest to the fm senses a high RSSI (or, equivalently, a latl Poss), while the

others do the opposite. In Figure 2.26 (b), the fm is in a memral region and,

therefore, the measured power profile is, as expected, frkbian that observed in
Figure 2.26 (a).

Rearranging the values in Figure 2.26 (b) in an increasidgrpone can obtain a
decreasing profile, as described in the previous sectidrizath Loss or RSSI mea-
sures. In Figure 2.27, theath Lossprofile is shown, as a function of the mote ID,
for the four different cases (relative to the position of thebile mote) considered
in Figure 2.26 (b). As one can observe, on the average, tHiepiapproximately
linear.
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Figure 2.27: Reordered Path Loss profiles in the scenariosidered in Fi-
gure 2.26 (b).

2.5 Onthe Interplay Between Decoding and Fusion

2.5.1 Distributed Channel Coding and Detection/Decodingfusion Strate-
gies

In Figure 2.28, a pictorial description of the consideredsse network model is
shown. There are source nodes (the sensors), which obseraendisy manner) a
spatially constant phenomenon and send their decisionset@®\P, possibly using
channel coding. The presence of arelay is also considetd simple relaying stra-
tegy is proposed. The impact of multiple access interfarénnot investigated here:
in other words, we assume orthogonal transmissions to théeAP, perfect trans-
mission scheduling between the sensors and, if presenteldnd. The AP performs
the following operations:

« detectionof the observables, taking into account their statistitaracteriza-
tion;
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Figure 2.28: Pictorial description of the considered semstwork schemes. Solid
lines are associated withandatoryelements (either blocks or connections), whereas
dashed lines are associated wattional elements.

 decodingof the embedded error correction code (when used);

« fusion of the decoded data to estimate the status of the phenomerdar u
observation.

Note that some of the elements in Figure 2.28 are presenirapecific scenarios—
for instance, the relay node and the decoding block in the pgear only in coded
scenarios.

Repetition Coded Sensor Network

A sensor network with multiple observations! (consecutive and independent ob-
servations of the same phenomenon) can be interpreted asteansgmbedding a
repetition codgwith code rate IM) at each sensor. In this case, redundant informa-
tion is not sent by a relay, but from the sensors themselvesigh M consecutive
transmission acts per sensor.

Systematic Block Coded Sensor Network

In order to embed aystematiclock channel code into a sensor network, we pro-
pose a simple relaying strategy. More precisely, we asshate@ach sensor transmits
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its (uncoded) decision to the AP and, owing to the broadcatstra of the wireless
medium, also to the relay. Upon reception of the decisioom fthe sources, the re-
lay, by using a systematic block code, generates paritydnits sends them to the
AP. For example, dncog,N) = (7,4) systematic Hamming code [121, p. 562] can
be embedded into a sensor network with= 4 sensors and one relay, which ge-
neratesn.q,g — N = 3 bits according to the parity-check equations of the Hangmin
code. Assuming (as mentioned) that each sensor can redcthieoAP and the relay
in a single transmission act, the total number of transissicts in the proposed
sensor network is.oq. The equivalent code rate of this distributed coded schame i
R: = n/necod = 4/7. Note, however, that the connections between the sensditha
relay have to bédeal (i.e., with no communication noise) in order for the propgbse
schemes to be applicable. This assumption is reasonahl@edothat, for example,
the relay is relatively closer to the sensors than the APiSdction 2.5.4, we will
comment on the impact of the noise in the communication Ilfink® the sensors to
the relay.

With a slight abuse of notation, in the following we will deaca scenario as
“coded” only if a block channel code is embedded into the netwgtructure, in order
to distinguish it from a scenario with multiple observasdine., repetition coded).

Communication Schemes

In a coded scenario with binary phase shift keying (BPSK)Ragleigh faded links,
the observable at the output of the communication chanmebeaxpressed as

r = fi(ZCi — l)\/E_C+Wi i=1,...,Ngd (2.41)

wherec; € {0,1} is the symbol transmitted from either a senspiig an information
bit, i = 1,...,n) or the relay ¢ is a parity bit,i = n+1,... ncq), {w;} are statisti-
cally independent AWGN samples with the same distributii0,Ny/2), No being
the single-sided noise power spectral dengity= R.Ep is the energy per coded bit,
Ep being the energy per information bit, aridis a random variable with Rayleigh
distribution—perfectly coherent demodulation is conséde Under the assumptions



74 Chapter 2. Distributed Detection of Spatially Constant hlenomena

of independence between consecutive fading samplestfegugh the use of chan-
nel interleaving) and thak[| f;|?] = 1, the BER at the output of the detector at the AP

is [122]
pRayleigh — } 1— Reb
2 1+ Ry

¥ = Ep/Np is the SNR at the AP. A scenario with AWGN communication licks
be modeled using (2.41), by imposirfg=1 (i = 1,...,Nngg). In this case, the bit
error rate (BER) at the output of the detector at the AP caniiitéew as [122]

PPN = Q(V2Re) . (2.43)

In general, one can denote pghe BER at the output of the detector, where
has a specific expression (either (2.43) or (2.42)), depgnain the communication
channel and the detection strategy. For simplicity, we mssthatp is the same for
all sensor-AP links.
In all above communication schemes, the probability of sleni error at the AP
can be evaluated by computing the conditional probatsiliﬂ(aﬁ =Hi|H =H;) in
(2.5) (,j =0,1,i # j). These values depend on the presence/absence of channel
coding and on the detection/decoding/fusion strategyeaf\f as will be described in
the following sections, distinguishing on the basis of theayvations at the sensors.

(2.42)

2.5.2 Ideal Observations at the Sensors

In order to obtain performance benchmarks, we first consdenarios where the
spatially constant phenomenah is detected by the sensors ideally. In this case,
we distinguish between AP structures where the decodindusioh operations are
either separate or joint.

Separate Decoding and Fusion

When the decoding and fusion operations are separate, egsumajority-like fu-
sion the conditional probabilities at the right-hand sifi€205) can be computed as
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follows:

PRt =) = 3 (7)ol pir e

k-1 . o .
Pt =y = 5 ([)a-pi e @ay

where the repeated trials formula has been used [Od]e., the majority decision
threshold) ingJ +1, and the probabilit;pi?hea' depends on the noisy communication
link model and the specific distributed channel coding stat Note that the upper
index of the sum in (2.44) ia (and notngg) also in coded scenarios, since the in-
formation from the relay (i.e., the parity bits) is not usadhefusionprocess (only
the systematic bits are used). The parity bits are used orilyeidetection/decoding
process.

Since the local sensors’ decisions are error-fEgg and 1- pi9e@in (2.44) and
(2.45) correspond to the probabilities of error and cordecision at the detector out-
put, respectively. In an “uncoded scenario” (irgeq = N), it holds thatpffhea' =p.Ina
scenario with multiple observations, the AP preliminargides for the phenomenon
status at each sensor through a majority fusion rule ovevitbensecutive decisions
sent by that sensor. In this caq%ea' can be expressed, similarly to (2.44), as

P = i_% (“,") p-p™ (2.46)

wherekyc £ L%j + 1. In a coded scenario and for sufficiently small valuep,ahe
following approximation holds [121]:

; Neog— 1
p::dheal ~ < COt > pt+1

wheret = (dmin — 1)/2 is the number of errors which can be corrected by a code with
minimum distancelmi, [121, 123]. We point out that, provided thatNl = n/ncqq,

the comparison between coded schemes and schemes witplenaliservations is
consistent from an energetic viewpoint.
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Joint Decoding and Fusion

In a scenario with multipleN]) independent observations at the sensors, joining the
decoding and fusion operations consists in adopting a ihajoision rule over all
then x M bits sent from the sensors to the AP. In this case, the priityadifidecision
error becomes

pmuitobs :% [.% (”X M> d(1— M- Z} (nx M) _p) M- .]

(2.47)
whereky = | 2M | 41 is the majority decision threshold.

In a coded scenario, the receiver with joint decoding anfusan be designed
as follows. Since the considered sensor networks eraps@maticodes, we denote
as[u(lj),...,uﬁj),b(lj),. bfkod_ | (j = 0,1) the entire sequence of bits transmitted by
the sensors.(j) from sensor) and the relay{(b.}i”fld " from the relay) in correspon-
dence to the phenomenon statds Note that in the current case with a spatially
constant binary phenomenon and ideal observations at tis®isg(us, ..., Uy) IS €i-
ther(0,...,0) or(1,...,1). In other words, in the presenceidéal observations, only
two codewords, denoted a¥) andcY, are allowed—this does not hold with noisy
observations, as will be shown in Section 2.5.3. In partical® = (0,...,0). In all
cases considered in this section, it will also hold ¢i&t= (1,...,1).

Given that decoding and fusion are joint, two possible detrcstrategies at the
AP can be devised:

 hard-output detection is followed by (hard-input) joitatding/fusion;
« detection, decoding, and fusion are all joined together.

In the former case, the maximum a posteriori probability (R)4oint decoding/fusion
strategy can be formalized as
= = () (i)
H= arquax?( |ch) arjg:rg?flP (Crxlc ) P(c) (2.48)
wherec is the codeword at the output of the detector at the AP. Simbe tavo
codeword<(® andc™® are used, the a priori probability of the sequea@eis equal
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to the a priori probability of the phenomenon statdis i.e., P(cl)) = p; = 1/2.
Owing to the independence of the communication channelsd(tionally on the
transmitted bits), the MAP decoding/fusion strategy id8.can be rewritten as

Neod

G B (1l
A = argmasp, [P (cndd”). (2.49)

After a few manipulations, the MAP decoding/fusion strateg(2.49) can be finally

formulated as
1_ p 279(17crx)—ncod Ho
<—> Z 1 (2.50)
p
Hi
whered (1,¢x) is the number of 0's ii€y.
At this point, one can evaluate the probability of decisioroein (2.5). In par-
ticular, the term% P(ﬁ =Hj|H = Hj)} (i,j =0,1,i # j) can be computed from the
decision rule (2.50). After a few manipulations, one olgain

Pe _ 1. [ Meod (ncod> pk(l _ p) Neod—K + k*zl <nC0d> (l _ p)kpncodk]
2 k;* k k=0 k

where we have used the fact tHafl,cx) is a binomial random variable with para-
metersngog andp, ¢) = 1, andk* is defined as follows:

K" =min{1,...,Ncoq}
s.t. <1_—p>2k - > 1
p
In the case with joint detection/decoding/fusion, we fistsider a scenario with

Rayleigh faded links, and we denote by= [fy,..., f, ] the fading samples and
byr =rq,...,rn,, the observables at the output of the communication links. Un
der the assumption of perfect channel state informatiometAP, the MAP dete-
ction/decoding/fusion strategy can be formulatetf §23]

Neod

H= argmasp (r|c(j), f) P <c(j)|f) = argmavp, ﬂ p <ri D, fi) (2.51)

10In (2.51) and in the remainder of this section, the upper@aiseused to denote the probability of
an event, whereas the lowercgses used to denote the conditional probability density fiorc{PDF)
of a random variable.
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where we have used the facts that the observables are coradlifiindependent given
{ci(”} and the coded b'n:i(’) is independent of the fading samgie Discardingp; =
1/2, from (2.51) one can derive, after a few manipulations,ftflewing decision
rule:

Neod 1 Hi

Zri fic! 2 o. (2.52)
i= Ho

On the basis of (2.52) and recalling that a linear combinatibGaussian random
variables is still a Gaussian random variable [94], aftezva fanipulations the pro-
bability of decision error at the AP (2.5) becomes

P

\/Rc—Eznwd f; C o \/RC—Echod f; (ZC 1)Ci(1)
\/N zncode \/N zncode
(2.53)

where®(x) £ 1— Q(x). Observe that (2.53) depends on the particular sequence of
fading sampleg fi }.

An expression for the probability of decision error in theeavith AWGN links
can be directly obtained from (2.53) by imposifig=1 (i = ncod) In particular,
in the presence of a code with” = 1 (recall that, in all case(® = 0) it can be
shown that

Pe=0Q <\/ 2ncodRcVD) =Q (\/ﬁ) .

2.5.3 Noisy Observations at the Sensors

We now extend the derivation presented in Section 2.5.2 ¢orapass the presence
of observation noise.

