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ABSTRACT

This chapter introduces a methodological approachhé evaluation of localization algorithms. The
chapter contains a discussion of evaluation catesnd performance metrics followed by
statistical/empirical simulation models and pararsethat affect the performance of the algorithmg a
hence their assessment. Two contrasting localizatiodies are presented and compared with refetence
the evaluation criteria discussed throughout thaptdr. The chapter concludes with a localization
algorithm development cycle overview: from simwatito real deployment. The authors argue that
algorithms should be simulated, emulated (on tesisbor with empirical data sets) and subsequently
implemented in hardware, in a realistic Wirelesasde Network (WSN) deployment environment, as a
complete test of their performance. It is hypotbedithat establishing a common development and
evaluation cycle for localization algorithms amoreggearchers will lead to more realistic results and
viable comparisons.
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INTRODUCTION

Evaluating the relative performance of localizatalgorithms is important for researchers, eitheemvh
validating a new algorithm against the previoudest# the art, or when choosing existing algorithms
which best fit the requirements of a given WSN ajaplon. However, there is a lack of unificationtive
WSN field in terms of localization algorithm evalioem and comparison. In addition, no standard
methodology exists to take an algorithm through etioty, simulation and emulation stages, and into
real deployment. As a result it can be hard to tifyaaxactly how and under what circumstances one
algorithm is better than another. Moreover, degjdihat performance criteria localization algorithane

to be compared or evaluated against is importanthi® success of the resulting implementation given
that different applications will have differing rise

Since localization algorithms are expected to lkexlus real applications, it is not conclusive toifye
their performance in simulation only. The authoesehargue that algorithms should be emulated (stn te
beds or with empirical data sets) and subsequentplemented in hardware, in a realistic WSN
deployment environment, as a complete test of fyegiiormance.

In this chapter, performance evaluation metrics diseussed alongside three criteria — localization
accuracy, cost, and coverage. Given that WSNs ygieally constrained in terms of node/network
lifetime and per-node computational resources, ex$iing these constraints leads to trade-offs in the
performance of localization algorithms. For examglenaximising localization accuracy is the foresho
priority, specific hardware may have to be addeaddoh sensor node, increasing node size, cost and



weight. Conversely, if the hardware available ieadly determined, then the application expectations
with respect to performance criteria (such as aggrmust be adjusted accordingly.

The chapter is structured as follows: a discussiothe various performance criteria and evaluation
metrics that are readily used in the analysis afaliaation algorithms is first presented. Next,
representative topologies that affect performanter@a are given, followed by simulation modelsdan
parameters that affect the performance of locatinadlgorithms. A case study is presented, outijran
acoustic monitoring sensor network with high accyreonstraints enforced by application requirements
This case study is contrasted with an example wheaitability and longer network lifetime are reggir
at the expense of complexity and localization aacyr Finally, the chapter closes with a brief disgion
on the development cycle of a localization algeonitfrom simulation to real deployment.

It should be noted that although this chapter maketcular emphasis on simulation and comparison
of range-based localization algorithms, many of rtetrics and techniques described are applicable to
other approaches, such as Angle of Arrival (AoA3dzhalgorithms, for example.

EVALUATION CRITERIA

Whilst the intuitive measure of the performanceadbcalization algorithm may be to show how well it
can estimate positions of nodes compared to thevkrgyound truth (to the degree of accuracy required
by the WSN application, as discussed further beldegalization algorithms are also subject to the
general constraints of wireless networked senstrigllows that a broader set of evaluation criefor
localization algorithms are needed (and are us&ulboth developers and users of localization
algorithms), examples of which are accuracy, costerage, robustness and scalability. These eiteri
reflect the constraints already mentioned - contpmrial limitations, power constraints, unit costdan
network scalability.

Some evaluation criteria are binary in nature: @igms either have a specific property or they db n
(for example, they are self-configuring or not;ythere anchor free or not). Classifications and tyina
criteria can be used by researchers to narrow eh@fsexisting algorithms to evaluate against, @r t
choose from. For example, one may only considetribiged, anchor-free, range based localization
algorithms, immediately limiting the number of alijoms to compare to. Some evaluation criteria and
trade-offs however, need quantification and quadifon. These are described below in more detadl, a
guestions are posed that might be useful to therithgn or WSN application designer in establishing
given algorithm’s performance.

Scalability

Can the localization algorithm scale from less ttemnodes to hundreds, or even thousands? Moreover
is it necessary from the WSN application standpiminthe algorithm to hold this property?

A centralised localization algorithm will typicallgggregate all input data at a central, more capabl
sink to carry out processing; this represents glsipoint of error, and potential bottleneck fotvmark
communication. In contrast, a distributed local@atalgorithm’s execution is shared throughout the
network with no reliance on a central sink. Howewentralised algorithms are conceptually simplé an
easier to implement in cases where it is known thatnetwork will be small and will not increasey B
comparison, distributed algorithms are harder toelt and deploy, but may be advantageous for
researchers if the network does not have a sinogiied! topology (i.e. a tree of nodes sending data
sink), and will need to support a large numberarfes (tens to hundreds). Theoretically, scalakBitgn
important general consideration; however in actigployment for specific applications this is not



necessarily an overriding one (primarily due to tiedatively small nhumbers of nodes that will be
deployed and the amount of effort it takes to dgfihem).

Accuracy

How well do the positions estimated by the algonitmatch the known, ground truth positions? How well
has the WSN application been specified in ternitsahinimal localization accuracy needs?

One may think that positional accuracy comparedraund truth is the over-riding goal of a good
localization algorithm. On reflection, this is latg application-dependent - different WSN applicas
will have different requirements on the resolut@ithe accuracy. Consider a tracking applicatiche-
estimated positions of nodes in the network diyeatlect the accuracy of the tracking. The graritylaf
the required accuracy may be a ratio of the intetenspacing. For example, if the average node spaci
is 100m, up to 1m error may be acceptable. Howefvire average node spacing is 0.5 m, the sanoe err
level is clearly unacceptable.

Resilience to error and noise

How well can the localization algorithm deal witliars and noise in the input data?

It is important to understand how well the locdii@a algorithm will perform without an accurate or
full set of input data. Some algorithms, for exaengllassical multi-dimensional scaling, used by §hain
al (2003) assume measurements from every node aoy enther for the localization algorithm to
converge, which is an overbearing assumption givenrealities of most deployment environments.
Evaluation should show how measurement noise, diasicorrelated error in the input data affects the
algorithm’s performance, and also establish thebrmof nodes that can actually be localized. Eriors
measurement are particularly important to consideen adapting a localization algorithm that assume
2D to work for 3D applications (a common assumptiorthe research community). For example, a
simple multilateration computation in 3D is far ra@ensitive to noisy/inaccurate measurements than i
2D counterpart, due to the extra degree of free(tbm Z axis). Convergence in 3D may then result in
flips and reflections of the estimated coordinatepbserved by Allen et al. (2006) and shown infed..
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Figure 1 — Using multilateration to estimate unkmopositions in 3D with noisy range measurements



Coverage

How much of the network can be localized by the oatgm, given a specific network
topology/deployment?

Some algorithms may have problems localizing th@levmetwork if nodes do not have enough
neighbours (“enough” is specific to the detailstioé algorithm) in terms of connectivity or distance
constraints/estimates. Coverage may relate toliigigal network density, i.e. one may be more likel
get 100% localization coverage in a densely degayetwork. In addition, it is worth considering how
easy it is to add another node to the network #fieinitial localization algorithm has completed.

Cost

How expensive is the algorithm in terms of powensomption, time taken to localize a node,
communication and pre-deployment set-up (i.e. fieednd number of anchors)?

There are several parameters which one could fitassi “individual costs”, such as per-node
hardware or software cost, power consumption redquip complete node localization, time taken to
converge on a network wide localization solutiam] amount of communication required (messages/data
transmitted). An algorithm which can minimise sedecost constraints is likely to be desirable if
maximising network lifetime is a primary deploymeydal. For example, an algorithm may focus on
minimising communication and complex processin@dhieve quick convergence, but at the expense of
the overall accuracy.

Discussion

Clearly, the perfect localization algorithm wouldbpide suitably accurate results (relative to thales
requirements of the application), in a simple amtemtralised way, with low communication and
processing overhead, whilst allowing incrementaitioh of nodes, and requiring zero anchor nodes.
However, all existing and possibly future algorithiwill most likely have to trade these criteria off
against one another. For example, is it bettemtwease memory footprint and processing time for
accuracy, or use a simpler algorithm and reducstipoal estimation accuracy and time taken?
Deployment practice and expertise indicate thaletraffs are best resolved when intimately relatethé
specifics of the class of applications that thetipalar WSN is deployed to address. The quantiativ
measurements required to understand these traslewefdescribed in the next section.

