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Abstract

In this research we present algorithms for the distributeti@llaborative localization of nodes
for applications in wireless sensor networks. The algorghare distributed in the sense that
each node can estimate its own position using only rangenr#gtion and position estimates
from neighboring nodes. The algorithms aim at achievingigaexuracy with low computational
complexity and low energy consumption. We consider thel@alization process consisting of
an initialization stage followed by a refinement stage.

For initialization, we propose lailaterationalgorithm where each node uses a set of anchors
and their respective ranges to solve a set of circle intémseproblems. These problems are
solved through a purely geometric formulation with low cartgiional complexity. The result-
ing circle intersections are processed to pick those thatet together and then take their average
to produce an initial node location. For the refinement stagadevelop an iterative collaborative
variation of multilateration where all sensors solve aisigtconstrained optimization program
to find position updates which are used on the next refinertenation. We introduce two types
of objective functions: local and sub-local. In the locad€aeach sensor tries to minimize the
mean absolute range error with all its neighbors simultaslgo In the sub-local case, a node
sets a separate objective function with each of it neighandsproduces a set of solutions which
are averaged to produce a final update. Our distributeditdigws are characterized by a spa-
tial constraint that limits the solution space to some regitound the current position estimate.
This constraint allows all the nodes to update their pasisionultaneously while achieving con-
vergence. In general, simulations show the local objedtmetion performs better than the
sub-local case. We note that the proposed approach has tatiopal characteristics that allow
its deployment on real mote hardware.

Furthermore, we introduce a simple stopping criterion Basea local threshold that re-
laxes the absolute distance change between position g dséealso introduce a realistic energy

model that models consumption at the processor cycle artdabismission levels. The model

Vi



characterizes energy consumption for the localizatiocgse over the complete network. Com-
bining T with the energy model, experimental results show that weledermine the best tradeoff

between energy and accuracy performance for a given enedgeh We conclude that there is
a strong dependance on the initialization scheme, and hiatige of local objective functions

provides a better accuracy-energy tradeoff in our simuhati As far we know, there is not a

research in WSN localization that presents such a detailalysis of energy consumption in the
localization process.

Finally, we develop schemes for location refinement basetherobservation that nodes
inside the convex hull formed by the anchors tend to proviogtpn estimates with smaller
error. This work leads to a novel refinement step that appdies! the nodes in the network,
and achieves an excellent tradeoff between accuracy amgyeocensumption. The refinement
step solves another multilateration optimization problesing the Levenberg Marquardt algo-
rithm. Evidence shows that even for large values thfe algorithm finds a solution that provides

significant improvements on accuracy with minimal energstgo

Vil
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Chapter 1

Introduction

1.1 Wireless Sensor Network Localization

Wireless sensor networks (WSNs) are making inroads intortbst varied applications. They
offer the ability to acquire information at spatial and tiseales which were difficult, expensive,
or impossible to achieve previously. The low cost of the moaled the savings on infrastructure
allows deployments of tens, hundreds, or even more devipap@ed with application specific
sensors. WSNs are a technological breakthrough that iggaiathe social landscape as they
are integrated into different aspects of our lives like tieahre, homeland security, infrastructure
monitoring, and transportation to name a few.

On a WSN it is a common assumption to deploy sensors over arre@gth limited to non-
existent control on the position of the motes (i.e., sensales). This situation has given rise
to a significant amount of work on self localization schemasWSNs [74, 57, 64, 1]. The
problem of WSN localization is preceded by work on target smarrce localization for military
and communication applications using geometrical (eageration) and signal processing (e.g.,
beamforming) techniques [14]. Localization has been aneatrea of research in WSNs from
the beginning. Knowledge of the node positions is crucialtiablish the network topology, track
objects, monitor an event, determine the quality of coveragpve data through the network, and
to determine spatial/geographical relationships for daitzing and signal analysis. Moreover,
since many of phenomena under analysis may exhibit loc#tiéen it is also desirable to provide

proximity relationships among the nodes for in-networklgsia and decision making.