Separate Decoding and Fusion

In the case with separate decoding and fusion, only the ssijares of the probabil-
ities p'dea' in (2.44) and (2.45) need to be modified. In particular, byngghe total
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probability theorem [94], one can write

PO = P(Gix = 1|H/) i=1,...,n
= PRY1-Q(r—s- 0]+ (1- pF)QT —s-0)
where the sensors’ decisiofis"’} are done as outlined in Section 2.2.1 giffe' is
the final BER, which depends on the presence/absence abdistit channel coding,
as shown in Section 2.5.2.

In a scenario wititM observations at each sensor, expression (2.46})&@?‘ has
to be similarly modified. In particular, one obtains:

. M . .
P = 3 (“f)[g(pl)]'[l—g(p,@)]“”" (2.54)
whereg(p,¢) £ p[1—-Q(T —s- /)] + (1 - p)Q(T—s-¢).

Joint Decoding and Fusion

In the case with hard-output detection followed by jointattiog/fusion, expression
(2.48) for the phenomenon estimate in a scenario with melbservations at the
sensors has to be modified, similarly to (2.54), as follows:

Plhosy™ = %_%A (nxiM>[g(p,l)]i[l—g(p,l)]nXM_i
275 (M M) n-aporapoir -

We now derive the MAP decoding/fusion strategy for the cosleeharios in the
presence of noisy observations at the sensors. In the cts@avd-output detection
followed by (hard-input) joint decoding/fusion, in ordertke into account the ob-
servation noise statistics expression (2.48) has to befraddis follows:

Ncod

H= arjgirg}flP(Hj lcx) = arjgirg?flﬂ P(ci[Hj) (2.55)
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where the irrelevant terrR(H;) = p; = 1/2 has been discarded and the probability
P (cirx|H;j) can be written, after a few manipulations, as

(1-p[1-Q(r—s-j)]+pQT—s-]) ifcin=0

P(cix|Hj) = i .
P[l-Q(t—s-J)]+(1-p)Q(r—s-j) ifCix=1

In a coded scenario with joint detection/decoding/fusithe MAP estimation
strategy (2.51) has to be modified as follows:

R Ncod
H =argmax | P (ri|Hj, fi
90X (ri|Hj, fi)

which can be rewritten, after a few manipulations, as

M Yo,r, fi) %
MY, fi) 5

where

ri fiv/Ec
No

Y(mri, fi) £ ®(1 —m-s) exp<—2

> + [1—d>(r—m-s)]exp<2rifi\/E_°> .

No

2.5.4 Impact of Noisy Communication Links Towards the Relay

The previous derivations in coded scenarios are based oasthemption of ideal
communication links between the sensors and the relay.ig$nstttion, we briefly
discuss on the impact abisycommunication links between the sensors and the relay.
No analytical derivation nor numerical results will be geted. The considerations
which will be carried out are simply meant to give some guiged on the benefits
brought by the distributed use of properly designed blocrarorrection codes.

We first consider the case wittieal observations at the sensors. In Figure 2.29,
we give a pictorial description of how the communicationsednfluences data trans-
mission to the relay. As previously seen, two possible cadds/are selected at the
sensors and relay, namad{?) andc, which are shown, in Figure 2.29, as a filled
circle and an empty circle, respectively.
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At the sensors and relay At the AP

()

Decision region

(0)
No communication for ¢

noise between
sensors and relay

Noisy
transmissions
to the AP

Communication
noise between
sensors and relay

Figure 2.29: Codebook perspective on the consideredmlistdl detection schemes:
(a) ideal commnunication links between sensors and reldyl@moisy communica-
tion links. In each case, on the left the two possible coddwat sensors and relay
are shown, whereas on the right possible received words &Prare shown.

* In the scenario with no communication noise between the@srand the relay

(case (a)), we denote the Hamming distance between the tlewoods asl.

If ¢© =0 andc) =1, thend = neoq. The presence of noisy communication
links from the sensors and the relay to the AP is such that tirel @y (one

of the 2od possible binary sequences of lengkly) received at the AP may

be different from the codeword transmitted by the sensodstha relay. In
particular,cx may not even be a codeword. Decoding and fusion at the AP cor-
responds to associating the received word to one of thenretion sequences

0 or1. Itis intuitive that the larger ig, the more robust is the system against
communication noise in the links to the AP.

 In the presence of communication noise between the seasarghe relay

(case b), the latter may receive a sequence of bits whicérdiffom that sent
by the sensors. Therefore, the parity bits generated byethg may lead to the
association oHy andH; to two codewords(© andeY)’ which are at a distance



82 Chapter 2. Distributed Detection of Spatially Constant hlenomena

d’ < d. As a consequence of this decreased distance, the systéompance

will be worse than in the previous scenario, since the pritibabf associating

(through decoding and fusion) the received word to the wrnpingnomenon
status will increase. This can be understood from the caaleboenario at the
AP, where the received word at the AP might belong to the ot the signal

space which is associated (by decoding and fusion) to thagybenomenon
status.

The presence afoisyobservations may lead to the association of the phenome-
non statusesly and H; to two codeword<©” andc?” at a distance smaller than
d. In particular, in the presence of both (i) observation e@iad (i) communication
noise from the sensors to the relay, when the intensitielsesiet two noises are suffi-
ciently small, their negative effects tend to add, so thatdistanced” betweerc(?”
andc®” might be even smaller thati.

Obviously, an open problem is to quantify precisely the dase of the error cor-
rection capabilityt of the code in the presence of noisy communication links betw
the sensors and the relay. In fact, the parametepends on the particular structure
(codebook) of the considered error correction code. Arréstiing research direc-
tion is the design of robust (fault tolerant) error cornegticodes for the proposed
distributed detection schemes.

2.5.5 Numerical Results

We resort to Monte Carlo simulations to evaluate the prdiahif decision error
with the devised MAP detection/decoding/fusion strategiesented in Section 2.5.2
and Section 2.5.3.

In order to make the detection/decoding process at the ioptlhe AP more
effective, soft-inputdecoding/fusion (either separate or joint), rather thandfirgput
decoding/fusion, can be considered. In Figure 2.30, thieglnitity of decision error is
shown, as a function of the SNR at the AP, in a scenario withl6 sensors, AWGN
communication links (similar results can be obtained innac®s with Rayleigh
faded communication links), arefror-free observations at the sensors. Six coding
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10'16 G—O Uncoded ‘\‘ “ g
- - -1 M = 2 observations, jdf A ‘\.‘ !

¥ - =¥ (31,16) BCH codedhard-inputsdf ‘? \
10°"| & —A (31,16) BCH codedsoft-inputjdf B \\'; X
\

N
o

>— - P>M = 3 observations, sdf A
A—-A M = 3 observations, jdf \ \ B
hd A\

1086 4 =2

0
Y, [dB]

Figure 2.30: Probability of decision error, as a functiothaf SNR at the AP, in a sce-
nario withn = 16 sensors, AWGN communication links, agwor-free phenomenon
observations. Various coding strategies are considered.

strategies are considered: (i) uncoded, (ii) (31,16) BCBB[1p. 438] (the corre-
sponding BCH code has= 3)'* coded with hard-input and separate decoding/fusion,
(i) (31,16) BCH coded with soft-input and joint decodifggion, (iv) withM = 2
observations and joint decoding/fusion, (v) with= 3 observations and separate de-
coding/fusion, and (vi) wittM = 3 observations and joint decoding/fusion. One can
observe that the probability of decision error in coded ades shows a “waterfall”
behavior, which is due to the concatenation of the decodimthfasion operations.
However, the improvement brought by the presence of digith channel coding,
with respect to schemes with multiple observations, besoapparent at very low
probabilities of decision error, which may not be of praatinterest One can ob-
serve that the coded network with soft-input and joint déogiusion at the AP has

a performance significantly better than that associateld thi¢ schemes with hard-
input and separate decoding/fusion. This is to be expestade in a scenario with

11We remark that the BCH is one of the block channel codes tlimpitssible to consider. However,
the same results would be asymptotically obtained with aaeavitht = 3.
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Figure 2.31: Probability of decision error, as a functiorthaf BERp at the output of
he detector, in a scenario with= 16 sensors andoisy phenomenon observations.
Two values for the observation SNR are considered: (a) 20ndB1a) 10 dB. Various
sensor network architectures are considered.

soft-input decoding no information is lost upon receptibthe observables from the
communication links. Note, however, that in this case ad thel proposed coded
scheme outperforms a scheme with multiple observationsaintery low values of

the probability of decision error.

In Figure 2.31, the probability of decision error is shows,aafunction of the
BER p at the output of the AP detector, in a scenario wita 16 sensors andoisy
phenomenon observations. Two values for the observatidR & considered: (a)
20 dB and (b) 10 dB. The performance is evaluated with sixaemstwork architec-
tures: (i) uncoded, (ii) (31,16) BCH coded with separateodew/fusion, (iii) (31,16)
BCH coded with joint decoding/fusion, (iv) withl = 2 observations and joint deco-
ding/fusion, (v) withM = 3 observations and separate decoding/fusion, and (vi) with
M = 3 observations and joint decoding/fusion. In the case wgh bbservation SNR
(e.g., in Figure 2.31 (a)), the phenomenon observatiortseagdnsors are practically
error-free and, therefore, the network performance islamto that in Figure 2.30.
When the observation SNR decreases (e.g., in Figure 2.Rlir(gead, the proposed
detection/decoding/fusion strategies are not effectiviee the quality of the sensors’
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observations heavily affects the system performance,tdadstmore pronounced in
the presence of joint decoding/fusion. One can observethiegbrobability of deci-

sion error curve reaches a floor, due to the observation ifeisieh is independent
of the communication noise). As before, the schemes withiptellobservations at
the sensors outperform those with block channel coding.

Finally, we investigate the performance of the proposettidiged schemes in
large scalesensor networks, by using an LDPC code and the sum-prodBgtd&
coding algorithm. In particular, we consider a (3,6) reguad systematic LDPC
code: the systematic bits of the codeword correspond tm thecisions sent by the
sensors, whereas timg,g— n parity bits are generated by the relay node. The LDPC
code is constructed in@ndomfashion, according to an algorithm, which exploits
an idea similar to the progressive edge growth (PEG) alyoripresented in [124].
In Figure 2.32, the probability of decision error is shows,aafunction of the SNR
at the AP, in a scenario with = 100 sensors, AWGN communication links, and
noisyphenomenon observations. Three sensor network architschme considered:
(i) LDPC coded with standard SP decoding [1, 125], (ii) LDR®@ed withenhanced
(as described in the following) channel log-likelihoodiat(LLRs), and (iii) with
M = 2 observations and separate decoding/fusion. Two valuethéoobservation
SNR are considered: (i) 10 dB (dashed lines) and (ii) 20 dBd $oes). While in the
LDPC coded case with standard SP decoding the channel LbRst(@t the variable
nodes of the LDPC bipartite graph) do not take into accouatdiservation noise,
in the enhanced SP decoding case the channel LLRs are mdajfigaperly taking
into account the observation noise. The modified channeld.¢&h be expressed as
follows:

gc(ri\)fenhanced: Zen+ gz@priori i=1,...,Ncod
where G0
A ¥ — |
F i pie =1 ~ N
and
S aple=0 [ MR Hi=in
@=1 ] o ifi=n+1,....Nod
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Figure 2.32: Probability of decision error, as a functiortted SNR at the AP, in a
scenario wit = 100 sensors, AWGN communication links, amalsyphenomenon

observations. Two values for the observation SNR are cereild (i) 10 dB (dashed
lines) and (ii) 20 dB (solid lines). Various sensor networkhgtectures are conside-
red.

whereY has been defined in Section 2.5.3. From the results in Fig@& @ne can
observe that the use of multiple observations is still thanivig strategy also in
a large-scale sensor netwdrkHowever, the enhanced LPDC coded scheme (with
modified channel LLRs) outperforms the LDPC coded schemarge lobservation
SNRs, since a statistical knowledge of the observationenwédps the decoding pro-
cess. In fact, when the communication noise level is too,lagtommunication error
might compensate an error in the phenomenon estimatior aetfisors (due to a too
high observation noise level). On the other hand, when tienmonication links to
the AP are reliable (i.e., the communication noise is suffitty small) an error in
the phenomenon estimation might not be compensated amdfdres the AP might
not be able to correctly reconstruct the phenomenon stitoally, note that in the
standard LDPC coded case the performance with an obsen&iN& equal to 10 dB

2Note that in Figure 2.32 only the curve with observation SNjRas to 10 dB is shown in the case
with multiple observations. The curve associated with aseolmtion SNR equal to 20 dB and multiple
observations is even lower.
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is better than that associated with an observation SNR égzél dB when the SNR
at the AP is sufficiently low. This is due to the fact that foradhvalues of the ob-
servation SNR a larger number of codewords is actually ugetidosensor network
and, consequently, the error correction capabilities efltBPC code are better ex-
ploited. However, when the SNR at the AP increases, the fimalé impact of the
observation noise is reduced by the presence of reliablemorication links.