LOCALIZATION ALGORITHM EVALUATION, COMPARISON AND M ETRICS

In order to address quantitatively how well a ltm=ion algorithm might perform against the crigeri
described in the previous section, a set of me#iesavailable. This section breaks down accuremst,
and coverage and describes well known metrics mmnoan measures used in their evaluation.

Accuracy Metrics

The basic goal of the localization accuracy meigito show how well matched the ground truth and
estimated positions are. Accuracy is likely to leéated to measurement noise, bias, accuracy and
precision in the input data provided to the lociian algorithm. The accuracy metrics describedwel
are separated into those which use ground truttomparison, and those which do not. Throughout this
section, it is assumed that a WSN is composeatdsehsor nodes deployed over a given area.

Metrics with ground truth



Globally, the positions determined by a localizatialgorithm represent a geometrical layout of the
physical positions of the sensors. This layout niiestompared to the ground truth, or known laydut o
the sensors. It is important therefore that noty ahe error between the estimated and real posdfon
each node is minimised, but also that the geomktyimut determined by the algorithm matches wadl th
original geometric layout.

Mean absolute error

The simplest way to describe localization perforogais to determine the residual error between the
estimated and actual node positions for every rindde network, sum them and average the result.
Broxton et al (2006) do this using the mean absodutor metric (MAE), which, for each afnodes in

the network, calculates the residual between the de'so estimatetX .Y, )and
actuakx;, y;,z) coordinates. This is shown in (1):

inzl\/(xi - )21)2 +(yi - 9i)2 +(Zi - Z)z
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MAE = (1)

The resulting metric represents the average pasitierror in the network, aggregating individual
residual errors into one statistic. The MAE comfpiatahas much similarity to root mean square (RMS)
error, a commonly used calculation to measure fifference (or residual) between predicted and
observed values. Slijepcevic et al (2002) also rbta whilst knowing the mean absolute error is
important in some cases, it is also beneficial novk the maximum error exhibited in the position
estimation, as shown in (2).

MAX _ERROR= maxy/(x - %)* +(¥; - 9,)° +(z - 2)° @

FROB

A slightly different approach is taken by Efrata¢{2006) who use the FROB (Frobenius) metrichia t
case, the residual error betweenrafiodes in the network is calculated. It is assuthatithe estimated
and actual inter-node distances have already betrndined. The Frobenius metric is shown in (3),
where aij andd; are the estimated and ground truth distances rtégglgcandn is the number of nodes in
the network.

1 n n
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FROB essentially determines the RMS of the totsidigal error, which represents the global quality
of the localization algorithm.

GER and GDE



As discussed briefly at the start of this sectibis important for the accuracy metric to reflectt only

the positional error in terms of distance, but atsderms of the geometry of the network localiaati
result. If only average node position error is ydbere is no sense of tlerrectnessof the relative
geometry of the network — it is entirely possibfattfor a given localization result the averagererr
metric is low, but the actual layout created bydlgorithm does not match well the physical layofuthe
network. This problem was identified by Priyanthaak(2003), and addressed by defining the Global
Energy Ratio (GER) metric, shown in (4).
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The distance error between nod@k - d;) is normalised by the known distance between the tw
nodes ¢;), making the error a percentage of the known digta (One should notice the similarity
between GER and FROB — note that FROB does notalis@rthe distances, and takes the RMS). Ahmed
et al (2005) note that the GER metric does nottbéxeeflect RMS error. They address this by definan
accuracy metric which better reflects the RMS eralculation, called Global Distance Error (GDE),
shown in (5).
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GDE takes the RMS error over the networknofhodes and normalises it using the consRinin
Ahmed et al's contexR represents average radio range, meaning theZatiali results are represented
as a percentage of the average distance nodesanunicate over.

ARD

Gotsman and Koren (2005) derive another qualityrimetalled Average Relative Deviation (ARD),
shown in (6). ARD is simply the normalised averafithe estimate, rather than the RMS error.
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The individual distances are normalised in thisechg the shorter of the two distances (either the
estimated or ground truth), which may not alwaysheeknown distance (as in GDE and GER).

BAR

The BAR metric by Efrat et al (2006) is a measurkaw well the estimated positions of nodes thaosi
the boundary of the localized network match theuacpositions. It is in essence the sum-of-squares



normalised error taken from matching the estimatahdary with the actual boundary. This metric may
be useful as an alternative to GER, in cases wiheréopology formed does not seem to match well the
actual topology, even though the distance errorioseindicate it should. In this case, the averager is

not helpful, as the metric can be diluted by higlorevariance across the network. BAR is used as th
minimisation metric for the Iterative Closest PeifCP) algorithm which matches estimated and &ctua
boundary points. A BAR metric is computed for edehation of the ICP algorithm (Zhang, 1992), giyin

a measurement of how well the two boundaries matten the change in the BAR metric is negligible,
ICP has determined the best alignment possible BAR metric therefore represents how well the outer
geometry matches, and can potentially give insigitd where the problems lie for a particular
localization algorithm.

Girod (2005) uses a similar technique to compaeestiape of a localized network, irrespective of
translation, scale and rotation. He defines a-&tep approach influenced by the Procrustes metifiod
characterising shape, and uses it to measure déstinf@d with ground truth. Firstly, a scaling fact
between the real and estimated topologies is ésitall; the maps are then translated and scaldileela
to the origin, which is defined as the node closeshe centroid of the estimated topology. Thérested
topology is then rotated according the angularetéfbetween nodes, and finally translated by tleeame
distance between estimated and ground truth polntsrage error can now be taken using any of the
metrics we have previously described (MAE, GER, GBIE). Whilst both Girod and Efrat's approaches
take into account the shape of the network, BARdaemly a subset of the nodes on the boundary to
contribute towards the computation; Girod's metheds all nodes in the network.

Metrics without ground truth

The accuracy metrics above rely on prior knowledfi¢he actual node position and physical network
topology in order to evaluate the localization dyabnd error. In realistic, un-positioned WSN
deployments, this information is not known, andremasurement of error must be determined relative to
what informationis available. For example — if we assume a rangeebbmmlization algorithm where
nodes measure distance between one another angakiions are estimated based on this informaton
metric not using ground truth must compare the omeasranges with the ranges derived from the
estimated positions. Unlike the ground truth met@bove, this means that only the actual measured
distances can be compared with localization derregdjes. Toward this aim, Girod (2005) defines an
average distance error metric, shown in (7). Ia taise, the estimated distance between two rncuetj

is subtracted from the observed rangebetween them.

error = R - (X - X))+ (Y- Y)?+(Z, - Z,)? 7)
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Ba aran (2006) suggests a FROB similar metric, cdlB6ROB (shortest-path FROB), based on the
shortest path between two nodes, rather than Eaglidlistance. This metric is potentially useful for
multi-hop localization algorithms which infer distee by the estimated shortest path from a nodato a
anchor, such as the ad-hoc positioning system (Al 8)iculescu and Nath (2001).

Cost Metrics

Cost metrics relate to how “expensive” it is focddization to be carried out. These costs aregeltt the
traditional constraints of wireless networked segsievices — low power operation, low computational



capability, and redundancy through scale and der@ist is an important trade-off against accuraoyl

is often motivated by realistic application requients, which are discussed in more detail at tlieoén
the metrics section. As such, cost metrics arecéffyi used to evaluate the trade-offs that are not
addressed by positional error and coverage. Sevemaon metrics are described below, along with how
they may be determined.

Anchor to node ratio

Minimising the number of anchors in the networkiésirable from an equipment (cost, power usage) or
deployment point of view. For example, using anshitrat can estimate position through the Global
Positioning System (GPS) will require extra hardweshich is both expensive and power-hungry, thus
limiting the node lifetime. Similarly, pre-definingnchor positions may be hard if the supposed
deployment mechanism is random placement (i.e. s1beééng thrown from a vehicle). Thachor to
node ratiois simply the number of anchors in the networkidéd by the number of nodes. This metric
will typically be used to investigate the trade-off the accuracy of the localization algorithm, as the
percentage of anchors decreases, how does thid "#féeaccuracy, and the percentage of nodes éimat ¢
be localized? In anchor based localization algorithone must also consider the placement and gensit
of anchors — this is discussed in the Coveragei@®@etirther in the Chapter. When using few anchors,
Nagpal et al (2003) find that dense networks (ceraye 15 neighbours per node) are required to gieovi
relatively accurate localization results, but tthas accuracy is bounded by the method used tmatdi
inter—node distance (in their case radio range).