1.1.1 Range Estimations

Range-based techniques estimate the true distance bdim@sansor nodes using timing, power,
and/or angle measurements. Timing is considered the mostate technique to estimate the
distancedjj between a senserand a sensas;. It is based on the time of flighTOF) of a signal
(e.g., acoustic or RF), which basically presents two maidali The time of arrival ToA) and
the time difference of arrivalllDoA). These techniques require additional sensor hardware to
detect signals (radio frequency or acoustic) and make atetiming measurements. Knowing
the ToF from sensors to sensorsj and the velocity of propagation of a signg, the distance
between the sensossands;j can be primarily formulated a; = v, - ToF. However, this first
approximation does not take into account many factors teraal environments (e.g., additive
noise and multipath signals) and internal time delayson the nodes. Thus, tieDoAtechnique

is used to overcome the time delay problem.

Consider a sensa that should estimate its distandg to a sensos;j. The sensos sends
two starting— signalsto the sensos; via RF and the acoustic medium as shown in Figure 1.1.
The RF signal immediately starts a timer in the sergaat timets and after a little time the
acoustic signal arrives to the senspstopping the timer at timf,; consequently, the estimated
distance between the two sensors can be fourt &s (ts—tp) - vs, Wherevs is the speed of the
acoustic signal. This technique provides a good approxim&b the true distance, but it requires

extra hardware on the sensor node.

Sensor s,

jeubls

Sensor s;

Figure 1.1:TDoAbetween two sensors

One variation for the TDoA ranging technique consists orchyonizing all anchors; (i =

1,...,M using the technique described in [29]. Once synchronizedtjpre signals are broadcast



at the same time by the anchors as shown in Figure 1.2.

. T
) *%o; S Ay
*pl( _____ T_O_AIE_____.
/
/
/
/
/
Ny
S,/

Figure 1.2: TDoA Method

Next, sensos measures the TDoA using the ToAs of anchors and solves forTfaprocess
is as follows. Let us to consider the teifoA; as the time of arrival measured by sengdrom
a signal that comes from the anctagrand so on. Next, assume that edaA is composed by

aTp and aToF. The analysis for three ancho('aj,ak,a|) can be represented in the following

manner:
ToA; = Tp; + Tok;
ToAx = Tp, + TOFk (1.1)
ToAl = 1tp, + Tok.



Hence, thel DoAfor every pair-anchor combination can be calculated asvid|

TDoAy = TOAj—TOAx = (Tp, +TOR;) — (To, — TOF)
TDoAy = ToAj—ToA = (tp,+ToRj)—(tp, — ToR) (1.2)
TDoAq = ToAk—ToA = (tp,+ToFy)—(tp, —ToFR).

Now, considering that every anchor has the same time dedagiissiornp,, = 1p, = Tp,, the

equation (1.2) can be rewritten as

TDoAx = ToAj—ToAx = Tokj—Tokk
TDoAy = ToAj—ToA = ToR;—ToR (1.3)
TDoAq = ToAxk—ToA = ToFRx—TokF.

Consequently, using (1.3) senspsolves for the ToF on the anchors. As a result, the estimated
distances to each anchor can be easily calculated. Theydf@aT DoA scheme eliminates the
Tp problem introduced by the transmitter. Another way to ugeTtBoAtechnique consists of
using the cross-correlation between two signals (one knoyvthe receiver) where the largest
cross-correlation value between the received and the kisaymal corresponds to, [10].

Received signal strength (RSS) is another ranging tecknigised on the measurement of
the signal power. This technique is popular because sens@srdo not require special hardware
support to estimate distances. As a first approximationsidening the free space path loss
model, the distancd;; between two sensoss ands;j can be estimated based on assuming that
the power signal decreases in a way that is inversely prigpaitto the square of the distance
(%) However, in real environments the signal power is attezuiby a factod—"r. The path-
loss factomy, is closely related to geometrical and environmental factand it varies from 2 to
4 for practical situations [52]. Also, in realistic envirments the signal power is affected by the

noise or shadowing effect. An empirical model that integgahe mentioned factors is given by
[56]



P(d) = Po(do) — 10n,l0g10 (d%) +po, (1.4)

wherePy(dp) represents the measured power in dB at the reference disfarfiom the trans-
mitter andP(d) is the measured power at the distadc&hepg represents a zero mean Gaussian
random variable with standard deviatiorin decibels (dB). This random variable takes into ac-
count the shadowing effect. The last two models (ToA and t88)Rwill be described in detail

in section 4.1.