2.6 Concluding Remarks

In this chapter, we have characterized the performancensiosanetworks where a
spatially constant phenomenon is under observation., Mieshave characterized the
behavior of clustered sensor networks with distributeckctéin in the presence of
multi-level majority-like information fusion. Upon the deation of a communication-
theoretic analytical framework, we have shown that, in tbhasidered scenarios,
uniform clustering, i.e., balanced tree network architexd, leads to a lower pro-
bability of decision error than non-uniform clusterings.j.unbalanced tree network
architectures. In the former case, the probability of deni®rror dependsnly on
the number of decision levels amibt on the specific clustering configuration. An
information-theoretic perspective has also been predeifiteen, the impact of noisy
communication links has then been investigated. Our ieshibw that the presence
of noise in the communication links has a strong bearing eruttimate achievable
performance.

Then, an analytical framework to compute tetwork lifetimeof clustered sen-
sor networks subject to a physical layer-oriented QoS d¢mmdhas been derived. In
the presence of ideal reclustering, the network lifetimééslongest possible. On the
other hand, in the presence of a fixed clustered configuraionresults show that
the number of clusters has a strong impact on the netwottkniée More precisely,
the network lifetime is maximized if there ardew large clustergat most four). In
all cases, the QoS condition has a strong impact on the netifetime: the more
stringent is this condition, the shorter is the networktiifee. We have also evaluated
the cost associated with the reclustering procedure, frotimtbme delayandenergy
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consumptiorperspectives. Our results show that reclustering is ndtiliaden phe-
nomenon observations arare, since the network spends more time in transferring
control messages than useful data. The impact of noisy conwation links, mo-
deled as BSCs, on the network lifetime has also been inetetlg showing that the
higher is the noise level, the shorter is the network lifetitdowever, in this scenario
as well reclustering can prolong the network lifetime.

Although the previous analysis was based on the assumpticonstant sensor
SNR across the sensors, we have proposed an analyticaMmakt take into ac-
count different observation SNRs not known at the AP. In otdenodel this scena-
rio, four possible sensor SNR profiles (linear, quadratibic, and hyperbolic) have
been introduced and we have characterized them by ussigpa coefficienand the
maximum sensor SNRor increasing steepness of the (ordered) sensor SNReprofil
i.e., for an increasingly irregular realistic sensor SNBfite, the best performance
is obtained by selecting a lower and lower number of sensbsé with highest
SNRs). In a scenario with comma@veragesensor SNR, the profile which guaran-
tees the best performance is thbic This is due to the fact that it corresponds to the
profile with the largest (in relative terms) number of seas@ith SNR higher than
the average value. Therefore, a general conclusion isfurat,givenaverage sensor
SNR the best performance is obtained when the variance of tisos&NR is large,
i.e., the sensor SNR profile is irregular. The presence afyncdmmunication links
has also been considered. In this case, we have shown thatottgeirregular is the
sensor SNR profile, the milder is the impact of the noise levéhe communication
links.

The analytical framework has been enriched with simulatiod experimental
results (in terms of probability of decision error, thropgh and delay) relative to
Zigbee and IEEE 802.15.4-based clustered sensor netwdttkéormation fusion.
The obtained results confirm the validity of our analyticgahfiework in realistic net-
working scenarios. Moreover, it has been possible to cheniae realistic SNR pro-
files.

Finally, we have studied how to combine detection, decqdamgl fusion at the
AP in sensor networks for distributed detection of a spgtiebnstant binary phe-
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nomenon. To this end, we have embedded simple distributedneth codes (either
block or repetition) into sensor network architecturese Performance of the pro-
posed schemes has been analyzed in scenarios with noigyatirses and commu-
nications. In all cases, the useriiltiple observationsi.e., repetition coding) gua-
rantees the best performance, with respect to simple sgsitebiiock coding strate-
gies, for practical values of the probability of decisiomoer This leaves the design
of powerful distributed channel codes an open problem. dering scenarios with
distributed LDPC coding, our results show that knowledg¢gh@ AP, of the observa-
tion noise can significantly improve the decoding process, it can help in reducing
the negative effects of the communication noise.






Chapter 3

Distributed Detection of Spatially
Non-Constant Phenomena

3.1 Introduction

In this chapter, we study sensor networks with distributetection of aspatially
non-constanphenomenon. In particular, we considenary phenomena characteri-
zed by a generic number of status changes (from state “Oate 51" or vice-versa)
across the sensors. We first derive the MMSE fusion algordhthe AP. Then, we
propose simplified (sub-optimum) fusion algorithms at the #vith a lower com-
putational complexity. While we first consider a scenarithvideal communication
links between the sensors and the AP, we then extend ourirarkéo scenarios
with noisycommunication links.

The structure of this chapter is the following. In Sectio, 3ve derive MMSE
and simplified fusion rules at the AP in a scenario with ideahmunication links
and both single and multi-boundary phenomena. In Secti@nag extend the previ-
ous fusion rules by taking into account the noise in the comoation links between
the sensors and the AP. In Section 3.4, numerical resulte@pdrformance of the
proposed fusion algorithms are presented. In Section Be&scomputational com-
plexity of the proposed algorithms, in terms of the numbetegjuired operations, is
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presented. Finally, concluding remarks are given in Se&i6.

3.2 Ideal Communication Links

In this section, we focus on a network scenario where theistat the phenome-
non under observation is characterized bgeamericand a priori known number
nys of boundaries. For the ease of simplicity, the status of tienpmenon will be
supposed independent from sensor to sensor. The existémcerelation between
sensors would require an extension of the derived algosthrhis extension is in-
vestigated in Chapter 4. Moreover, the proposed simplifigarithms do not require
the knowledge of a possible correlation among the sensogarticular, we prelimi-
nary investigate the performance when the communicatis bbetween the sensors
and the AP arédeal, i.e., no noise is introduced during data transmission.

Denote the overall phenomenon statu#las [Hs,...,Hy] with Hi = Hp or H; =
Hy (i =1,...,n). For the ease of simplicity, we suppose thigt= 0 andH; = 1. As
in Chapter 2, the signal observed at tktb sensor can be expressed, according to the
observable model in (2.1), as

I = Cg,j + N i=1,...,n

and the common SNR at the sensors can be defined as follows:

SNRsensor: %
Each sensor processes (through proper quantization) thenaa signal and the
value output by theth sensor is denoted ds= fquan(ri), where the functiorfguang-)
depends on the specific quantization strategy. In the fidigywe consider (1) binary
guantization and (2) absence of quantization. In [126]ptieposed analytical frame-
work is extended to scenarios with multi-level quantizatid the sensors. Upon the
reception of the messages sent by the sensors, the goal APtlieto reconstruct,
through an MMSE or simplified fusion strategy, the statushef distributed binary
phenomenomd. More precisely, in the considered setting the AP needstimate
correctly the position of the boundary.
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3.2.1 MMSE Fusion Rule

The following assumptions are expedient to simplify theivdgion of the MMSE
detection strategy:

» changes of the phenomenon status are not admitted in porrésnce to the
first and last sensors: the number of boundaries must thendbetbat 1<
Nps < n— 2 (in particular,Hy = Hp_1);

« the phenomenon status is perfectly known at the first selsparticular, we
assumeH; = 0.

According to the above assumptions, tihgboundarieq a, ..., an, } have to simul-
taneously satisfy the following inequalities:

2< <0< ... <Ok 1 <0< ...< 0y, <N—-1 (3.2)

Therefore: between 1 ard — 1 the phenomenon status is “0;” betwessranda, — 1
the phenomenon status is “1;” and so on. In order for the bayndistribution to be
realistic, the following conditions must necessarily hold

Ok-1<ak<(N—1)—(Nps— k) =n—nps+k—1 k=2,...,Nps. (3.2

For each value ok, condition (3.2) formalizes the intuitive idea that tkéh boun-
dary cannot fall beyond ther— 1 — nys+ k)-th position, in order for the successive
(remaining)nys — k boundaries to have admissible positions.

Binary Quantization

In this scenario, théth sensor makes a decision comparing its observatiaith a
threshold value;, and computes a local binary decisidne {0, 1}, i.e., fquan(ri) =
U(ri —1;), whereU (-) is the unit step function. To optimize the system perforneanc
the thresholdq i} need to be properly selected. As in a scenario with detecfian
spatially constant phenomenon, a common valag¢ all sensors is considered. This
choice is intuitively motivated by the fact that the sensdRSis constant across
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the sensors. In the presence of a spatially non-constanbpienon, the threshold
needs to be optimized in order to minimize the distance betwtige true phenomenon
and its estimate at the AP. Our results in [126] show that fiteérozed value oft
corresponds te/2, for every value of the number of sensars

Denoting asx the sequence of boundarigs;, ..., ay,,), the MMSE fusion stra-
tegy can be derived obtainirg = EE [a|d] [127]. Using the assumptions introduced

at the beginning of this section, the generic componentefdttora can be written
as

N—Npst+k—1
Ok = E[ax|d] = z P(akd) = Z axP (ag|d) k=1...,nps (3.3
ag=1 =k+1

where the upper and lower bounds of the sum in the last terpraperly modified in
order to take into account the constraint (3.2). The contjoutaf (3.3) can be carried
out by applying the following approach. The probabiRyay|d) (k= 1,...,nys) can
be obtained by marginalizing the joint probabilities of peo boundaries’ sequences.
By applying the Bayes formula and the total probability tteso [94], after a few
manipulations the conditional probability mass functiBiviF) ofa can be expressed
as

-1
N—nNps N—Npstk—1 n—1

ald)=Pd/a)P@)| 3 ... Zl Y 1P(d\a)P(a) . (34)
+ Op, . =Npst

a;=2

The first multiplicative term at the right-hand side of (3cén be written as

ar—1

Pd|a) = |'|P dila) = |‘| P(di \a |‘| P(d; ya |‘| P(dg|ar) (3.5)
neahiament Hot sy Gora

where we have used the fact that the sensors’ decisions adéiooally independent.
Note that, in the lash — o, + 1 terms,H; = O if nys is even whereadH; = 1 if nps

1For ease of notational simplicity, in (3.3) we use the sanmel®y oy to denote both the random
variable (in the second term) and its realization (in thedtlsind fourth terms). The same simplified
notational approach will be considered in the remaindereafifn 3.2.1. The context should eliminate
any ambiguity.
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is odd The component conditional probabilities at the righthaide of (3.5) can be
written as

d=0
P (ni ; T) if i € S(a)

P(da) = .
P(ni d;—lr—s> ific.7(a)
1-d)[1-® ()] +dd (L)  ifie )
) {(1 d)[1-@ ()] +ae(5°) ifics(a)

where
(a) = {indexes such thaH; = ¢|a} (=0,1

and®(x) has been introduced in (2.53).
The second multiplicative term at the right-hand side ofi\&an be written,
using the chain rule [94], as

Nobs Nobs

o) = [P(eilai,....on) = [ P(ilai1)P(e) (3:6)

where we have used the fact that the position ofittieboundary depends only on
the position of the (previous)i — 1)-th boundary. The multiplicative terms at the
right-hand side of (3.6) can be evaluated by observing et boundary is spatially

distributed according to the constraints in (3.2). In paittr, by using combinatorics,

one obtains

1

N—nNps+1
1
Plaklak-1) = P k=2,...,Nps.