Communication overhead

Since radio communication is assumed to be a lagesumer of power relative to the overall
consumption of a wireless sensor node, minimismmraunication overhead is paramount in maximising
the potential network lifetime. Communication ovesld will most likely be measured either by actual
power consumed or number of packets transmittedctiieve the localization goal. For example,
Langendoen et al (2003) use the average humbeaakefs sent per node; power consumption can be
derived from this if one knows the cost of sendingingle packet (as is discussed in more detail in
Modelling Section). This metric will typically bevaluated with respect to the scaling of the netwerk
how does communication cost increase as the netiworkases in size?

Power consumption

The proportion of available power that a node spemwl localization can affect its lifetime (and the
network lifetime). Power consumption will be a candiion of the power used to perform local
operations and the power used to send and recedssages associated with localization. The more
complex the local processing for localization e tonger it will take the node to process. As a&hakis
metric will also typically be evaluated with respdo scaling of the network — how does power
consumption increase as the network increasegéf? si

Algorithmic complexity

Standard notions of computational complexity indimnd space (i.e. big O notation) can be used as
comparison metrics for the relative cost of loaiian algorithms. For example, as a network in@sas



size, a localization algorithm witB(n®) complexity is going to take a longer time to cameethan an
O(r) algorithm. The same is true for space complexiag-the number of nodes increases, the amount of
RAM needed (either per node, or centrally) is gdiagncrease at a particular rate; algorithms which
require less memory (comparatively) at a givenesoady be preferable. This may help motivate a trade
off between centralised and decentralised algosthim.e. the centralised approach might be better i
some cases if the per-node memory footprint becomeslarge as the network scales (this would
obviously be offset with the communication overhead

Convergence time

Measuring the time taken for both initial measuretrgathering and localization algorithm convergence
can both provide important comparison metrics. Tiaken will most likely be evaluated against nekwvor
size. For example — how does time taken to gatleasorements or localize the network increase as the
network increases in size? On the other hand, évempplications with fixed numbers of nodes, a
network that takes a long time to localize may beless if the application requires rapid deploynaert
processing immediately related to node positionsh ss tracking of a moving target. Similarly, ifeoor
more of the nodes in the network are mobile, e tiaken to update position may not reflect theerr
physical state of the network — i.e. positionabmfation may have become stale.

If the localization algorithm is based on non-lineatimisation, there may also be a trade-off to be
made between accuracy and convergence time — ting #xe taken and energy expended to get a
slightly more accurate solution may not be benafici

Hybrid Metrics

Hybrid metrics encourage the evaluation of trads-of localization algorithms by combining several
individual metrics into one composite metric. Thaywn which the metrics are combined will vary from
one hybrid metric to another — one such examplesiperformance cost metric by Ahmed et al (2005).

Performance Cost Metric (PCM)

The performance cost metric (PCM) is a simple h/ometric where performance cadtand localization
error GDE are weighted by a parameteras shown in (8). This weighting is determinedthuy relative
importance the evaluation wishes to place on tleyaat components of the metric.

PCM = a(GDE) + (1- a)C (8)

Here, GDE (Global Distance Error) localization aesmy metric is a variant of GER, as described in
the previous section. The cost aspeatf the PCM metric is described by the averagenpele energy
required to complete the localization (although oneld imagine it being any quantitative cost nutri
In deciding whether to use hybrid metrics instethdividual performance metrics, researchers ghoul
establish whether the values determined by the ithyBpproach represent a fair or meaningful
comparison.

Coverage Metrics

Some localization algorithms may not be able talize all of the nodes in the network. Coverage is
simply a measure of the percentage of nodes idepéoyed network that can be successfully localized



regardless of the localization accuracy (which ésatdibed by previous metrics). However, density of
deployment, as well as placement of anchors care haffects on coverage results for different
localization algorithms. The effects and their erasibn and are discussed in the following subsestio

Density

The specific approaches that localization algorghiake can directly affect coverage. This can have
different implications for anchor based and andhee localization algorithms. For example, the tbu
localization algorithm proposed by Moore et al (2D an anchor free localization algorithm, basad
range estimates between nodes. In order for a ttode considered a candidate for localization,eher
must be sufficient range estimates between the raodk its neighbours to satisfy certaiigidity
constraints (to protect against positional ambigsitvhich adversely affect localization result$)thie
density of the deployment is low, it may be impbksito localize many nodes. Figure 2 shows the
relationship between node density, number of arschod localization error for a multi-hop localizeti
algorithm with random topology (Basaran et al, 2086 the average node density increases, neighbor
nodes generate more information, which can potigntraprove localization performance with respest t
localization error. Localization algorithms focugion denser networks should bear in mind that radio
traffic, number of message collisions and energysamption of the nodes will also increase with the
increasing average node density in the sensor nletwo

FROB/Density/Beacons

Density

Figure 2. The change in the Frobenius error on adam grid topology for different node densities and
increasing number of anchors

In anchor free localization algorithms, density neasured simply by the average number of
neighbours a node has, as in AFL by Priyantha (2&6d the robust localization algorithm proposed by
Moore (2004). Density can be used to determinentiimum neighbour density required for 100%
localization coverage, or for an acceptable le¥@oguracy.



With reference to anchor based localization algar, Bulusu et al (2001) investigate the effects of
anchor placement on localization (discussed furthetow), evaluating mean and median error
improvement against anchor density (lmgre¢ per square metre, given a random placement gytate
Similarly, in work on partially localizable netwak Goldenberg et al (2005) examine the percent of
localizable nodes in the network as the number @nscimcreases. The authors measure anchor density i
terms of average anchors a node has either ifféstige radio communication or measurement region.

Anchor placement

The position of anchors in the network may haverssiderable impact on localization error, espegidll

the localization algorithm assumes that anchorsuaif®rmly or randomly positioned in fixed locati&n
Assumptions about a pre-defined anchor placememtnse do not take into account environmental
factors, terrain (that can affect placing of anefoand signal propagation conditions, as well @sral
anchor placement. The geometry of anchor nodes ithect to any un-localized nodes in the network
can have a varying effect on the accuracy of regufosition estimates. This effect is notably oled

in GPS systems, where positional accuracy is seatetrease when GPS satellites are closer to one
another. The Geometric Dilution Of Precision (GDO®mgtric is used in GPS systems to describe the
geometric “strength” of the GPS satellites’ currpaositions with respect to the target, and thusgiaa

an indication of whether the accuracy is likelyongood (a small value), or bad (a large value).

Sawvides et al (2005) use a GDOP metric to invasignchor placement in WSNs, using the metric
to find the ideal anchor geometry. They concludg thconvex hull of anchors surrounding un-localize
nodes is the most favourable configuration for mising the effects of geometry on localization
accuracy.

It is worth noting that some localization algorithriteratively localize nodes. As a consequence,
geometrically significant nodes (i.e. nodes thaghallow others to be localized) may not themsehe
localized, which could result in low a coveragegestage. Complimentary to this position, Bulusalet
(2002) hypothesise anchor placement needs t@daptive in the face of noisy and unpredictable
environmental conditions, proposing and evaluating simple, mobility based proximity algorithms for
incremental anchor placement.

Mobile anchors (or beacons) could also potentibyused to supplement coverage or reduce the
number of anchors necessary. A mobile beacon tBagesian approach to localizing network nodes has
been proposed by Sichitiu (2004), and mobility meder simulation are discussed in the Models secti
of this Chapter.

Evaluating coverage

In evaluating coverage performance for localizatadgorithms, researchers must be prepared to try
various placement scenarios/strategies for noddsaachors, as well as various densities. One can
evaluate how the accuracy improves as either thebeu of anchor nodes or neighbours per node
increases. Bulusu et al (2002) note that increa$iagnchor density does not necessarily guaransee
accurate localization or better coverage; theesgentially a “saturation point” after which no iddal
gains in accuracy can be made. This is supportadéoyesults shown in Figure 2. Therefore, locélira
algorithms should be investigated not only withpeeg to the fewest anchors that can be used, baot al
the point at which anchors give little or no impeawvent.