1.1.2 Localization Techniques for WSNs

The simplest way to determine location on WSNs consists tefgnating a global positioning
system (GPS) in each sensor. This option has the advantaggogfaphical precision, but in-
creases the cost, energy-consumption, and the size of gthiee parameters that always should
be minimized in a WSN). Also, GPS requires line-of-sightiestn the sensor and the satellites
[58] which is not possible on indoor environments. A moreceéfit scheme from theost-
energy-precisiomoint of view consists of equipping only a small fraction loétmotes with GPS
capabilities. These motes serve as anchors or referenes mddch can be used by the remain-
ing sensors to estimate their own positions using the ettimanges (i.e., distances) to them.
Methods to estimate the range among sensors can be the tianevadl (ToA), received signal
strength RSS, or angle of arrival AoA) as described in last section [24].

Commonly a distributed WSN localization scheme consistsvofstages: initialization and
refinement. In the first stage each unknown sensor shouldlbéabstimate its initial position
by using a set of reference positions (i.e., anchors) anddahesponding range measurements.
On the second stage, each sensor uses an iterative algtwiterestimate its own position based
not only on the anchor information, but also on the curresitmms and the corresponding range
estimates for each available (i.e.,wireless connectadhher sensor.

The initialization step requires the derivation of a ranggneated; j between an unlocalized

sensoss (fori = 1,2,...,N) and each of the available anchor node¢for j = 1,2,,...M). These



estimates are affected by environmental conditions ancises like RSS, they are more severe
as the separation between nodes is increased [2]. Henceajtah positionx’ (in Cartesian
coordinates) fors is typically set as the solution to an estimation or an opation problem.

For instance, a least-squares problem can be defined as

¢ —argmin (x| -, 19
=
where eacly; corresponds to thknowncoordinates of; , and the normj| - || is the Euclidean
distance. Hence, the initial locatiodi is selected as the one that provides the best compromise
for all (:T., Given the possibility of having large range errors (paitacly if the anchors are far
from the sensor) and a small number of anchors, the solutjosisould only be considered a first
approximation. Further processing should be done to ingoovefine the locations for .

Next, on the refining process the localization problem bex®more complex because we
need to consider additional information which can be olt@ifitom all neighboring sensoss.
This information includes position estimates and the naggiformation between eachand all
its neighbors using the ranging techniques mentioned aliteece, the information available to
eachs is highly unreliable.

In summary, the WSN localization problem is commonly models non-convex with non-
linear constraints where a non-linear optimization aldponi should be applied to obtain the best
solutions. A variety of methods have been proposed: lepstres optimization (described be-
fore), quadratic programming, penalty and augmented lraygaa methods, sequential quadratic
programming (SQP), and interior point methods [48]. A moe¢aded information about the

state of the art in WSN localization is described in the nekisgction.

1.1.3 Related Work

If a WSN localization problem is formulated as in (1.5), norear least-squares (NLLS) opti-
mization algorithms can be used to solve the localizatiablem; this non-linear optimization

problem can be solved using either Gauss-Newton or Quastdtemethods [48, 44]. However,



it is known that NLLS methods are suboptimal (do not reachallconvergence) in general [11].
Some variations of this method have been proposed to impghavaccuracy; such is the case of
the Weighted Least Square approach (WLS) [11]. Unfortupatieis option is also subject to
local minima and requires a sufficiently close initial guesghe true locations to ensure global
convergence [43]. In [44], an iterative descent proceduee, (Gauss-Newton method) is used
in a centralized way to solve the NLLS problem. Also, if therpygise error measurements are
considered Gaussian distributed, the Maximum Likelihddd) centralized method proposed in
[49] can be stated as NLLS problem; thus, the problem can bedderatively [11]. Another
interesting centralized scheme was proposed in [20] wiher8tSN localization problem is mod-
eled as linear or semidefinite program (SDP), and a convemattion is used to solve problem.
The centralized algorithms solve the localization problera base station or processing center,
where all pair-wise distances are gathered via wirelessmnégssion. Thus, energy-conservation
and robustness of centralized schemes are affected bytierkesize, topology, and mote range
[67, 74].