P(al) =

The last term at the right-hand side of (3.4) (i.e., the danator) can be easily
computed by observing that it is composed by terms similahtse evaluated in
(3.5) and (3.6).
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Finally, the a posteriori probabilities of the boundaripssitions in (3.3) can be
obtained by proper marginalization of the joint conditibRMF in (3.4):

P(axld) = Z P(a,...,0an,/d) k=1,...,Nps
~{a}

wherey 1 f(Y1,¥2,--,Yn) is @ short-hand notation for
Syt Dyia 2yient 2yn (YL Y2s-- - Yn) [1]-

Absence of Quantization

In this case, the observations at the sensors are not gedair a local likelihood
value, such as the conditional probability density funttffDF) of the observable,
is transmitted from each sensor to the AP. Obviously, thiwisa realistic scenario,
since an infinite bandwidth would be required to transmit &Ralue. However,
investigating this case allows to derive useful informatidout the limiting perfor-
mance of the considered distributed detection schemes sgnsmission of the PDF
of the observables does not entail any information losseaséimsors. The estimated
boundaries can be written, according to the assumptiotimedtat the beginning of
Section 3.2, as

N—nps+k—1

ak:E[ak|r] = Z akP(ak|r) k=1, ...,Nps (3.7)
ax=k+1

The probabilities in (3.7) can be obtained, as in Sectiorl3tArough proper margi-
nalization of joint conditional probabilities of the follong type:

-1

N—Nps N—nNpst+i—1 n-1
P(air) = p(r|a)P(a) - Z Z Z p(ria)P(a)
a=2 ai+1 anbs:anbs,ﬁl

Under the assumption of independent sensors’ observattdndds that

n

plrln) = [ lrfa)
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where

) { py()  ifies() 9

py(ri—s) ifie.(a)

andp.y (u) £ 51— exp(— 552).

3.2.2 Simplified Fusion Rule with a Single Boundary

Since the computational complexity of the MMSE fusion stggtrapidly increases
with the number of sensors [58], in this section we derivejanrthe assumption of
single boundary phenomena, a simplified low-complexitydiaglgorithm. The key
idea of this simplified algorithm consists in approximatthg MMSE boundary esti-
matea = E[a|d], which involves astatistical average, with a simplegteterministic

expression. Note that the proposed approach relies on thdéhat our goal is to
estimate aingleboundary.

Binary Quantization

In this case, the boundary position is estimated as follows:

j—1 n
P~ . 12 o 2
a _aigrjglr?{i;]d.\ +i;]d. 1] } (3.9

The intuition behind the estimation strategy in (3.9) isduhsn the fact that there is a
single boundary: the initial sensors’ decisions (from tket fo the(j — 1)-th sensor)
are compared with “0,” whereas the others (from fhth to then-th sensor) are
compared with “1.” The estimated boundary minimizes thepdifired cost function
|d—dj|?, whered; £ [0,...,0, \1/ ,...,1], over all possible values gfe {1,...,n}.

jth position

Absence of Quantization

In this scenario, the posteriori probabilities of the two hypotheses at each sensor,
conditionally on the observables, can be used to deriverihep objective function
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to be maximized. In this case, one can wkite

Xj<n £

- ]
ac~ argmax{ JZ P(H; = 0|r;) + z P(H; = 1|ri)} (3.10)

where, using Bayes formula and assumitigli = 0) = P(H; = 1) Vi,

p(ri|Hi =) _ pu(ri=t-s)

P(Hi ={|ri) = p(ri‘Hi :0)+ p(ri’Hi =1) N p,/V(ri)+ p.ﬁ/(ri - )

(=0,1.

3.2.3 Simplified Fusion Rule with Multiple Boundaries

Obviously, the computational complexity of the MMSE distiied detection strategy
in scenarios with an arbitrary number of phenomenon bougglancreases more
rapidly than in scenarios with a single phenomenon boun@seg Section 3.5 for
more details). Therefore, the derivation of simplified éusalgorithms with low com-

plexity (but limited performance loss) is crucial.

A first possible choice is a direct extension of the sub-ogatiapproach in Sec-
tion 3.2.2 for scenarios with a single phenomenon statusgenaHowever, this class
of simplified fusion algorithms is not efficient in a scenasiibh multiple boundaries,
since the number of comparisons with all possible sequesfdesundaries increases
exponentially with the number of sensors. Therefore, we imrmeduce another class
of reduced-complexity fusion algorithms, which do not make of these compa-
risons. As before, we distinguish between two possible tigeation strategy at the
Sensors.

Binary Quantization

Define the following function:

ﬂﬂkﬁﬁ%iPmFJMQ—mH:1Mﬂ k=1,...,n (3.11)

2Note that in (3.10) the “argmax” function is used, insteadhaf “argmin” function used in (3.9),
since the objective function needs to be maximized.
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whered'i = (dg,...,dk). The key idea of our approach is the following. The func-
tion qu(k,d'{) is monotonically increasing (or decreasing), with resgedt, while
the phenomenon does not change its status. In correspantierach change of the
phenomenon status, the functidg,(k,d¥) changes its monotonic behavior. More
precisely, a phenomenon variation from “0” to “1” corresgsrto a change, trend-
wise, from increasing to decreasing; a phenomenon vamiéition “1” to “0” corre-
sponds to a change, trend-wise, from decreasing to inagatherefore, by detect-
ing the changes of the monotonic behaviorfgf one can estimate the positions of
the boundaries. A graphical description of the behavioi,gfs shown in Figure 3.1,
where the phenomenon under observation and the funégign equation (3.11) are
shown, together with the estimated boundaries. In thisopaitexample, the esti-
mated phenomenon coincides with the observed phenomenon.

Note that the proposed algorithm (3.11) does not take intowtt the number
of boundariesns in the observed phenomenon. However, as we will highlight in
Section 2.5.5, our numerical results show that the algorigstimates accurately the
number of boundaries for sufficiently high values of the sel8\R, i.e., when the
quality of the sensors’ observations is sufficiently higlwvi@usly, one may modify
the estimation strategy in order to take into account theevafn,s. This will lead to
an improvement for small values of the sensor SNR, i.e., aastewhich is not of
interest for practical applications. The same considematon possible refinement of
the estimation strategy also hold in the presence of meigdlor in the absence of
quantization.

The probabilityP(H; = ¢|di) (¢=0,1;i=1,...,n)in (3.11) can be written, by ap-
plying the Bayes formula and following an approach simitatttat in Section 3.2.2,
as

P(di|Hi =¢)

P =0) = B =0 1 PaA = D)
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Estimated Boundaries

/ / 1011()1110110/

(S}

o>
1 2 3 4 5 6 7 8

Figure 3.1: lllustrative example: the phenomenon undeetagion (solid line with
circles) and the corresponding functidg, in (3.11) (dashed arrows). The estimated
boundaries are indicated by vertical arrows.

where we have used the fact ti¥H; = 0) = P(H; = 1) and

{P(s-£+ni<r)P(ni<TS-f) if d =0
P(di|Hi=¢) =

P(s-¢+n>1)=Pni>1—5s-¢) ifd=1

_ (1_di)q><r_as'€> +d [1—¢<T_GS'€>} . (312

Absence of Quantization

In the absence of quantization at the sensors, one can ugdtie following func-

tion:
K

frg(k,r§) £ Z[P(Hi =0n)—P(Hi=1r)]  k=1,...,n
i=
whererX = (ry,...,r¢) and

p(ri[H =)
p(ri[H = 0)+ p(ri|H = 1)

P(Hi =/|r)) = |=0,1; i=1,...,n
with p(ri|H = ¢) = p_y(ri —£-s). The fusion algorithm at the AP is then identical to
that presented in the case with binary quantization, butfemuse off,q at the place
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3.3 Noisy Communication Links

In this section, we investigate the impact of noisy commatin links (between

the sensors and the AP) on the structures and performande @iroposed fusion
algorithms. In particular, we focus on scenarios withilti-boundaryphenomena,

since the fusion rules for the scenarios with single bounghienomena and noisy
communication links can be easily derived from the equiMageenarios with ideal

communication links.

3.3.1 MMSE Fusion Rule
Binary Quantization

In this case, the noisy communication links between themsrand the AP are mo-
deled as independent BSCs. Here, we denotk the sequence of binary decisions
at the sensors (as in Section 3.2.1) and®Sthe sequence of binary decisions re-
ceived at the AP. Because of the presence of BSCs, the rdagéaisiond”P might
differ fromd (there could be “bit-flipping” in some of the links). In thisenario, the
MMSE estimation strategy at the AP becomes:

a =E[ald*"].

The analytical framework described in (3.3)-(3.6) can bglied to this scenario as
well, by replacingd with dA”. In particular, the-th decision received at the AP can
be expressed, using the BSC model, as

d with probability (1— p)

dA?
1—d; with probability p



102 Chapter 3. Distributed Detection of Spatially Non-Contant Phenomena

where p is the cross-over probability of the BSC. After a few mangtigns, one
obtains:

dAP =0

Pla) = p+(1-2p)P|n S T-s:¢ if i € 7(a)

P =1
= p+(1-2p) {(1— d*") e <T_TS£> +d"Q (T_TS@ } ific.7(a)

with ¢ =0, 1.

Absence of Quantization

In a scenario with the absence of quantization, i.e., the@sriransmit real numbers
(the likelihood values) to the AP, the BSC model for noisy cammication links does
not apply. In order to obtain results comparable with thas®eiated with a scenario
with binary quantization, we consider AWGN communicatiork$. In other words,
thei-th observable at the AR £ 1,...,n), denoted as”*", can be written as

riAP — risensor+ rlf:omm (3.13)

wherer?¢"%s the observable transmitted by tléh sensor and™™™has a Gaussian
distribution .4 (0,02 ). The value ofgZ, ., is set in order to be consistent with
the value of the cross-over probabilipyin the scenario with BSCs. In particular, in
the case with uncoded BPSK transmission over AWGN linksfahHewing relation

holds [123]:
p:Q< UZE" ) (3.14)

Therefore, the value af?,,,,corresponding to a given value of the cross-over proba-
bility p of the equivalent BSC can be obtained from (3.14). This vlitvato make a
fair performance comparison between the cases with binaagtgation and without
gquantization.
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After a few manipulations, one can conclude that the fusida described in
Section 3.2.1 still holds, by replacing the conditional HBE3.8) with the following:

Peomm(Ti) if i € S(a)
p(rila) = {

i=1 n

PRI

Peomm(fi —S) ifie€ ()

A 1

2
\/ 2102+ 0%, mm) exp |:_ 2(02‘{0020mm)] )
3.3.2 Simplified Fusion Rule

wherepeomm(r)

Binary Quantization

In order to extend the reduced-complexity fusion algorithtroduced in Section 3.2.3
for a scenario with ideal communication links to a scenaiiitn BSCs, the objective
function in (3.11) must be properly modified. In particuldnre following expression
for the objective function can be derived:
fog(k,di", p) £ (1—2p) i[P(Hi =0/d*)—P(Hi=1d*")] k=1,....n

. (3.15)
As one can see, the only difference between (3.11) and (Be$5)h the term(1— 2p).
Sincep € (0,0.5), it follows that the tern{1— 2p) is always positive. Therefore, this
term does not influence the monotonic behavior of the sumeatid¢int-hand side of
(3.15) and can be neglected without changing the behavifyzoFinally, the condi-
tional probabilities in (3.12) can be extended to a scenaitio BSC communication
links as follows:

4 0
PAFHi=0) = p+(12p)P(ni S rs-e)
dAP =1

(2 oo ()

As shown in Section 3.2.3, the evaluation of these conditipnobabilities is suffi-
cient for the implementation of the reduced-complexityidnsalgorithm illustrated
in Figure 3.1.
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Absence of Quantization

As previously stated in Section 3.3.1, the fusion rule dtifor a scenario with ideal
communication links in Section 3.2.3 still applies in thereat scenario with noisy
communication links, but for the replacement®RgH; = ¢|r;) with P(H; = £|rAP)(i =
1,...,m; £ =0,1), whererA” is defined in (3.13). After a few simple manipulations,
one obtains:

pcomm(riAP —s-{)
pcomm(rfAP) + pcomm(riAP —9)

P(H; = |rf?) =

3.4 Numerical Results

We now analyze, through Monte Carlo simulations, the perforce of the distribu-
ted detection schemes previously introduced. We dendietls following quadratic
distance between the observed phenomdthamd its estimatél:

DH,A)2 |< HeA);(HaH) > (3.16)

where the notatiors stands for bit-by-bit ex-or and is the estimated phenomenon,
directly derived from the estimated boundaries’ positiand\Ve will simply refer to
D as “distance.” note that expression (3.16) for the distardeces th(H,ﬁ) =
|a — @2 in the case of single-boundary phenomena.
The Monte Carlo simulation results are obtained througHdhewing steps:

1. the number of boundaries and their positions are randgamgrated according
to a uniform distributiof (in the case of a single boundary, only its position is
randomly generated);

2. the sensors’ decisions (or the PDFs of the observablestding to the chosen
guantization strategy at the sensors) are transmittecetafth

3Obviously, after the position of a boundary is extractee, filllowing boundary position is ran-
domly chosen among the remaining positions. After all thenolary positions are extracted, they are
ordered. This implies that the multiple conditions in (3t satisfied.
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3. the AP estimates the boundaries’ positions through eMiSE or simplified
fusion algorithms previously proposed;

4. the distanc® (between the true phenomenon and its estimate) is evaluated
the basis of the estimated sequence of boundaries;

5. steps 4 are repeated a sufficiently large number of times, by géingrdif-
ferent numbers of boundaries during each simulation run;

6. the average distande is finally computed as the arithmetic average of the
distances computed at the previous iterations (in step dcdt ikeration).