In addition, excessively noisy, biased or missingut data may cause the localization algorithm to
behave in unpredictable ways, and may reduce cgeefherefore as part of understanding coverage, a



localization algorithm should also be evaluatedhwiéspect to its resilience in the face of varying
amounts of measurement noise, as in Langendoe).200

Discussion

Accuracy, cost and coverage represent trade-off¢ofralization algorithms. This is a consequence of
localization algorithms usually needing to be ojsied toward a set of specific constraints, sucloas
power operation, speed of localization, scalabiitya maximum positional error. A good understagdin
of trade-offs is important in the context of loealiion, as it is in general for WSN applicationigasFor
example, deploying a network with a large numbearthors is expensive, and requires a large amount
of careful placement, especially to guarantee @ger However, in attempting to minimise or remove
entirely the need for anchors, a localization dtbaor may compromise its accuracy and simplicity;
anchor-free localization algorithms are frequerdfntralised (even the robust localization algorithm
proposed by Moore et al (2004) requires a centhasp), and framed as non-linear optimisation or
minimisation problems, such as Girod et al (20@)tsman and Koren (2005). These approaches may
not be tractable to run directly on resource caistd nodes.

It has been shown that accuracy metrics based enage position error may not capture the accuracy
of the layout geometry. This is especially true dmchor-free localization algorithms. It has alsetb
shown that the cost of a localization algorithm tale many forms, and can be highly dependent en th
application requirements the WSN is designed amdogled to address. Coverage is greatly affected by
placement of nodes in the network, be they anatoregular nodes.

In creating new metrics for algorithm comparisohge tdesigner must carefully consider the
performance metrics that need to be addressedidHytatrics can be useful if more than one metrisimu
be analysed at the same time, and it makes sermalisate them together. Otherwise, using individua
metrics to isolate specific aspects of localizatp@rformance is a fine way to evaluate and compare
localization algorithms.

The first step toward fully evaluating a localipatialgorithm is to use the metrics presented is thi
section and apply them in simulation, along wittevant parameters that best represent the WSN
application scenario. These matters are addresgbe hext section.

EVALUATING LOCALIZATION PERFORMANCE: REPRESENTATIVE TOPOLOGIES
AND SIMULATION MODELS

Evaluation and comparison of localization algorithwan be performed at various scales and using
various metrics, as discussed in the previous aecBecause real life deployments are expensive and
difficult to scale to large numbers, simulatioraiselatively easy and highly available tool to #ate the
performance of localization algorithms. It allowsniparative performance evaluation for different
environmental models and requirements imposed éwagplication domain. It also allows researchers to
test the robustness of localization algorithms mgjavariable conditions such as ranging error,ousri
network topologies, anchor densities, and numbérsodes. Simulations can also allow individual
characteristics of algorithms to be isolated andlwated by factoring out or simplifying real-world
effects. However, statistical models used in l@edion simulations can make unrealistic assumptions
about the ranging characteristics of deploymentireninents, which may result in misleading or
incorrect results that only come to light duringafi deployment.

Measuring the performance of a localization al¢ponit via simulation requires a simulation
environment and input parameters that are derivigtrefrom statistical models or empirically. The



accuracy and achievable precision of localizatitgorithms strongly depends on the accuracy of the
models used in the derivation of these input patareemaking this one of the over-riding limitatsoof
simulation. There are a number of general purpagdacalization specific simulators that can beduse
evaluate and compare algorithms, including ns-2Nem+, and RiST (Reichenbach 2006). Some of
these simulators have support for mobility and reokadio communication, which can aid localization
simulation.

This section presents some commonly used companedels and building blocks for localization
techniques. First, representative network tope®egire introduced. This is followed by a preseomadif
a set of models for: inter-node ranging, noisy sathmmunication links, and energy consumption. The
potential effect of ranging irregularities on Ideation performance is discussed, as well as other
parameters that affect performance (such as naugtgeanchor/beacon placement, and mobility).

Topologies

Defining ground truth node deployment topologiessimulations can play an important role when
comparing the performance of localization algorighriror example, uniform grid, C-shape and ring-
shape topologies can induce effects on localizalgorithms that compromise their accuracy. Theee a
essentially two main categories of sensor netwopklbgy,evenandrandom Even topologies distribute
sensor nodes (and anchors) over the deploymentraggaexact grid, whilst random topologies perturb
individual nodes positions on the grid with randoaise (with some predetermined range and variance).
Figure 3 shows examples of both topologies. Theltesollected from the exact grid topology (Figure
3.a) are useful because they are visually simjiiés—<lear to see deviations in position estimataused

by the localization algorithm. Random topologieswhver, better reflect the deployment scenarios in
real-world environments (nodes cannot necessaglyplaced uniformly). This is also because sensor
networks may be deployed in locations where maplaalement is either limited (e.g. in a thick foyemst
almost impossible (e.g. inside a volcano). In themses, it is generally assumed that nodes aremdnd
dropped from some deployment vehicle, and unifolawgment cannot be guaranteed.
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Figure 3. Even and random topology examples

For these reasons, random network topologies arergdy more popular for involved simulation and
comparison studies. Topologies can be furtherctaksed regular andirregular topologies) according
to the regularity of their placement densities ahdpes.



Regular Topologies

In regular topologies (such as those shown in Ei@)r nodes are typically uniformly distributed pes
area as a grid. This has the advantage that avedge density in each part of the deployment agea i
relatively consistent. Many well known multi-hopcdization algorithms, such as APS by Niculescu and
Nath (2001), estimate the shortest-path distarioderins of actual distances or number of hopsyben
sensor nodes and derive an overall Euclidean disténom this to estimate position. Such algorithms,
when evaluated in simulation using regular top@egimay appear to be highly accurate, or at least h
bounded error. However, this is not sufficient toye the general effectiveness of a localization
algorithm; regular topologies do not necessarilyusately reflect realistic deployment scenarios thie
the variety of geographical factors that may respiacement of sensor nodes.

Irregular Topologies

In these topologies, the shortest-path distancésele@ nodes can deviate greatly from the actual
Euclidian distances between nodes, and individadkerdensity in a region may deviate greatly from th
average density of the WSN. C-shaped, L-shaped ramdshaped topologies are typical irregular
topology examples, and represent irregular deploynmonfigurations that applications may find
themselves constrained by. Therefore, such topedogre generally employed to compare and stress
various attributes of localization algorithms. liglire 4 two types of C-shape topologies are present
Note that in Figure 3.b, the difference between HEuglidian distance and the shortest-path distance
between certain nodes can be large. As a resuliyidlual errors in the localization algorithm may
accumulate, resulting in large overall localizaterors.

These simple topologies may be combined to geneititer larger or more complex sensor network
topologies. Obviously, a localization algorithmn®re robust and generally usable when it generates
accurate results for these types of topologies.
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Figure 4. Example irregular topologies

Third Dimension in Topologies



Today, most of the localization studies tend tooignor trivialize the third dimension in topologgtsp

and simulation. However, the third dimension isumidable in most real-life deployment scenarios,and
unfortunately, introduces additional complexitiestiie localization algorithms, as examined by Ghosh
(2007). For instance, in a network deployed onlleohimountain, geographical obstacles hinder tdia
communication among nodes. In such scenarios, @ may experience better packet reception but worse
transmission rates compared with nodes on highmingt. This increases the percentage of asymmetric
links, which may therefore affect communication aanging assumptions.

Ranging Models

Ranging is the process of estimating the inter-ndide&ance or angle using one or more modalities (fo
example signal strength or acoustic time of flight)simulation, a widely used ranging modalityaslio
signal strength, but other modalities include atiousne of flight (ultrasonic or audible) and w@twide
band (UWB), as discussed by Yu (2004).ranging techniques approximate the distancevbeh nodes,
therefore error related to measurement accurachji-path effects and non-line of sight is expected.