On the other hand, if the mathematical model for the WSN Iaatibn problem can be stated
and solved on a distributed form (i.e., each sensor being tabéstimate its own position), the
amount of wireless communications among sensors could degtlgreduced. Moreover, the
whole WSN can be tolerant to node failures. Recently, masgriduted algorithms have been
proposed coming from different perspectives. In [31], agtalistributed weighted multidimen-
sional scaling (dwMDS) that corresponds to the WLS apprasg@inoposed. This algorithm is a
variation of classical centralized MDS. In a similar way3Jlising the NLLS approach divides
a global optimization function, subject to non linear getnoal constraints, into local optimiza-
tion functions that are solved in a distributed way through Gauss-Newton method. In [40],
a robust least squares scheme (RLS) for multi-hop nodeitati@n is proposed. This approach
reduces the effects of error propagation by introducinggalegization parameter in the covari-
ance matrix. However, the computational cost to mitigageditiverse effects of error propagation
is too high at energy-constrained nodes. Similarly, th@@nstof [71] propose a Quality of Tri-

lateration method (QoT) for node localization. This appioprovides a quantitative evaluation



of different geometric forms of trilaterations. Howevdrseéems to be that the main idea of this
methodology depends on the quality or resolution of geamfetrms (i.e., like image processing)
which is impractical to be implemented in resource-coms¢gdevices with limited memory and
processing capabilities (i.e., nodes). Also, a divide-andquer approach was proposed in [26],
where graph theory and a penalty function are used to mieimiglobal optimization function.
Other localization algorithms have formulated the WSN liazegion problem like a SDP problem
where interior point methods are successfully applied #&], The main idea behind the SDP
formulation is to linearize quadratic constraints (i.@nfconvex) using relaxation [15]. Thus, the
resulting convex optimization problem can be solved effitiein polynomial time [6, 36, 61].
Using a different approach, a push-pull physical model @iaed in [38] to design a distributed
localization algorithm, where force vectors are used tmtteely re-estimate the positions of

each unknown sensor until convergence is achieved.

1.1.4 Optimization Concepts (Local and Global Solutions)

According to [32], the mathematical formulation for a loaakconstrained minimization function
consists of finding the minimum of a real-valued objectivediion f (x) of N variablesx € RN,
where the independent variablaés not subject to any constraints, and the functfois defined

for all x. A general formulation can be stated as follows:

arg minf (x), (1.6)

X
where the solution implies to find a poixit such thatf (x*) < f(x) for all x close tox*. On the
other hand, if the objective functiof(x) is defined over a set of poinktsbelonging toQ, which

should satisfy certain constraints, the local constramedmization function can be stated as

arg minf (x), (1.7)

XeQ
where the solution implies to find a poixt such thatf (x*) < f(x) for all x € Q close tox*.

Global Solutions are much harder to find than local solutigdi®bal optimization methods



have the harder task of determining the smallest local miminfi.e., the global minimum) of
a finite set of local minima. Formally, global optimizatioarsists of minimizing a real-valued
function f (x) through independent variablgss RN. It is common to express this kind of global

unconstrained minimization functions like

arg minf (x) forall x. (1.8)

X
In the case of global constrained optimization, the vagab$ constrained to a certain set of

solutions. Thus, the global optimization function can lzest as follows:

arg minf (x), (1.9)

xeQ

where the solution implies to find a poixt such thatf (x*) < f(x) for all x € Q.