We point out that the proposed performance analysis leattettaverage” perfor-
mance over all possible numbers of boundaries. Should amethe analysis to a
fixed number of boundaries, it is expected that the performandeeither improve

(if the fixed number of boundaries is small) or worsens (iffiked number of boun-
daries is large).

3.4.1 Ideal Communication Links

In Figure 3.2, the distande is shown, as a function of the sensor SNR, in a scenario
with single boundanphenomena and ideal communication links. Two possible va-
lues for the numben of sensors are considered: (i) 16 and (ii) 32. The resulth wit
both absence of quantization and binary quantization asémsors are presented.
One can observe that the distance reduces to zero for inmgeadues of the sensor
SNRin all considered scenarios; this is to be expectede $hiesensors’ observations
and, consequently, the data sent to the AP are more and nhiatdaeFor low values

of the sensor SNR, instead, the distance increases foaiagevalues of the number
of sensors, since larger values for the estimated boundamyossible and, therefore,
the distance may become larger. Note, also, that the peafurendegradation in-
curred by the use of quantization, with respect to the untigethcase, increases for
increasing numbers of sensors. No result in the case of 4euéll quantization is
reported here. However, the results in [126] show that tieeofitiigher-level quanti-
zation (e.g., 2 or 3 quantization bits) leads to a minor perémce gain. Finally, the
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Figure 3.2: Distance, as a function of the sensor SNR, in@estewithsingle boun-
dary phenomena and ideal communication links. Two possibleegdior the number
n of sensors are considered: (i) 16 and (ii) 32. The results bdth absence of quan-
tization and binary quantization at the sensors are shown.

scheme with simplified fusion rule at the AP has a performamoese than that of
the scheme with the MMSE fusion rule at the AP. However, thopmance of the
simplified fusion algorithm is close to that of the MMSE fusimule in the region of
interest (SNRensor> 0 dB) and the performance loss reduces to zero for large value
of the sensor SNR.

In order to evaluate the loss incurred by the use of the siifeglfusion algorithm,
it is expedient to introduce the following percentage loss:

Bsimp_ BMMSE Bsimp_ 5MMSE

A
P= DVMSE ' 2 (3.17)
.  Y——
Termy Termy

The intuition behind the definition d? in (3.17), corresponding to the geometric
average of Termand Term, is the following. Term represents the relative loss of
the simplified fusion rule with respect to the MMSE fusionertuHowever, using

only this term could be misleading. In fact, for high sensbiRS, the term®°MP
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49— n = 8, no quantization
3 4 - n =8, 1-bit quantization
@—@ n = 16, no quantization
@ -@n = 16, 1-bit quantizatior
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= - n = 32, 1-bit quantization
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Figure 3.3: Percentage loss, as a function of the sensor BN&Rscenario with a
single boundaryphenomenon and simplified fusion algorithm at the AP. The-com
munication links are ideal. Three different values for thenbern of sensors are
considered: (i) 8, (ii) 16, and (iii) 32. The performance i toresence of no quan-
tization (solid lines) is compared with that using binaryagtization at the sensors

(dashed lines).

and DM°F are much lower tham? (the maximum possible distance). Therefore,
even ifD°™ > DY™SE (for example D™ = 4 andD™F = 1 with n = 32), both
algorithms might perform very well. The introduction of Tereliminates this am-
biguity, since it represents the relative loss (between NEM®d simplified fusion
algorithms) with respect to the maximum (quadratic) distan.e.,n. In Figure 3.3,
the behavior oP is shown as a function of the sensor SNR. In the region ofester
(SNRsensor> 0 dB), one can observe thaits lower than 15%, i.e., the proposed sim-
plified fusion algorithm is effective. Note that the samesidarations can be carried

out in a scenario with noisy communication links.

In Figure 3.4, the distance is shown, as a function of thewe®NR, in scenarios
with multi-boundary phenomena and ideal communicatiokslinvithn = 8 sensors.
no quantization is considered at the sensors and the pexfmenwith the simplified
fusion algorithm at the AP is compared directly with thataobed using the MMSE
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Figure 3.4: Distance, as a function of the sensor SNR, in aasiewith amulti-
boundary phenomenon, considering = 8 sensors and absence of quantization
(MMSE and simplified fusion algorithms at the AP are consd@r The commu-

nication links are ideal.

fusion rule. As expected, the distarPereduces to zero for increasing values of the
sensor SNR and the performance with the MMSE fusion algorith better than
that with the simplified fusion algorithm. We recall that therformance with the
MMSE fusion rule can be evaluated only in scenarios with almemm of sensors
not larger than 8, since the computational complexity bezommbearable for values
of n larger than 8 (the simulations are too lengthy). In ordent@stigate scenarios
with larger numbers of sensors, the use of the reduced-@xityplsimplified fusion
algorithms derived in Section 3.2.3 is mandatory. Our tequiesented in [126] show
that the proposed simplified fusion rule is effective fortalk considered values of
the number of sensons, i.e., the distance reduces to zero for large values of the
sensor SNR. Moreover, the performance does not improve ing msore than one
quantization bit at the sensors. It remains to be invegtigathat would be the relative
loss of the simplified fusion algorithm, with respect to th®#BIE fusion algorithm,

in scenarios with multi-boundary phenomena. The fact thequantization strategy
at the sensors has little impact seems to suggest that thivegloss mightnot be
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Figure 3.5: Distance, as a function of the cross-over prtibalp, in a scenario
with n = 8 sensors, binary quantization, and noisy communicatioksl{modeled
as BSCs). Three values for the sensor SNR are considerel @B, (ii) 0 dB, and
(i) 10 dB. Both MMSE and simplified fusion algorithms at tA® are considered.

negligible.

3.4.2 Noisy Communication Links

We finally investigate the impact of noisy communicatiorkéiron the system perfor-
mance. In Figure 3.5, the distance is shown, as a functidmeafrioss-over probability
p, in a scenario witln = 8 sensors and binary quantization—in this case, the commu-
nication links are modeled as BSCs. Three values for theos&NR are considered:
(i) -10 dB, (ii) 0 dB, and (iii) 10 dB. Both MMSE and simplifiedi$ion algorithms
at the AP are considered. As previously observed in FigutetBe use of the sim-
plified fusion algorithm at the AP leads to a performance wdlgn that with the
MMSE fusion algorithm. However, the higher is the sensor StiR lower is the dif-
ference between the performance of the two algorithms. b@e one can observe
that the distance might not converge to zero, due to the pcesef twoindependent
noise components (i.e., observation and communicatioseshi For a sufficiently
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Figure 3.6: Distance, as a function of the sensor SNR, in masiewithn = 8 sen-
sors, binary quantization, and noisy communication linkedeled as BSCs). Four
different values of the cross-over probabiliyare considered: (i) 0.1, (ii) 0.2, (iii)
0.3, and (iv) 0.4. Both MMSE and simplified fusion algorithatsthe AP are consi-
dered.

high value of the sensor SNR, however, the distance redocard wherp tends to
zero (as confirmed by the results in Figure 3.4).

In Figure 3.6, the distand® is shown, as a function of the sensor SNR, in a sce-
nario withn = 8 sensors, noisy communication links (modeled as BSCs)baaay
guantization at the sensors. Four different values of thescover probabilityp are
considered: (i) 0.1, (ii) 0.2, (iii) 0.3, and (iv) 0.4. Therfmance with both MMSE
and simplified fusion algorithms at the AP is investigatedliké the results pre-
sented in Section 3.4.1 for a scenario with ideal commuioiedinks, there appears
to be a distance floor (higher than zero) for larger and largkeres of the sensor SNR.
This is to be expected, since the communication noise (emdgnt of the observa-
tion noise at the sensors) prevents the AP from correctiguvering the data sent by
the sensors. In particular, when the cross-over probglidisufficiently high (e.g.,
p = 0.4), the performance does not depend on the value of the s&NRr since
the noisy communication links make the data sent by the sgnsoy unreliable. Fi-
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Figure 3.7: Distance, as a function of the sensor SNR, in @astewithn = 8 sen-
sors, absence of quantization, and noisy communicatids fmodeled as AWGN
channels). Two different values of the equivalent bit erade p (corresponding to
different values ofoZ,,,, according to (3.14)) are considered: (i) 0.1 and (ii) 0.2.
Both MMSE and simplified fusion algorithms at the AP are cdasd.

nally, one can observe that, for low values of the sensor Sh&Rsimplified fusion
algorithm shows a non-negligible performance loss witpeesto the MMSE fusion
algorithm. This loss reduces to zero, for increasing vabfabe sensor SNRynly
for sufficiently small values op. In other words, if the communication links are not
reliable, then increasing the accuracy of the observatbtize sensors is useless.

Finally, in Figure 3.7 the distande is shown, as a function of the sensor SNR,
in a scenario wit = 8 sensors, absence of quantization, and noisy commumicatio
links (modeled as AWGN channels). Two different values eflit error ratep (cor-
responding to different values @, according to (3.14)) are considered: (i) 0.1
and (ii) 0.2. The performance of both MMSE and simplified émsalgorithms at the
AP is evaluated. One can observe that, unlike the case witlnpguantization at the
sensors, the distance reduces to zero when the sensor SNRses, i.e., no floor

appears. Moreover, the distance with the simplified fuside at the AP approaches
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that with the MMSE fusion rule, i.e., it reduces to zero. Tiisans that the proposed
simplified fusion algorithm is (asymptotically) effectiv®bviously, this is only a
theoretical performance limit. In fact, even if the comnuation links were noisy,
the transmission of the “exact” observables (requiring rdimite bandwidth) from
the sensors would allow a correct estimation of the true pimemon. This cannot
happen in realistic scenarios with limited transmissiondvedths.

3.5 Computational Complexity

It is now of interest to evaluate the improvement, in termsahputational com-
plexity reduction with respect to the MMSE fusion rule, bgbti by the use of the
simplified fusion algorithms. As complexity indicators, whoose the numbers of
additions and multiplications (referred to msandny,, respectively) required by the
considered fusion algorithms, evaluated as functionsehtimber of sensors The
following considerations are carried out referring to tbarfulas relative to the fu-
sion algorithms for the scenario with ideal communicatioks (i.e., the derivations
in Section 3.2). However, the same conclusions still holdsfmenarios with noisy
communication links, since the structures of the propossth algorithms are the
same in both scenarios (i.e., only the expression of the piszhbilities and PDFs
change).

The numbers of operations (in terms of additions and midagibns) required by
the MMSE fusion algorithm ared™ = ©(n2"s) andnpl = @(n2»s+1), respectively—
recall thatnys is the number of boundaries. The notatibtm) = ©(g(n)) means
that there exists ang such that fom > ng, 3¢; € (0,1), ¢c; > 1 such that;g(n) <
f(n) < cpg(n) [128]. As described at the beginning of Section 2.5.5, indbesi-
dered simulation set-up the numb®gg of boundaries is randomly chosen between
1 andn— 2. Therefore, one can assume that the phenomenon is chiemediteon
average, by”%2 boundaries. Under this assumption, the numbers of additml
multiplications required by the MMSE fusion algorithm wdube n3* = @(n"-2)
andnff' = O(n"~1). On the other hand, the reduced-complexity fusion algarite-
quires onlyn additions, since no multiplication has to be performed.réfore, the
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computational complexity of the proposed simplified fusagorithm is characte-
rized by nS® %' — 0 andnS"*°P' = n, showing a significant complexity reduction
with respect to the MMSE fusion algorithm—this also justfilie non-negligible

performance loss at small values of the sensor SNR.