Noisy Disk Model

An accurate, sensible ranging model is a criticpleat of a range or angle-based localization alguri
The noisy disk, where a node can emit ranging $sgraall neighbors within a maximum ranBe(the
radius of the disk), is a commonly used ranging ehdd simulation. The model has two components:
noise and connectivity. The noise component indgdhe distribution of error, which is added to the
actual distance (e.g., Gaussian, uniform) to fohe é¢stimated distance. The connectivity component
indicates the maximum distandgax between two nodes at which a distance estimatbeattained. For

example, using Gaussian noise (with variagge the Noisy Disk defines the distance estimaAil;p

between nodeisandj in terms of the true distandd; as:

- N(d.,s d £d
dij — ( IJ. ) ij n.1a>< (9)
undefined otherwise

The Noisy Disk model with no noise component (iteonly models the connectivity between nodes)
is also known as the Unit Disk model. In simulasiprange data used in distance estimations ardlyisua
generated from a parametric function of a theoabficopagation modeThe level of the detail of the
propagation model used is particularly importamgufficient details can produce unrealistic efiror
estimations. Unfortunately, even detailed theoattimodels may be significantly different from
estimations made in real life deployments becabtibamware and environmental ranging irregularities

Whitehouse et al (2005) have proposed an alteenaiimulation technique Statistical Emulation
where data for simulation is generated by randodnbwing measurements from an empirical data set
(discussed further in the range irregularity seqtidReichenbach et al (2006) have also proposedla t
using defective observations as input thus enabtinge realistic simulations. Theoretical propagatio
models are briefly discussed below.

Radio Propagation



In radio models, the received signal strength isalg represented with the following formula, meash
in decibels:

Received Signal Strength = Sending Power — Patlk kdsading (10)

The Sending Poweof a node is determined by the battery statustlaadype of transmitter, amplifier
and antennaPath Losglescribes the signal’s energy loss as it propadatthe receiver. Path loss can be
calculated using different physical models. Thee#rSpace Model” assumes the ideal propagation
condition: that there is only one clear line-oftgigath (LOS) between the transmitter and recenrtr
no obstacles nearby to cause reflection or diffibactThe path loss is modeled as being proportitmal
the square of the distance between the transnaitigreceiver, and also proportional to the squatheo
frequency of the radio signal. This model accoudntsthe propagation distance between sender and
receiver using a fixed formula for signal loss, aweés not include hardware specific factors sucthas
gain of the antennas used at the transmitter ac€iver, nor any loss associated with mechanical
imperfections.

The ‘Two-Ray-Ground Reflection Model’ considerseamnia orientation and distance from ground for
both the transmitter and receiver, performing dedaradio ray tracing to estimate reflection ofrsits.
This model is known to give more accurate preditiat a long distance than the free space model.
However it does not perform as well at short distadue to the oscillation caused by the constrectivd
destructive combination of the two rays. In theecatere distance between nodes is small, the friaees
model may be preferred.

The effects of reflection, diffraction and scattgriof signals as they hit obstacles will influenibe
free propagation of signals, leading to observatmors at the receiving node. These effects canse
exponential decay on the signal strength with retsfe distance. Signal strength is also assumedzkto
log-normally distributed for a given distandeThe log-normal shadowing path loss model whicthés
most commonly used radio propagation model in WiahNikations is given as follows:

R (d) P (d0) =~ 10010g(d/dO) + X (11)

Where Pr(d) is the received power for distandeand Pr(d0) is the received power for a reference
distanced0. is the path loss exponent (rate at which signabg®.X is a Gaussian random variable
with zero mean and standard deviation and are obtained through curve fitting of empiricatadalo
approximate a communication link with the shadowingdel, Ramadurai and Sichitiu (2003) suggest a
simple approach to calculate the distance usirgytaio radio propagation model and introduce asand
errorE to the calculated distance.

Acoustic ranging

A useful model for acoustic ranging error (audibleultrasonic) proposed by Girod (2005) can be mive
as follows:

R :”dact - dest” + X5 +N; (12)



In (12), de is the actual distance between nodesdj, dest is the estimated distance akgis a
Gaussian random variable with zero mean and stdrdkariation . N; is a fixed bias, which is present
only when line-of-sight is blocked. This model regents the basic error components that one finds in
acoustic ranging — a non-line of sight bias compoaad a Gaussian error componefjtcan be reduced
by repeated observations MNjtneeds to be filtered at higher layers.

Ultra Wide Band Ranging

An UWB radio ranging system has the ability to fesomulti-path components of the wireless
propagation channel with extremely high time reSotu A standardized UWB channel model for IEEE
802.15.3a is claimed to best match the empiricadsuements (Lee 2002, Yu 2004, Forrester 2003A).
Additionally, Shah et al (2005) has shown UWB raiggtan be used to devise algorithms robust for both
LOS and NLOS environments. The impulse responskeeotl WB channel model is:

h(t) = X

K
0 k0@ dT-T-T) (13)
whereay, and T, are the multipath gain and delay of td&ray in thel™ cluster, respectivelyT,
represents the delay of tH& cluster andX indicates the log-normal shadowing effect. Dethile
distribution functions of different variables inrche found in Forrester (2003).

Range Irregularities

Aforementioned range models assume circular prdjmmgeanges, whereas in reality propagation ranges
tend to have an irregular shape. Range irregul@sityne of the main sources of asymmetric links in
WSNs. Irregularities are caused by three main factelative to the ranging model: device propsrtie
propagation medium and environmental factors. Deviroperties include the antenna type, the
transmission power, antenna gains, receiver seigitreceiver threshold and the Signal-Noise Ratio
(SNR). Propagation medium properties include thediom type and background noise and
environmental factors include attributes such astéimperature of the environment and obstaclesrwith
the deployment area (Zhou et al 2004). As an elgntipe radiated pattern of the inverted-F antenna
installed in the widely-used ChipCon CC2420 radimdersen 2007) is very obviously non-isotropic.
Therefore, it is clear that simple radio modelst thasume a perfect, spherical radio range cannot
accurately predict or describe real-world radiorahteristics.

Range irregularity models aim to reduce the dissmep between the simulation and real-world
results; two such examples are described below.

Statistical Emulation: Acoustic or Radio ranging irregularities

Whitehouse and Culler (2006) identified four diffiet types of empirical ranging irregularities arggi
from empirical ultrasound/radio range data, whindytuse to extend the Noisy Disk model (as mentione
previously in this chapter). They define the raggimegularities as:

Extreme Overestimates:an excess of range estimates that are largetthieatinue distance by
more than two standard deviations.

Extreme Underestimates:an excess of range estimates that are smalletlieainue distance
by more than two standard deviations.



Long-range proficiency: the existence of range estimates between nodéerfdian nominal
rangedmax
Short-range deficiency:the existence of range failures between node®rclib®n nominal
rangedmax

The authors then study five stages of ranging nspdsdch incorporating more ranging irregularity
detail than the previous one:

Model 1) Noisy Disk (No irregularities)

Model 2) Model 1 + Extreme Overestimates
Model 3) Model 2 + Extreme Underestimates
Model 4) Model 3 + Long-range proficiency
Model 5) Model 4 + Short-range deficiency

Whitehouse and Culler use their empirical rangiatado generate ranging irregularities in simukatio
proposing a technique they c&tatistical EmulationThe authors find that small variations in ranging
model can cause large variations in localizatiooreior several algorithms.

RIM: Radio irregularity model

Zhou et al (2004) establish a radio model for satiah, called the Radio Irregularity Model (RIMY.dfn
experimental results, they assign the followingperties to radio sensing hardware:

Non-isotropic: The radio signal from a transmitter has differguatth loss in different
directions.

Continuous variation: The signal path loss varies continuously with émeental changes of
the propagation direction from a transmitter.

Heterogeneity: Differences in hardware calibration and battestust lead to different signal
sending powers, hence different received signahgths.

RIM enhances radio models by approximating thessetimain properties of radio signals. To reflect
the two main properties of radio irregularity, ndyneon-isotropic and continuous variation, Zhouaet
(2004) adjust the previously mentioned path lossfda of (10) with two new parameters: the Degree o
Irregularity (DOI) and Variance of Sending PowelS®). DOI is the maximum received signal strength
percentage variation per unit degree change imliteetion of radio propagation. When the DOI is teet
zero, there is no range variation, and the comnatioic range is a perfect sphere. When it is inegas
the communication range becomes more and moreulened he path loss formula is adjusted as follows:

Path Losso = Kj Path Loss (14)

Ki is a coefficient to represent the difference ithpass in different directions, andis a random
number between -1 and 1, which is generated acupridi the Weibull distribution (Devore, 1982).
Specifically,K; is thei™ degree coefficient, which is calculated as follows



1,i=0
K, = _ . (15)
K.+a DOl , 0<i<360 L il N

whereKg — Kzs9 £DOI

Based on (15), 36&; values for 360 different directions can be gemstadby randomly fixing
direction as the starting direction represented=By The second parameter, Variance of Sending Powe
(VSP) is defined as the maximum percentage variaricthe signal sending power among different
devices. The signal sending power is adjusted ks

Sending Poweggp= Sending Powerl(+ VSP) (16)

In (16), Zhou et al (2004) assume that the variasfcgending power follows a Normal distribution,
which is broadly used to measure the variance cabgethe hardware, and is a random number
between 0 and 1. With these two new parameidd,andVSRE the RIM model is formulated as follows:

Received Signal Strength = Sending Pawier Path Losso + Fading a7)

The authors implement the RIM model in GloMoSinsadivering that the radio irregularity has a
greater impact on the routing layer than the uryiagllink layer.