1.2 Problem Description

Geometric concepts are strongly involved in the matheraktideling for solving WSN lo-
calization problems. The mathematical model for realiptcblems commonly results in a no
convex optimization problem that tends to be computatigradmplex with a finite number of
local minima (generated by the noisy range estimationsghvtio not guarantee to find globally
minimal solutions [9]. Let us describe this mathematicaldelcas follows: consider a set of
N sensor nodeS = {s1,%,...,5}, randomly deployed over a 2-D region whose locations are
unknown. We represent these unknown locations with [x;,yi]" and their true locations with

zi = [x,Yi]T. Further, we assume the presenc#adinchor nodes equipped with GPS or a similar
scheme to self-localizA = {aj,ay,...,au}, also randomly deployed over the same 2-D region
with known locationsgy = [, Y«]T. Also, for practical situations we are consideriNg< N
with M > 2 in a 2-D scenario, but it can be easily generalized to thecad with the condition

M > 3. To keep our description simple, we identify the anchorasssimply asnchorsand the

non-localized motes simply agnsor nodesiodes or sensors



Moreover, we assume that ideally any sensor can estimatgipairanges with its neighbor
sensors using time-of-arrival (ToA) or received signagsght (RSS) techniques [24], if these
neighboring nodes are within a radio ranige For example, the range estimate between the

anchora, and nodes; denoted as

Rik = R« = dik + e (1.10)

is available for théth node ifdk = ||zi — qk|| < R. The variablesy represents an error introduced
by the environmental noise, propagation distortion, ardrémging technique. In a similar way,

the range estimate between two sensor ngdasds; denoted as

rij =rj = dij +&;j (1.11)

is available for théth node ifdij = ||z — zj|| < R.

If we consider that each node is able to estimate its dist@nge using DV-hop [45] in multi-
hop environments) to at least three non collinear anchaxd) aode will be able to estimate its
own initial location using lateration techniques [35]. Hoxer, most lateration algorithms spend
too much time and energy-consumption to find raw initialreaties, which in practical situations
have a significant impact on the robustness and convergéiice algorithm [48].

Basically the problem in WSN localization consists of estilmg the unknown position for
each sensa; such that the norms of these positions minimize the ressduigh the correspond-
ing rangegj andRy. The solution to this problem is one of the most challengirgpfems in
WSNs. The problem can be mathematically formulated as thenwfimg Global Optimization
Function (GOF)

LIt is assumed that all sensor nodes have the same circularage/range given by a value R

10



argmin 5 [|pi—pjl[—rij|+ 5 [lIpi— okl — R
(i,j)eNr (i,k) MR

such that (1.12)
Nr={(i,i) i< ]|z -zl <R}
Mr = {(i,K) |, |z —ak|| <R}

where the set of locations L = p1,p2, . . . ,pN is the solutiothtoglobal optimization function.
As described before, the localization problem results im@a-lmear, non-convex, and NP-
hard problem; and our challenge consists of solving (1.1#) an efficient algorithm. By effi-
cient we mean a distributed algorithm which can be able teigeohigh localization accuracy
and low energy consumption when compared with well knowtestéthe-art localization algo-

rithms.

1.3 Scope of Research

In recent years, the use of WSNs has had a wide range of patepplications in environmental
monitoring, reporting, prediction, health monitoringdirstrial processes, target tracking, detec-
tion of natural disasters, smart homes, and military appbnis. Here, the location accuracy is
a fundamental issue that affects the performance of suctioned applications. Node localiza-
tion algorithms have been extensively studied, and the wayplve the location problem comes
from different perspectives [23].

In this research, we propose localization algorithms wlaiich at achieving good accuracy
with low computational complexity and low energy consurapti To achieve this objective we
consider the full localization process. From our point awithis process consists of an initial-
ization stage followed by a refinement stage.

For initialization, we propose a bilateration algorithmemé each node uses a set of anchors

and their respective ranges to solve a set of circle intemeproblems using a geometric for-
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mulation. The solutions from these geometry problems avegssed to pick those that cluster
around the location estimate and then take their averagetupe an initial node location.

For the refinement stage, we will present an algorithm thasists of a variation of multi-
lateration. The algorithm is an iterative collaborativegess where all sensors solve a spatially-
constrained optimization program to determine positiodaies which are broadcasted to con-
tinue position refinement over the next iteration. We introebl two types of objective functions:
local and sub-local. In the local case, each sensor triesrtiomze the mean absolute range error
with all its neighbors simultaneously. In the sub-localeahe objective function is actually
a set of objective functions were the range error is satidfetdreen a node an each one of its
neighbors separately. A final solution is found be averathegub-local solutions.