3.6 Concluding Remarks

In this chapter, we have analyzed the problem of distribategtction of spatially
non-constant binary phenomena, i.e., phenomena withsststtharacterized by sin-
gle or multiple boundaries. We have proposed an analytieahéwork considering
various quantization strategies at the sensors: (i) nottquadion at the sensors and
(i) binary quantization. In all cases, the MMSE fusion algon at the AP has been
derived and the impact of relevant network parameters, (thg.sensor SNR, the
communication noise level, and the number of sensors) tersibeestigated. Then,
low-complexity fusion rules for scenarios with single-ndary and multi-boundary
phenomena have been derived. We have shown that the penfcenpgnalty intro-
duced by the simplified fusion algorithms is asymptoticélibyr high sensor SNR and
low communication noise level) negligible. Finally, we bayuantified the computa-
tional complexity reduction brought by the use of the sifingadi fusion algorithm with
respect to the MMSE algorithm. Our results underline thigt¢bmplexity reduction
is pronounced in scenarios with multi-boundary phenomena.






Chapter 4

Distributed Detection of
Correlated Sources

4.1 Introduction

In this chapter, we study the performance of non-cooperativeless multiple access
systems with noisy separated channels, where a genericanafiorrelatedsources
communicate to an AP. Besides considering a “classicaliate where the sources
are directly connected to the AP, the presence of a relaykentamto account and
its impact on the system performance is investigated. Ih bases, scenarios with
block-faded links are considered. Our goal is to explorepibtential benefits which
can be obtained when channel coding is used and sourceatimnelk exploited only
at the AP (and not at the sources). The AP feeds back to thentitiars simple power
control commands in order to counter-act the effects ofnigudiVe consider LDPC-
coded communications, and compare different systems @withwithout relaying)
by keeping fixed the overall coding rate. In relayed scesanize develop a novel
low-complexity joint detection/decoding iterative algbm, and the impact of noisy
source-relay links on the overall performance is also takinaccount. Finally, two
simple feedback power control strategies are considerédaimulation-based per-
formance analysis is carried out.
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This chapter is structured as follows. In Section 4.2, priglaries are given. In
Section 4.3, the LDPC-coded communication schemes ofasitewith and without
relaying, are accurately described. In Section 4.4, sipp¥eer control strategies are
proposed in a scenario with two correlated sources. Thepesnce of the conside-
red schemes is evaluated in Section 4.5, and conclusiordsasm in Section 4.6.

4.2 Preliminaries

Considem spatially distributed nodes which detect binary informatsignalsx¥) =
[x(()k),...,xf"jl], wherek = 1,...,n and L is the signals’ length (the same for all
sources). The information signals are assumed to be tethypataite with P(xi(k) =

0) = P(xi(k> = 1) = 0.5 and the following simple additive correlation model is sien

dered:
x¥ = by o 2% i=0,...,L—1 k=1,....n

where{b;} are independent and identically distributed (i.i.d.) bjneandom varia-
bles and{;(k>} are i.i.d. binary random variables with probabiliyto be 0 (and 1 p

to be 1). Obviously, ifp = 0.5 there is no correlation between the binary information
signals{x(k)}ﬂzl, whereas ifp = 1 the information signals are identical. According
to the chosen correlation model, the a-priori joint probgbmass function (PMF)
of the information signals at the input of the sources at epowithi =0,...,L—1,
can be computed. After a few manipulations, one can show 34t

p(i) = p(Xibi =0)p(b =0)+ p(xi[b = 1)p(bi = 1)

_ % [O™(1— p)" ™ + (1— p)™p ] i—0...L-1 (41)
wherex; = (xi(1>, . ,xi(”>) andnp = ny(X;) is the number of zeros x.

The information signals{xi(k)} have to be delivered to an AP. In order to derive
more insights into the benefits of exploiting source cotighaat the AP, besides
scenarios where the sources transmit directly to the AP,lsee@nsider scenarios
with an intermediate node which acts agky between the sources and the AP. The
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use of a relay allows to increase the transmit diversityeatile assumption that the
AP can receive information from the sources and the relajodigh we preliminary
assume that the communication links between the sourcethandlay aredeal—
this is reasonable, provided that the relay is relativebgelto the sources—we then
generalize our approach to scenarios with noisy soureg-tilks.

In the presence of ideal source-relay links, the relay rewvithout errors,
the binary information signaléx)}"_,, with x(1) = ..., x1.]. For ease of un-
derstanding, we denote as “nodes” both the sources and lthe he general, the
proposed scenario may include- 1 nodes, where the sources are indexed from 1 to
nand the relay is indexed by+ 1.

Referring to the equivalent low-pass signal representatiee denote as® the
complex samples transmitted by thah node (either a source or the relay) and as
N the length o). In Figure 4.1, we show a pictorial description of the pragbs

scenario. Byf K = [fék), e frsﬂhl] we denote the complex gain vector over the
th link, which encompasses both path loss and fading,méfid= [nék),...,n,(\lk()k)fl]

is a complex AWGN vector. Regarding the fading affectingebemunication links
from the nodes to the AP, we assume that the fadigtistantior the entire duration
of a transmission, i.ef,-(k) = f® fori=0,...,N® —1, so that the channel link gain
can be perfectly estimated at the AP. The fading coeffici¢ht¥ } are assumed to
vary independently over consecutive transmitted packédseover, the channel gain
is assumed to be Rayleigh distributed (under perfect preaseery) withE[| f ¥ |?) =

1.

The transmitting rates at the nodes (both at the sourceshanglay) depend on
the distributed coding strategy: if no relay is used, thertthnsmitting rate at thHeth
source ih® = L/N® fork=1,...,n; if the relay is used, then the transmitting rate
at each source node is 1 and the transmitting rate at theisiéy ¥ = L x n/N("1).

In general, there can be distributed channel coding botheasburces and at the
relay, so that the network can be characterized byl transmitting rategh® } 1.
We denote ag® = [v{¥,....v¥) ] the binary (not modulated) codewordf

R N
{0,1}) generated at thieth node.

For simplicity, BPSK is used, i.esfk) = yi(k) Eék), wherey(k) = 2vi(k) —1==+1
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Figure 4.1: Proposed multi-access communication scenarsource nodes (SNs)
communicate directly, and, possibly through a relay node)(Rvith the AP.
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and Eék) is the energy per coded bit transmitted by kan node. Therefore, for the
sources’ transmitters (i.e., for=1,...,n) y® [yo), ,y(NkRk)fl] is a function of
the information signak®, while for the relay node transmitter (if presegt}?

is a function of all the information signal@((k)}ﬂzl. Assuming a perfect channel
estimator at the receiver, the real observable at the A& afatched filtering and
carrier-phase estimation, can be expressed as

— [0/ ENYM 4 n i—0,.. . NW_1 k=1..n (42

whereni(k) is an AWGN variable with zero mean and variam¢g 2.

4.3 LDPC-Coded Communication Schemes with and with-
out Relaying

Recent results show clearly that exploiting the sourcestation at the receiver leads
to an implicit diversity effect which improves the perfornta in block faded scena-
rios [129]. Since the use ofralay further increases the diversity degree, it is then of
interest to evaluate the relative impact of the exploitatibthe source correlation in
this scenario, and compare directly the obtained perfoomarith that in a scenario
without relay.

4.3.1 Scenarios with No Relay

In scenarios with no relay, the information sequences grarately encoded using
identical LDPC codes and transmitted over the communiedtitks. In this case,

N® =N (k=1,...,n), and we assume that the common coding rate at the sources is
L/N=1/2. The proposed iterative decoding scheme at the AP is shofsigire 4.2,
where an LDPC decoder per source is considered and thettngjaxf the iterative
decoding process among these source decoders is highligtiiés decoding scheme

is an extension of those, relative to two sources, discussgtb, 77]. Each LDPC-
coded sequence is decoded by using the classical sum-praldodthm [1]. Under
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ITERATIVE
DECODING
TRAJECTORY

Figure 4.2: lterative decoding scheme of correlated datthénabsence of relay.

Each component decoder DEQ = 1,...,n) is an LDPC decoder, which receives
both the channel LLRs and a priori probabilities obtainedpbgperly processing

the soft-output reliability values generated by the othecatdlers. These process-
ing/combining operations are carried out in the centratbldenoted as “COMB.”

the assumption of perfect channel state information (CiSHeareceiver, the channel
LLR at the input of tha-th variable node [1] can be expressed as

K. (K K KW, /g® sk
o pOyE 1) aVE ¥
Py = 1.4 o’

i.ch

(4.3)

where a2 = Np/2. The maximum number dhternal decoding iterations in each
component LDPC decoder is denotechils ™,

The a priori information about the correlation between therses is exploited
by applying the followingexternaliterative decoding steps between the component
LDPC decoders: (i) the a posteriori reliability (i.e., theR) on theinformation' bits

INote that only the information bits are considered in thehexge of reliability information bet-
ween the component LDPC decoders, since the coded bits tdérectly correlated.
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of the j-th decoder is properly modified, taking into account theeation (as will
be explained later), and used as a priori reliability foritifermation bits at the input
of the ¢-th decoder | # £); (ii) at the first external iteration, the a priori reliabjl on
the information bits at the input of thfeth decoder is obtained by properly modifying
the a posteriori reliability of thg-th decoder | < /); (iii) the algorithm stops when a
maximum number of external iterations (denoteah® is reached.

The total LLR at the input of each variable node of the fact@py underlying
the¢-th LDPC decoder can be expressed as follows:

pre { 2042l i—o...L-1

ijin —

24 i=L,... N-1

|
In other words, the LLR at the input of the variable nodes eissed with the infor-
mation bits (=0,...,L —1) includes, besides the channel reliability value exmess
as in (4.3), the “suggestion” (given by the soft reIiabiN}taIue.,%fﬁz,) obtained from
a posteriori reliability values output by the other decadén particular, the a priori
component of the LLR at the input of tHeth decoder can be written as

Py =1)

29 _n
Py =-1)

iap —

whereP(yi“) = +1) are derived from the soft-output values generated by theroth

decoders, as follows. In a straightforward manner, one eanite P(yi“)) as

PO = 2 [POI) -+ PO (44)

n—1times
Using Bayes’ theorem [94], the probabiIiB(yi(Z)) can be expressed as
PO = 3 PO = T POTIPOY)  k=1...N & kit
®W_t1

Y =1 v=
(4.5)

Approximating the a priori probabilitlj’(yi(k>) in (4.5) with thea posteriorireliability
value, denoted aé(y-(k)), output by thek-th decoderK +# ¢), from (4.5) one obtains:

|
K\, (K
PO~ T PO NP
Yol
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where “
Ziout -« (k)
5/ (W E =
Py;") = 1+el’ "
if i/ = —1.
e Y

At this point, we evaluate the conditional probabili?{/yi(g)|yi(k)) in (4.5) using thea
priori distribution (rather than a posteriori reliability valjeBy using Bayes’ theo-
rem, it follows that
0 (K
P y) = P(y, )Ek)i( ) — 2Py y)

Py;")
where we have used the fact tlﬁﬁyi(k) =-1)= P(yi(k> =+1) =1/2, since the BPSK
symbols are supposed to eriori equiprobable. Finally, (4.4) can be approximated
as

¢ 2 L 50 (K K (¢
Py ~ P DY PyY) - PYOWY) (4.6)
IIEZ% yi(k):j[l[from decoderk] [a priori source correl.]

WhereP(yi(k), i(z)) can be obtained by marginalization of thh dimensional a-priori
joint PMF {P(yi(l>,yi(2>,...,yi(”>)} of the information sequences at the input of the
source. The intuition behind (4.6) consists in modifying the inpytréori probabi-
lity of a single bit by taking into account, through a weighteverage, the reliability
values (on the same bit) generated by the other decodersrticuar, the weight
of the reliability value generated by theth decoder is given by the joint a priori

probability between thé-th and thek-th decoders.