The ranging models presented in this section affextaccuracy of the estimated distances between
nodes. However, as previously discussed in thiptelnaother characteristics of localization alduoris
should be evaluated, such as running time, covetag¢ energy or communication cost.

Communication Models

Bartelli et al (2007) stated that many recentlypmsed localization algorithms have both distribuaed
range based characteristics. For these classexcaliziation algorithms, there is a dependency @n th
reliable communication of local neighborhood infation in the network. Therefore, simulation and
emulation evaluations of these algorithms requineadequate link abstraction. For example, a node
running a distributed localization algorithm maynwdo collect neighborhood information in order to
determine its relative position. Other nodes wilbanlikely be performing the same tasks, causing
simultaneous packet transmissions, and therefdtisions. Because the communication overhead of a
localization algorithm affects both the runningdimnd energy cost, it is important to model linkghin
evaluating these metrics. For example, an algoritinch generates a lot of traffic will most likedpuse
problems in a large network, and may significantbduce the network lifetime unless properly
coordinated.

Packet Reception Ratio (PRR), which is a functibthe distance between transmitter and receiver,
can be used to model the link, as described bygaust al (2005). An alternative is to use a siaibt
model. A commonly used packet loss abstractiomfecgless link layer simulation is a two state Marko
model called the Gilbert-Elliott channel. The Iggscess is determined by the current state of a@etis
time stationary binary Markov process. It is asstitiat no packets are lost in a ‘good st&eihile all
packets are lost in the ‘bad stafe’ The stationary probability of a channel beinghie bad state is:

P(S,)=al(a+b) (18)



where a = Py and 6 = Pyg denote transition probabilities betwe& and &, and vice versa,
respectively. Thus, the average packet error piibtyatsf the channel is:

P, =RP(S)+PR, - P(S)) (19)

whereP, andPgy are the error probabilities in bad and good stadspectively. The state transition
diagram for a Gilbert-Elliot channel is given ingbre 5. (18) may also be used to model instant node
failures in a localization simulation similarly, ete S, denotes the failure state of a node &denotes
the non-failure state. In the failure state, altkmis sent to the node are lost regardless of treless
channel state.

Figure 5. The Gilbert-Elliott channel model.

Power Consumption Model

Measuring the energy cost of a localization algponitrelies on the battery model used. A commonlyluse
model is referenced by De Marco (2006) — when #res@r transmitg bits, the radio circuitry consumes
kPr«Ts energy, wher@qy is the power required to transmit a bit whichdastTs seconds. By adding the
radiated poweP(d), the energy costr

E, (k,d) =kP.T, + P (d) (20)

The model is completed in (21) by adding the tdfm for the reception of packets as well as
transmission:

E(k,d) = B, (k,d) + Eg,(k,d) = kR, Ty + R(d) + kR, T, (21)

Prx is the power required to correctly receive (dentaiduand decode) one bit. In addition to this, the
energy consumption model for a single sensor caenbanced by considering a duty cycle, which may
be useful for extremely low power localization aigumns. In this model, a node can be in three
operational states each draining different amooh®nergy from the battergctive statén which the
node is either transmitting/receiving/sensing datke, statein which the receiver is on and the node is
waiting for an activity to be triggered asteep staten which the node cannot take part in any network
activity (from Chiasserini and Garetto 2004). Impanating these models can help researchers acootint
only for the number of packets sent by a particldaalization algorithm in simulation, but also the
power consumption of the packet transmission, endications of duty cycling.

Simulating Mobility



As mobility can have an impact on the whole netwpekformance in various ways, the model used in
simulating the behavior of mobile beacons througltbe simulation is also important. The performance
of the algorithm can vary significantly with diffemt mobility models used for mobile entities. Iteigen
possible to get different performance when the sambility model is used with different parameters.
Widely used wireless network simulators such a2,n&loMoSim, Qualnet, or Opnet support various
mobility models. However, it is important to usenability model that most closely matches the exgect
real-world scenario. In a localization simulatidfrthe expected real-world mobility scenario is noln
then researchers should experiment with severdleofvailable mobility models. Camp (2002) suggests
that if an entity mobility model is desired, thiancbe well modeled by the Random Waypoint Mobility
model, the Random Walk Mobility model or the GalMsarkov Mobility model.

Discussion

This section has described various models thabearsed for the evaluation of localization algarithin
simulation. However, simplistic assumptions madeti®se models can affect the overall performance
and realism of a simulation. Using models derivierinf empirical results may be useful in addressing
these issues, by informing statistical models. #deo to evaluate individual aspects of localization
algorithms, researchers may wish to iteratively adthplexity to simulations. For example evaluation
may start with simple radio and ranging models el as simple deployment topologies, and progress t
adding more complex power measurements and a yafietmpirically modeled ranging modalities. This
allows not only isolation of relevant componentgc(gacy being paramount initially), but a more
thorough validation at several levels. This mowes gimulation into a more realistic domain, prepgri
researchers to implement and evaluate the localizaalgorithm with realistic hardware in real
environments. In the next section, a case stugydasented showing how the real-life, applicatidatesl
requirements on localization can lead to tensiomserformance criteria.

CASE STUDY

Given that requirements of WSN applications vargatiarge degree with respect to localization, ias
easy to choose a general, representative casefstudgalization algorithm performance evaluatidhe
case study chosen here describes a localizatidgansydeveloped by Girod et al (2006). The system is
anchor-free, highly accurate over relatively ladigtances (~4cm 2D positional error at tens of es{r
and requires low node densities. The system waleylxpand demonstrated with 10 nodes across an 80
x 50m area.

The platform requirements and localization techaegjamployed are described in this section, and the
constraints associated with the localization atbamitogether with the trade-offs in performanceamiv
fitting application requirements. A different apgaltion is considered as a counter point to illtstthe
variety of application specific demands that afflectalization and localization algorithms. The read
should note that in this section, we refer to tbealization of a WSN aself-localization and the
localization of non WSN events of interestsasirce localization

Acoustic Source Localization

The Acoustic Embedded Networked Sensing Box (EN$Btatform designed by Girod et al (2006) is a
capable platform to support distributed acousticss®y (see Figure 6). Acoustic sensing applications
remain a persistent challenge in wireless sensinthey imply high data rates and are a rich soafce



challenging problems relating to source and seléliaation, for example Ali (2007) and Allen (2008)
Relatively high processing power is needed in otddocally process data and reduce network overhea

Figure 6 — The Acoustic ENSBox’s compact microptaomay. The four microphones are arranged in a
tetrahedral configuration over a 12érarea.

The primary motivator for the design of the ENSBuas a class of scientific localization applications
— namely the source localization of animals anddyibased on their vocalizations. Such applications
enable species census, classification and behastadies to be performed. For source localizatibe,
ENSBox node employs four microphones per node lasa array, in a tetrahedral configuration over a
12cnf area. A network of ENSBoxes allows the use of beesssing techniques for source localization,
where nodes individually estimate direction of \ati(DoA) of animal vocalizations using the time-
difference of arrival (TDoA) of the signals at eanfcrophone. This is possible as the acoustic gna
coherent across the node’s array of four microphohetwork wide position estimations can then be
made by triangulating the DoA observations. (Thek laf coherency of wide-band acoustic signals over
tens of metres means that it is difficult to reljatbetermine the ‘start’ of the signal at each nadeaning
the use of TDoA for position estimation will noeid accurate enough results).