4.3.2 Scenarios with a Relay andideal Source-Relay Links

In a scenario with a relay, the uncoded information sequeiace transmitted by
the sources, and channel coding is considered only at thg. r&k anticipated in

2Since the a priori probabilities need to be evaluated forsystematic bits, in this cas&;\(k> =
x¥ and, therefore{P(y™,y1? ... y'™)} = P2V —1,2¢? —1,...,2¢{" — 1)}. The joint PMF of
{yi(k)}E:1 can then be obtained directly from (4.1). Note that equatio8) is an approximation since,
heuristically, the first probability in the summation at tight-hand side is obtained from the reliability

values generated by the other decoder, whereas the seadvabpity is a priori.
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/= parity bits
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from source 2

Figure 4.3: Decoding scheme in the presence of two sourcks aatay. The modified
factor graph for the (2,4) LDPC code presented in [1] is abersd.

Section 4.2, due to the broadcast nature of the communic&tion the sources, we
assume that the information sequences are also received bslay. At this point, the

relay multiplexes the data received from the sources to fommformation sequence
X, encodes it using a systematic LDPC code, and sends theg pidsibf the codeword

to the AP. While the decoding structure proposed in the rediof this subsection
is rigorously valid for error-free source-relay links, ie@ion 2.5.5 the impact of
noisy source-relay links will be evaluated.

At the AP there is a single LDPC decoder. However, the chahh&s have
to be properly modified to take into account the correlatibtha sources. A pic-
torial description of the modified factor graph for the (2l4)PC code presented
in [1] is shown in Figure 4.3. In particular, there are two Im@$ generating = 2
information bits each and the relay uses a code with rateA82ne can see from
Figure 4.3, the factor graph is modified so that the variablges corresponding to
correlated (information) bits are connected. We now charee this “connection”
in a general scenario with sources. Sincgi(k) (for the k-th source) is correlated
to {yi(@} (¢=1,....k—1k+1,...,n), it follows thatyi(k) depends or{ri(@}gzl: on
@, ® D )y through (Y (kD) ket ) (M and onr®

(AR | PR ) i o) s Jij IRREED 41
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directly. The LLR at the input of each variable node can bdtemias

P(yi(k) =1jri, fi)
POy = —1jr;, 1)

wherer; = (r™™ .. r™y andf; = (£, ..., 1) are the vectors of the observables
and the links’ gains on which tHeth information symbol depends. The generic term
P(yi(k)\ri, fi) can be computed, by using the total probability theorem had3ayes
formula [94], a$

POIrnf) = 3 o 3y 3 PR

yP=t1 Y Vopydopr Yo

2W _n

iin

__P(f)
~pri,fy) 1Z HZ kﬂz nZ rilyi, fi)P(y;)
—— V=1 ey e Ve
Qi
= Qi " Py [ p(r 1y, 1) (4.7)
Iyi(l):il yfkl)—ilyi(”;—il , |ﬂ i |

wherey; = (yi(l),...,yi( )) the conditional independence qﬂ‘ andr (k;«é ?) has

been used, an@; does nodepend oty;. After a few manipulations, one obtains
LN+, i=0...L-1

|
’

“m{czﬁ i=L,.. N—1
where.,i”( r)1 is defined as in (4.3) and

Sy Tyen Syen Sy POy = 1y
zw~z¢>aw 5,0 PO =1y

l—le 1 p ‘yl +17 fi( ))

R AN

i,corr

+1In .
|—|e 1p \y, =-1, fi(Z))

3Note that only the LLRs at the input of the variable nodes @issed with the information bits has
to be modified in order to take into account the correlatidmvben source nodes.
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4.3.3 Scenarios with a Relay andNoisy Source-Relay Links

The analysis of relayed scenarios has been carried out,rsim fthe presence of
noiseless links between the sources and the relay. We noerajize this scenario
introducing noisy source-relay communication links. In this case, we comsidie
possible relaying strategies: (i) the relay uses the pexgho®PC-coded strategy and
adds parity bitsyegardlessof the status of the source-relay links; (ii) the relay is
“genie-aided” and adds parity bitaly if there is no error in the source-relay links;
otherwise, no parity bit is added and the AP receives onljirtfeemation bits from
the source. While the system performance with the firstesiya{non-genie-aided
relay) can be evaluated directly through simulations, enftllowing paragraph we
propose a simple semi-analytical approach to estimatiadBtER performance with
the second strategy (genie-aided relay). We remark thahia-géded scheme could
be implemented by using cyclic-redundancy check (CRC) €adé¢he transmission
from the sources. These codes achieve a very low detectionrate, and its influ-
ence on the BER at the AP can be neglected. However, shoudd toeles be used,
the overall coding rate would be influenced (reduced) by tHeon the sake of sim-
plicity, we simply assume that there is a “genie.”

Since we are considering packetized transmissions, westgicx—cor the pro-
bability of correct reception of an information data padkét_ bits) by the relay. As-
suming, for simplicity, memoryleéssource-relay channels with binary modulations
(e.g., strong line-of-sight communication channels) drat the relay does not ex-
ploit the source correlation, it follows th&$ck—corr = (1 — BERH)", where BER_;
depends on the type of source-relay link: for example, incme of AWGN links,
BERs_r = Q(v/2SNR,_), where SNR_, is the SNR at the relay. Given the indepen-
dence between different source-relay links, the proligitwfi correct reception of all
the information packets from all sources is tH&g = (Pock—corr)". The BER at the
AP can then be expressed as follows:

BER: BER]_ X PCOI'I'+ BER2 X (1— PCOI'I')

40ur approach can be extended to the case of block-fadedescelay links, by properly evaluating
the packet error probability.
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where BER is given by the BER (previously evaluated through simuta)an the
presence of ideal source-relay communication links and BEke BER influenced
by the presence of noise in the source-relay communicaitids.| The value BER
depends on the detection strategy followed by the reldyeeigenie-aided or not. In
the presence of errors in the source-relay links, the geidied relay does not add
any redundancy, so that BER- BER,., Wwhere BER¢ is the BER with uncoded
transmission from sources to AP: if the correlation sousaeot exploited at the AP,
then BERpc=05x [1— \/SNI%,r/(1+ SNR;_)]; if the correlation is exploited
at the AP, then BER; can be obtained as shown in [129]. In the presence of a hon-
genie-aided relay, BERSs obtained by simulations, using the same iterative dexpdi
strategy developed in the case with ideal source-relaysli@bviously, the AP is
assumed to be aware of the coding/no-coding choice of thg.rel

4.4 Power Control for Distributed Detection of Correlated
Sources

We now focus on scenarios with= 2 spatially correlated sources. As discussed in
Section 4.3, we assume that the AP can estimate perfectfadieg coefficients of
the wireless links, i.e.f(D, £, and, in the presence of a relaly?. Considering
packetized transmissions, with fading constant for a pagleeation, we assume that
the fading coefficients are estimated before the transomssi each data packet—
for example, through the use of pilot symbols. On the basthisfestimation and a
proper decision rule, the AP feeds back to tha transmitter i(= 1,2,3) a power
control command. The feedback is assumed to be ideal, ifeedback power con-
trol command is received without error. Our approach caniterily extended to
scenarios with noisy feedback.

Two possible feedback powecontrol strategies are considered.

» Balanced SNRs power control stratedpy this case, the same reference SNR

5The control power rule can be equivalently expressed asartiia energy control rule, by taking
into account the symbol time interval.
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Table 4.1: Balanced SNRs feedback power control strateggeBding on the value
of the instantaneous SNfgi)inst at the end of thé&-th link, the AP sends a command
(expressed in terms of bit energy correction) tokfth node.

k
Véjinst AEy
[dB] [dB]
(yref + 257 —|—OO] _3

(Vret+ 1.5 et +2.5] | -2
(Yref+ 0.5, Yrer + 1.5] -1
(Vref — 0.5, et +0.5] | O
(Vret— 1.5, et — 0.5] | +1
(Vret — 2.5, et — 1.5 | +2

(=, et — 2.5] +3

value, denoted ag.s, is considered for all links and is set equal to the com-
mon average SNR,. Then, depending on the value of the instantan2&MR
yt()'i)inst, the power control strategy shown in Table 4.1 is appliegedéding on
the relative values oi/é'?inst and yef, @ power control command (expressed in
terms of bit energy correction) is chosen.

» Unbalanced SNRs power control stratedy this case, the AP compares the
instantaneous SNRs of the links and ranks them from maxinouminimum.
Defining kmax = arg max{ yé‘f)mst}, Kmin = arg mim{yé'f)mst}, and, in the case
with a relay, kineerm as the index of the link with intermediate SNR, the AP
assigns different reference SNR vaIL{qéQ} to the various links. Then, for
the k-th link the same power control strategy shown in Table 4.4piglied,
replacingyer with yfgf)

By trial and error, we found that: in the case without relég optimized un-
balanced reference SNRs quﬂax) = b+ 1.6 dB andy k™ = y, — 1.6 dB; in

ref

bwe are implicitly assuming that the AP knows the AWGN varianc
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the case with a relay, the optimized unbalanced referend@s&sh:leyr(ef ) —
Yo+ 1.8 dB, ykimem) — ytandykmn) — v 1.8 dB.

ref ref

In both the power control strategies outlined above, 7 faekltommands are con-
sidered per link. For example, these commands could be imgrieed considering
a 3-bit feedback. For simplicity, we will refer to this case3bit feedback. In Sec-
tion 4.5, for comparison we will also consider a scenaridhviiffinite-bit feedback

commands, i.e., perfect fading compensation.

4.5 Numerical Results

The considered coding schemes are as follows: (i) in saanaith no relay, each of
the source sequences is encoded using a regular (3,6) LDiROwdth rate 1/2 and
L = 1000, and each component decoder performs a maximum nmfﬂ“ﬁéiax of in-
ternal iterations set to 50, whereas the numtj&rof external iterations between the
two decoders is set to 20; (ii) in scenarios with a relay, addhe source sequences
has a lengti. = 1000 and the relay uses a regular (3,6) LDPC code with rate 1/2
(the corresponding single LDPC decoder performs a maximumhern}{‘t‘ma" of
iterations set to 50) and information sequence length diyamx 1000, so that com-
parisons between scenarios with and without relay areechaiit for the same infor-
mation rate. The LDPC code is constructed in the seanelomfashion previously
explained in Chapter 2.

In Figure 4.4, the BER is shown, as a function of the SNR at tRe VArious
systems are considered: (i) without relay, without expigithe correlation at the AP
(W/O R, W/o c); (ii) without relay, exploiting the correlati (W/o R, W ¢); (iii) with
relay, without exploiting the correlation (W R, W/o c), (wjith relay and exploiting
the correlation (W R, W ¢). In the relayed scenarios, thesmuelay links are ideal.
The correlation coefficienp is set to 0.95. The bit energﬁék) is set equal to a
common valueE, for all the links. Different values for the numbarof sources are
considered: 2, 3, and 4. As expected, relayed schemes haylees transmit diversity
and, therefore, the performance is better than that in siosnaith no relay. In fact, in
relayed scenarios, even if one link is heavily faded, theightrbe two other reliable
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I—A WioR, Wiocn =2, 4]

BER

Figure 4.4. BER, as a function of the SNR at the AP, in a scenaith source-
AP links with block-constantRayleigh fading (independent from link to link). The
correlation coefficienp is set to 0.95. Various systems are considered.

communication links available to the AP, allowing the lat® successfully recover
the information sequences by exploiting their correlatiom the other hand, in the
scenario with no relay, if one link is heavily faded, only swplementary reliable
link could be available and this could not be sufficient fax &P.

In Figure 4.5, the SNR required to achieve a BER equal to* 18 shown, as
a function of thecorrelation coefficienp, in various LDPC-coded scenarios. In the
relayed cases, the source-relay links are ideal. The nuoflesurces is either 2
or 4. For comparison, the SNR required when the source atiorlis not exploited
is also shown, both in the presence and in the absence ofyaAal@ne can see, in
the presenceof a relay the performance improvement is “smoother” thathécase
without a relay and, for any value @f, there is approximately the same SNR gain
when the numben of sources increases from 2 to 4. In thlesencef a relay, while
the SNR gain is negligible for values pflower than 0.8, for higher values pfthe
gain is more pronounced than in the presence of a relay. laltkence of a relay,
however, the number of sources seems to have a limited inopatie SNR gain.