Using the Acoustic ENSBox for source localizatiequires self-localization to be performed to a high
accuracy. Girod envisages the network being usedrtound a target at 30-50m spacing (target t@hod
As such, he sets the self-localization accuracyirements to be +0.5m positional estimation and +1
degree orientation estimation. This is sufficienkéep the source localization positional errohigithe
bounds of the state of the art (£2.5 degrees ferntlost comparable system to an ENSBox network).
Because DoA estimates are used in source localizatiis important that the geometry of the phagkic
topology estimated by the self-localization aldurit be consistent with the actual physical topology.
Actual distance error is not as important, giveat flor DoA triangulation, it is the angles betwewnles
that must be accurate, hence the topology need lmmlgorrect to a scaling factor. The average node
density requirements of such an application arecleatr, although a minimum of three nodes is rexuir
to remove ambiguity of the location of the acoustient in two dimensions. Given that nodes can
potentially be deployed over any terrain, it is ortant that the localization algorithm works well 3D
as well as 2D.



The self-localization solution the Acoustic ENSBemploys is based on acoustic time of flight (ToF)
and direction of arrival (DoA) estimation, emplogin iterative non-linear least squares minimisatio
multilateration algorithm (NLLS). The ENSBox nodage equipped with omni-directional speakers to
emit pseudo-noise ranging chirps from; nodes chtrfxnown times in a sequence, and estimate ToF
ranges from each other. DoA estimates are baseahaspproximate six way cross correlation of the
ranging chirp across the four audio channels. Téle dnd DoA estimates are used as constraints in the
NLLS algorithm, which is carried out in a centratismanner — all nodes report ranges to one elected
leader, who performs the localization computation.

The NLLS self-localization algorithm works best whits system of equations is over constrained
(that is, there are many range and angle measutenpar node). This means that erroneous
measurements can be removed at certain pointsgdthia position estimation process through outlier
rejection procedures. These rejections are basdwonstics such as residual error between two siode
range estimates and residual error between estinpatsition and estimated range. Node orientatioas a
iteratively estimated between NLLS iterations beraging the error between observed DoA and angle
based on the NLLS result. Convergence is assumed wdsidual error for different aspects (yaw, pitch
roll, range) falls below an empirically determinddreshold. Sometimes, this means that under
constrained systems do not converge.

Girod notes that raw residual error is not suffitis detect outliers from the linear system forrasd
part of the NLLS localization algorithm. Therefone,order to remove outliers, the localization aitjon
makes use of studentized residuals (where residiral is divided by an estimate of its standard
deviation), a common method of detecting outlierstatistics. Outlier detection is performed after
algorithm has converged, so that the most outly@sidual can be removed as a constraint from tiezti
system. This will potentially enhance the overaltdlization result, and can be iterated while the
algorithm still converges. Girod observes that:at¥grage residual error itself is not a good metric
determine a bad fit of coordinates (when grounthtis not available), and in his experiments, 2jtth
there was not an obvious relationship between geerasidual error and average positional error.
However, there was seemingly a relationship betwester-constrained nodes and positional error,
pointing to a potential metric which can accountdwerage residual error and under-constrainedsjode
although average constraint density is not likelpé¢ sufficient on its own.

Over several experiments in different, semi-obsédi@nvironments, ten nodes were localized with an
average 2D error of between 4.4cm and 11.1cm oneBlax 50m area. The average 3D error was
between 26.0cm and 57.3cm — this difference wasaaelack of variation in the Z axis for localiiat
experiments. In practice, it is sometimes posdiblmake use of a 2D solution by adjusting the pitkd
roll of the nodes such that their local arrays approximately planar. This is useful if the user's
confidence in the 3D solution is low.

Evaluation

The self-localization system alone will now be exsad with respect to the performance criteria
established earlier in this chapter — scalabiigGuracy, cost and coverage. It has been estatlahbe
start of this section that the dominating requiretsavith respect to the application under discushiere

are geometrical accuracy and robustness to ramgiong, and that the system meets these requirerngnts
taking advantage of the hardware required for thplieation. In terms of scalability, although the
algorithm is anchor free, the processing it perfiim centralised, and comes at a large computationa
cost. The assumption in this case is that the nurmbaodes deployed will not be so large to take an



unreasonable amount of time for the algorithm toveoge on a solution (order of minutes). The
algorithmic complexity in this case @N), which precludes the use of this algorithm fogé&networks.

In terms of cost, the localization system is expens requiring high sample rate audio. The platfor
has plentiful resources (64MB RAM, 400 MHz ARM CPRUW}se of which comes at the expense of a
shorter battery life. The hardware expense is wtdedable in the context of the application — atious
source localization requires multiple microphonesmmputationally expensive signal processing
technigues and data sampled at high rates. The awnfs that aid the localization — time
synchronisation and node-to-node state sharingaineconstant communication (at least 1 packetyeve
4 seconds per node), which is not conducive togower operation. The system is highly accurate emor
than meeting its positional requirement in 2D (waase 10cm error) and just going over 0.5m emor i
3D, due to the local array configuration (as praslg noted). Special care is given to robust behayi
but the cost for this is a high number of measuresmfor each node — the localization algorithm nesgu
an over constrained linear system to remove ostliém a topology where the number of range
measurements per node is low, outliers are likelggcome difficult to remove, or even identify;sthé
likely to be encountered in larger networks. Beeathg localization algorithm is computed centrallth
all measurements, coverage is either 0 or 100%=alti@rithm either converges on a result or it doats
This is clearly a problem for scalability.

To conclude, in maximising the accuracy and rasiéeto measurement noise, the localization system
becomes constrained in scalability and unconstdaiime cost (power usage, message sending, and
computational complexity). This is intuitive if orimagines the criteria in tension — one cannot be
maximised without affecting the others. This woglgem to limit the generality of the localization
approach, but one could argue that any self-loatdin motivated by a specific application (ratheart
application class) will make similar optimisaticdlsmaximise performance.

Counterpoint

As a simple, brief counterpoint, and with the ambting the points discussed so far into a shdiqurrs,
the requirements of a different application are parad to see to what extent the previous locatinati
procedure would suit them. In this motivating exéanp WSN network is deployed over a forest in orde
to monitor it for potential fire events. Nodes hetnetwork acquire temperature and humidity datzasis
of the calculation of the Fire Weather Index, téphgredict dangerous areas for fires. This preaolicts
intended as an “early warning” system and the nekwll localize areas in the forest which are High
likely to have fires (as well as detecting firesemtthey occur).

Forest fires usually occur in summer, and it isismyed that the network will be deployed before and
removed (or replaced) after summer, hence needmgimum lifetime of at least 6 months continuous
operation. Since the deployment area is not likelye dangerous at deployment times, it can baraesu
that nodes will be manually deployed, but thataiersurveying processed are too expensive foritee s
of the network. The individual constraints on thedlization performance are discussed below.

Scale and density

This network is likely to be far larger than theoastic sensing network, in terms of number of nodes
required and area to be covered. The network igined| to be dense in terms of communication —
between 10 and 20 neighbours on average is ideaidore reliable multi-hop communication paths and
allow for duty cycling. Deploying 20 nodes over gv&é00m by 100m area is likely to be sufficient to
maintain at least an average degree of 10 per node.



The fire must be related to an actual physicaltfmsi so there must be at least some nodes in the
network which are GPS-enabled. However, it is uisoaable for each node to be equipped with GPS, as
there is a strong likelihood that it will be renel@ruseless under the forest canopy. Therefore nodes
equipped with GPS could be deployed around thesedfi¢he forest, acting as anchors when required.
These nodes would not necessarily have to haveatime sensing capabilities as the general netwodk, a
as such could be used only when required for Ipadin.

Cost

Network life-time must also be maximised, meanihgttradio communication must be kept to a
minimum. Ideally, nodes will be duty cycled to takévantage of the deployment density. Additionally,
when considering concrete solutions to the forest &pplication, hardware cost becomes a factor,
meaning that it is not only the power consumptiost¢hat must be considered, but also the pereosit

The overall cost of the network will limit how mampdes can be purchased, and so accurate ranging
hardware will most likely have to be traded off ®mpler, cheaper ranging approaches which are not
extra to the application functionality of the syatesuch as RSSI ranging for example.

Accuracy

Fire event localization is unlikely to be performed the same way as acoustic localization. The
resolution requirement of a fire’s geographicablian is related to the type of material on the&bifloor

and how flammable it is. Estimating the fire pasiticould be as coarse as the nearest 100m, ahd stil
acceptable.

Coverage

Attaining 100% coverage is important for this apgtion. If any nodes exist in the network which are
capable of flagging fire events, but that havebesn localized, the network is not meeting its iggtibn
goals.

Summary

To summarise, the overriding constraints in thigliaption are cost (node price and power consumjptio
network lifetime and scalability. In order to méleése constraints, it is likely that the networkll Wwave

to compromise on accuracy. This accuracy traddasofikely to be manifested in a simple ranging
mechanism — highly accurate ranging approaches asciudible acoustic or ultrasonic time of flight
represent an extra expense which the nodes camstiftyj In this case, a distributed algorithm would
seem to be the best approach. It would not hausetanchor free, although the anchor density would
most likely be low, and at a low duty cycle.

It is clear that the approach that the Acoustic BWSnetwork uses would not work for the forest fire
application — the hardware is too heavy weight ¢aldvith the constraints of the application, ane th
battery life is not suitable for a long-lived amatiion. The NLLS localization algorithm is too sfiecto
apply to this network, where no angle of arrivalasiwements could be taken. Also, the computation of
the algorithm is not scalable without modification.

A LOCALIZATION ALGORITHM DEVELOPMENT CYCLE



The development and evaluation of a localizatiagoathm should be considered in its entirety — this
implies theoretical modelling and simulation aslvesl real-life validation of the algorithm. Eaclhge of
the development should characterise and validagesific aspect of the algorithm. Simulation valéeta
how the algorithm can operate under controlled,ukdated conditions — this verifies that the algarith
functionscorrectly. Emulation verifies that the algorithrmncwork correctly usingmpirical datathat
reveals conditions which are hard to simulate. Reéalvalidation shows that the algorithm can waork
target environments and with the hardware platfoniigh are being targeted to support it.

Whitehouse et al (2004) propose that whilst sinmiais different from real-world performance, one
would expect it to béndicative (within some error bound of empirical results) aedisive(an algorithm
which performs best in simulation should perfornstbie reality). Therefore, when one is evaluating a
localization algorithm against others, one must enakire it performs better in both simulation and
realistic deployment.

The verification and validation of a localizatiotgerithm at each of the four stages (modelling,
simulation, emulation and deployment) becomes regpensive in terms of (at least) time and costas w
approach real-life deployment. The value of simatdemulation comes forth with respect to scalapili
and low cost of entry for researchers — there arembedded hardware requirements.

Simulation

Researchers can use simulation to simplify somethef difficulties of real deployment (time
synchronisation, for example) such that any alparit flaws can be isolated at an early stage. Figr t
reason, it is not sensible to try to start withsith deployment without simulation verification.
Environments such as Matlab, ns-2, OmNet++, Ptolemg¢ EmStar would be used to simulate the
performance of localization algorithms. Differeihalation environments allow lesser or greater mant
over node and network parameters relevant to latidin. Simulators such as ns-2 and OmNet++ aim to
provide the user with accurate models of wirelaspagation and protocol performance, providingghhi
level language in which to implement simulationkeif wide academic use is desirable for consistency
between institutions in a way custom simulatorsncamguarantee. Custom simulators can be designed in
a variety of languages (Java, C and its variaf&)lemy provides a hugely powerful framework for
modelling, simulation and design of embedded systersing graphical techniques to create state
machines, akin to Matlab’s Simulink. Developmeuinfieworks like EmStar allow researchers to develop
end-to-end wireless sensing systems, allowing #mescode to be used for simulation, emulation and
deployment. Hardware specific simulators, such @s3$IM and AVRORA can be used when accurate
profiling is required (in power consumption anasydor example). There also exist localization #jec
simulators, such as Silhouette by Whitehouse (2R20d6) and SeNeLEXx, RiST by Reichenbach (2006).

These environments do not need to be used in imojaif course — measurements and observations
derived from one could be used as set-up paramiteanother, or to help inform custom simulation
software.

Emulation

Using empirical data to inform simulation parametatues, rather than purely calculating them (for
example, ranging or communication data) represami&ddition to the realism of a simulation. Emgitic
data sets can capture some of the environmentfgpeffects that simple models cannot. T3tistical
Emulationmethod proposed by Whitehouse et al (2004), isxample of gathering a data trace in-situ,
and using it to power a realistic localization slation (thus making it an emulation). Part of the



challenge of performing this type of emulation &hgering a data set which represents the envirohimen
sufficient detail. Whitehouse (2004) gathered radgta using 20 ultrasound enabled nodes that have
been arranged in such a way that all ranges bet@&am and 4.5m (at 0.25cm intervals) can be
measured. This captures environmental specificlpnody such as non-estimates (range could not be
measured) and node-to-node ranging variations ¢ed by electronic or mechanical differences between
nodes). Whitehouse uses this range data set itMhtiab based Silhouette localization software to
investigate its effects on the performance of ssEecalization algorithms, comparing the resulithw
pure simulation and finding a disparity betweentikie. Similarly, real connectivity data can be gatu
from a test bed and pushed into a simulation, icrgan emulated system.

One of the most powerful emulation frameworks tteda EmStar (Girod et al 2007). EmStar allows
the user to perform simulation, emulation and degloyment using the same framework. This means
code developed and simulated can be cross-compihelltested on real embedded hardware. This
approach is advantageous as there is a reductidheirmmount of porting required. EmStar allows
network connectivity to be emulated in real-timengstest bed data, making it a powerful tool for
transitioning to real hardware from simulation thgh emulation.

Real Life Deployment

The strength of using test beds lays in actuallgdbable to run algorithms on real hardware, arttigga
non-simulated data. This can be particularly usdéul testing radio communication, for example.
However, creating localization test beds can often difficult because algorithms are affected by
environmental context. Ranging mechanisms will nigsly work differently indoors and outdoors, for
example if signal strength is being used to deteemange or location. Evaluating an algorithm dast
bed in a different environment than the applicattargets may give an incorrect indication of the
algorithm’s performance.

Real life deployment of a localization algorithm ls&rdware in an indicative environment (i.e. simila
to where the real network will be deployed) is thest important evaluation of a localization algumit
Unfortunately, it is also the most time consumimgstly, and error prone aspect of localization
evaluation. An in-situ evaluation of a localizatiatgorithm will most likely be as demanding as alre
deployment of the network in terms of planning, ldgment equipment and time taken to deploy.

The deployment phase of localization algorithm es&tbn is also the most error prone and
unpredictable, so researchers should have a dkfdde of how and what data needs to be gatheteal. T
aim should not be to perform a large amount ofitgstout to have well directed and easily planned
experimentation. Software will most likely needite adapted to work correctly in the field, and wors
case scenarios (what to do if pretty much everytffiails) should be planned for. Several days shbeld
set aside for deployment, with the understandimg the likelihood is high that things witlot work as
expected first time.

CONCLUSIONS

When evaluating localization algorithms, it is ditflt to separate the issues arising from actual
deployments from theoretical drawbacks and comggaof various algorithms. From a theoretical

perspective, it is desirable to have an algorithat is independent of the ranging technique used an
platform capability, as well as being robust to tfeployment environment and generic with respect to
application requirements.



Given that a WSN is deployed for some realisticygidal monitoring and processing aim, the
localization algorithm designer should always hamme set of motivating applications in mind,
throughout the design process. These can be gertasaks of applications such as tracking anditotat
awareness or very specific, clearly specified aagibns such as forest fire monitoring and aninadll ¢
localization. Different applications will place fiifent weightings on the various criteria discussethe
start of this chapter — scalability, accuracy, cage and cost.

In conclusion, evaluating localization algorithnssniot to be underestimated by researchers. In order
to fully evaluate a localization algorithm, its flemance must be tested in simulation, emulatioth an
realistic environments. Both the design and devalqt process for new localization algorithms ared th
process of selecting a “best fit” algorithm for articular application requires consideration of ttzsle-
offs between accuracy, cost, coverage and scalatfie localization system needs to achieve. Algiou
simulation is the least costly and most used tookfaluating algorithms within the WSN domain, hwit
respect to localization researchers must be awfahedimitations of purely simulated models, esplyg
for radio communication and inter-node distancaregton.

The use of metrics to describe the quality of lizeagion is important for all evaluation criteriaytb
possibly most notably for accuracy evaluation. gdiuclidean error is the simplest, but not alwdnes t
most telling way of measuring how well a localipatisolution “fits” ground truth. Also, when ground
truth is not available, an equivalent metric mustfund which tells the user how well the localizat
estimate matches the initial constraints (sucmi&s-node spatial estimates).

Considering the domain’s state-of-the-art, beinlg &b instantiate a specific localization algoritlign
still not an easy thing to do. Even after choosintpcalization algorithm that is most suitable tbe
motivating application, it is likely that researchewill still have to implement it on specific havdre
(with relevant ranging measurement mechanisms,pflieable) before being able to evaluate its
performance.
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