In Figure 4.6, we evaluate the impact of noisy source-retagraunication links,
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Figure 4.5: SNR, as a function of therrelation coefficientp, required to achieve
a BER equal to 10* in an LDPC coded scenario with block-faded links. Various
systems are considered.
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Figure 4.6: Impact of the noise in the source-relay links leen BER performance
(at the AP) in scenarios with a relay and (e} 2 or (b) n = 4 sources. The BER
at the end of the noisy source-relay links is set to“l0rhe correlation coefficient
is set top = 0.95. For comparison, the performance in the ideal case wigeless

source-relay links is also shown.
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in scenarios with a relay and (a)= 2 or (b)n =4 sources. The correlation coefficient
is set top = 0.95. As a reference, the performance results in the case sélegs
source-relay links (from Figure 4.4) are also shown. Thégperance results in the
presence of a genie-aided relay correspond to a scenatioBERs_ = 1074, As
one can see, besides a relevant loss, the slope of the BEBsawduces, since the
use of the relay is limited only to the cases without soustayr link errors, i.e.,
the diversity degree reduces. In the same figure, the Montie® €ianulation results
without genie-aided relay selection are shown, consideaiaource-relay BER equal
to 1074. It can be observed that in the considered SNR range therpefwe of the
coded (with non-genie-aided relay) schemes is better thetrof the schemes with a
genie-aided relay. However, the BER of the coded schemekeea floor, regardless
of the use of correlation, equal to BER= 104, for both considered values of
This can be explained as follows. For large valuegpfthe AP receives correctly
the information bits (transmitted by the sources) and théyphbits (transmitted by
the relay). If there is a single bit error in the source-rdlais, since a (3,6) LDPC
code is used, 3 parity bits generated by the relay are “flipped received by the AP.
At high SNRs, in the LDPC decoder, instead of correcting kined erroneous parity
bits, inverts the correct information bit, since the thregity bits have a stronger
influence in the message passing-based decoding proceefdre, at high SNRs
the BER at the AP is equal to the probability of bit error in soeirce-relay links, i.e.,
BERs_,. Therefore, in the presence of a high noise level in the sotefay links, it
follows that the use of a relay is detrimental.

In order to understand further the impact of the noise owestiurce-relay links,
in Figure 4.7 the BER at the AP is shown as a function of the amulay link
BER, considering (a) a coded scheme (with non-genie-aidleg)rand (b) a scheme
with genie-aided relay. In both cases, the number of sourcsst to 2 or 4, and
two possible values of the source/relay-AP link SNR are iclemed. The correlation
coefficient is set tqp = 0.95. As one can see comparing Figure 4.7 (a) with Fi-
gure 4.7 (b), while for low values of BER: the performance of the schemes which
make always use of the distributed LDPC coding scheme isibethen the source-
relay links become very noisy (for instance, BER> 102) then the genie-aided
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Figure 4.7: BER at the AP, as a function of the source-relaR B&relayed scenarios
(a) with fixed (non-genie-aided) coding at the relay and (fithwhe genie-aided
approach. In each case, two values of the ShlRt the AP are considered, namely
10 dB and 15 dB, and the number of sources either 2 or 4. The correlation
coefficient is set tg = 0.95. In all cases, the performance is evaluated exploiting or
not the source correlation at the AP.

scheme is preferable. This result suggests that, in ordgptimize the performance
of the considered multiple access schemes, an “adaptileyad scheme should be
used, such that the relay decides which strategy shoulddpextidepending on the
noise level in the source-relay links. In particular, in g 4.7 (b) the limiting per-
formance curve in the presence of coding (hon-genie-aidesfjown: as one can see,
the “switching” point from non-genie-aided to genie-aidedresponds to a scenario
in which BER~ BERs_;. In other words, if BER_; < BER, then the coded scheme is
robust, i.e., the use of a relay leads to a performance ingpnewt; if BER ; > BER,
then the use of a relay is detrimental.

As intuitively expected, the relay should be used only whHenquality of the
source-relay links is better than the quality of the diremirse-AP (and relay-AP)
links. While we consider the introduction of redundancyyoat the relay, in the
presence of noisy source-relay links it is expected thasyiseem performance could
be optimized considering also the use of proper channehgaidi the source-relay
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Figure 4.8: BER, as a function of the SNR at the AP, in scesdad without a relay
and (b) with a relay. The correlation coefficigmis set to 0.95, and the performance
is analyzed exploiting or not the correlation at the AP. ka¢hse of feedback, th-
lancedSNRs power control strategy is considered. For compartb@performance
with infinite-bit feedback is also considered.

transmissions, with rate adaptation on a link basis. Thisdeeyond the scope of our
chapter, but represents an interesting extension.

In Figure 4.8, the BER is shown, as a function of the averagR &iNthe AP,
in scenarios (a) without a relay and (b) with a relay. Theaysperformance is ana-
lyzed exploiting or not the correlation at the AP. In the calsieedback, théalanced
SNRs power control strategy is considered: for each valubefiverage SNR, the
associated BER is obtained after feedback power controhn&scan see, the use of
3-bit feedback leads to a performance improvement for seffity high values of the
average SNR, both with and without the exploitation of theredation at the AP. In
particular, the performance improvement, in terms of ayeBNR, is approximately
3 dB, and for all values of the average SNR the energy savibgtiseen 0.4 dB and
0.6 dB. The energy saving is more pronounced in a scenarforwitrelay (0.45 dB
without and 0.59 dB with exploitation of the correlation la¢ tAP, respectively) with
respect to a scenario with relay (0.39 dB without and 0.38 diB exploitation of
the correlation at the AP, respectively). As one can see admgp the results in Fi-
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Figure 4.9: BER, as a function of the SNR at the AP, in scesaf& without a
relay and (b) with a relay, considerinmbalancedSNR power control strategy. For
comparison, the performance results in the presencebalamcedSNRs feedback
strategy (from Figure 4.8) are also shown. The correlataefficientp is set to 0.95,
and the performance is analyzed exploiting or not the caticei at the AP.

gure 4.8 (a) with those in Figure 4.8 (b), the benefits of tleeai$eedback are slightly
reduced in the scenario with a relay. In both subfigures, donmarison, the perfor-
mance with infinite-bit feedback is also shown. The obtairesiilts correspond to
those in a scenario with AWGN communication links, i.e., vehie fading has been
perfectly recovered.

In Figure 4.9, the BER is shown, as a function of the SNR at tReir\scenarios
(a) without a relay and (b) with a relay, consideringuanibalancedSNRs 3-bit feed-
back power control strategy. For comparison, the perfooman the presence of a
balanced SNRs feedback power control strategy (from Figu8kis also shown. As
one can see from the case (a), the use of an unbalanced SNReads$ to slightly
better performance for low values of the average SNR, antigiotly worse perfor-
mance for high values of the average SNR. In this case, thrgensaving depends on
the considered scenario; in particular, there is a gainX3 @B, with respect to the
balanced SNRs strategy, in a scenario without exploitatiotihhe correlation at the
AP, whereas there is a negligible gain when the correlaaxploited at the AP. In
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the case with infinite-bit feedback, the performance withuhbalanced SNRs rule
(not reported here for lack of space) is very similar to tihaben in Figure 4.8. Unlike
the scenario with no relay considered in Figure 4.9 (a), énptesence of a relay the
unbalanced SNRs feedback rule leads to a performance v, with respect
to the balanced SNRs feedback rule, for all the values ofibhege SNR. However,
unlike the scenario with no relay, the unbalanced SNRs fagdhule leads to an en-
ergy loss, with respect to the balanced SNRs rule, for aléthees of average SNRs.
Although this loss is negligible for low values of the SNRbécomes larger (about
1 dB) for higher values of the SNR (around 10 dB). Therefanegdded schemes
with a relay and a limited feedback, novel feedback powetrobstrategies have to
be devised, taking into account the code characteristiceample, protecting more
the parity bits stream, rather than the systematic bit styea

4.6 Concluding Remarks

In this chapter, we have analyzed wireless multiple accessrwnication systems
where a generic number obrrelatedsources communicate, through separated block-
faded channels, to an AP, with or without an intermediatayrélDPC-codedrrans-
missions have been considered, and we have derived effétetrative receiver struc-
tures at the AP to exploit the source correlation. In paldiGuhe novel iterative
receiver for relayed scenarios has a complexity signifigdotver than that of the
iterative receiver for scenarios with no relay. The impdaaisy source-relay links
in relayed coded schemes has also been evaluated. Theaobtagults show that the
relay should add redundancy only if the quality of the sousday links is better than
that of the direct source-AP (and relay-AP) links.

Finally, we have evaluated the impact of feedback. We hawsidered two sim-
ple feedback power control strategies, denoted as balgBi&s (the quality of all
links tend to be equalized to the average link quality) andalemced SNRs (the
quality of the best link is improved, and viceversa for therstdink). Our results
show that the improvement brought by the use of balanced SiNBisfeedback is
similar both in the presence or absence of a relay, althonglrehergy savings are
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more pronounced in a scenario with no relay. In the case oflanbed SNRs 3-bit
feedback strategy, in the coded case the performance imment, with respect to
the balanced SNRs feedback strategy, is limited in a saenditiout a relay and dis-
appears in a scenario with a relay. This suggests that neegdback power control
strategies, with respect to the simple ones proposed irhbsbs, should be devised
in the presence of a relay.



Chapter 5

Concluding Remarks and Future
Work

In this thesis, we have investigated how to incorporate thetiral properties of the
physical phenomenon under observation into the desigrsbilalited detection algo-
rithms for sensor networks. In particular, three diffeneutdels have been considered
for characterizing the phenomenon under observation.

First, phenomena with the same status across all sensa@dkan analyzed. In
this scenario, distributed detection in the presence ofifteyel majority-like infor-
mation fusion has been proposed, deriving both a commuaiz#ieoretic and an
information-theoretic analytical framework. We have shawat uniform clustering
leads to a lower probability of decision error than non-amif clustering. The impact
of noisy communication links has then been investigatedthadanalytical results
have been confirmed by simulation results. In this scen#r® presence of a non-
constant SNR profile at the sensors and the use of a jointtaetétecoding/fusion
strategy at the AP has been properly taken into account idetbign of distributed de-
tection techniques. Our results suggest that the use dfittepecodes (i.e., multiple
observations) is often the winning choice. The design ofenmowerful distributed
channel codes is an open issue.

In the presence of spatially constant phenomena, an acallfiamework to com-
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pute thenetwork lifetimeof clustered sensor networks has also been derived. Reclu-

stering techniques for maximizing the network lifetime é&een explored, also eva-
luating the cost associated with this procedure. The impibisy communication
links on the network lifetime has also been investigatedwahg that the higher is
the noise level, the shorter is the network lifetime. Howgirethis scenario as well
reclustering can prolong the network lifetime.

Then, scenarios with phenomenon status independent frosoisé sensor has
been considered. We have proposed an analytical framevaorkidering different
quantization strategies at the sensors. In all cases, th&MMsion algorithm and
low-complexity fusion rules at the AP have been evaluatestenarios with single-
boundary and multi-boundary phenomena. We have shownheatdrformance pe-
nalty introduced by the simplified fusion algorithms is agyatically (for high sen-
sor SNR and low communication noise level) negligible. Ad¢ ame time, howe-
ver, we have shown that the computational complexity redangctvith respect to the
MMSE algorithm, brought by the use of the simplified fusiogalthm is significant.
Our results underline that this complexity reduction isrananced in scenarios with
multi-boundary phenomena.

Finally, the presence of spatial correlation among the gsnisas been investi-
gated. LDPC-coded transmissions have been consideradindezffective iterative
receiver structures at the AP to exploit the source coiaglafor both scenarios with
and without a relay. In the presence of a relay, a novel veigctde iterative de-
coding algorithm with very limited complexity has been poepd. In particular, our
results suggest that the relay should add redundancy othlg duality of the source-
relay links is sufficiently high. We have also evaluated theact of feedback. Our
results suggest that properly unbalancing the SNRs in theramication links leads
to energy savings for a given performance level. In all catbes performance im-
provement brought by the exploitation of source corretatibthe AP with respect to
scenarios with DSC is limited. Therefore, the design of nedfieient channel codes
for this scenario will be subject of further investigation.
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