Our iterative algorithm is characterized by a spatial c@mst that limits the solution space
some region around the current position estimate. Thistcinsallows all the nodes to update
their position simultaneously while achieving convergena general, simulations show the local
objective function performs better than the sub-local cA8¥e note that the proposed approach
has computational characteristics that allow its deplaye real mote hardware. Furthermore,
we introduce a simple stop criteria based on a threshdleht relaxes the absolute distance
change between position updates. Each node stops updiipgsition oncea is exceeded.
We performed an extensive evaluation of the tradeoff batvieealization accuracy and energy
consumption. This is a key metric for an iterative scheme @swant to minimize the number
of wireless transmissions/receptions (the most energgresipe operations on a WSN) while
providing the best localization accuracy. Obviously thase conflicting goals; as increases,
the cost of wireless communication decreases while thdizat@mn RMSE increases. We found
that there is a strong dependence on the initializationmeelend that the local objective function
provides a better accuracy-energy tradeoff.

We introduce a realistic energy model that models consumgztt the processor cycle and
bit transmission levels. The model characterizes energguwaption for the localization process
over the complete network. Experimental results show tinader certain network conditions,

it is easy to determine the best tradeoff between energy exutacy performance for a given

12



energy budget. As far we know, there is not a research in W8alilation that presents such a
detailed analysis of the energy consumption in the WSN ipatbn process.

Finally, we developed schemes for location refinement baseithe observation that nodes
inside the convex hull formed by the anchors tend to provid&itipn estimates with smaller
error. This work leads to a novel refinement step that appdiedl the nodes in the network, and
achieves an excellent tradeoff between accuracy and egerggumption. The refinement step
solves a new multi-lateration optimization problem usihg tevenberg Marquardt algorithm.
Evidence shows that even for large valueg ¢the stop criteria threshold), the algorithm finds
a solution that provides significant improvements on aaguréth minimal computational and

energy costs.
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Chapter 2

Anchor-based Algorithms for Initial

Position Estimation

2.1 Problem Definition for Single-Hop Localization

Consider a set oN wireless sensor nod&s= {s1,%,...,Sn}, randomly distributed over a 2-
D region whose locations are unknown. We represent theseownrk locations with vectors
Zi = [xi,yi]T. Further, we assume the presence of aAset {a1,ay,...,av} of M reference or
anchor nodes with known positiar) = [Xj,yj:|T. Anchor nodesg;, are equipped with GPS or
a similar scheme to self localize. Also, for practical sitoasM < N with M > 2. We develop
our discussion assuming a 2-D scenario, but it can be easilgrglized to the 3-D case.
Moreover, we assume that any sensor can estimate pairwigegavith its neighbors using
time-of-arrival (ToA) or radio signal strength (RSS) teiiues [24]. Denote the range estimate

between the nodg and anchog; as
Rj =dij +8; (2.1)

whered;; is the true distance betweany ands;, andej represents the error introduced by en-
vironmental noise, propagation distortion, and the ragdgechnique. Then the solution to the
one-hop localization problem for a nodeconsists of minimizing the sum of certain weighted

error-distance function,(-) as follows:
M
f:argpmaneW(qu—piH—Rij), (2.2)
i =1
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wherep; = [>q,yi]T represents the most likely position for the sengdhat minimizes¥,

gl
represents the Euclidean norm, axdx) represents a function that provides an specific weight

to the argument (i.e., error distance). For examptg(x) = |x| or ex(x) = (x)? are the most used

functions due their tractability and efficiency in both matatical and computational analysis.
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2.2 Least-Squares Multilateration Localization Algorithms

In this section, we describe well known multilateration escies that provide solutions to the
Least-Square (LS) problem for location estimates usingyn@nging information derived from
ToA and RSS ranging techniques. We describe methods basgdsad-form solutions and an
iterative method using the Levenberg-Marquardt algoritiBoth methods rely only on anchor
information/measurements to individuality estimate tteavn position. The estimates can be

used as an initialization point to distributed algorithinattcollaboratively refine locations.

2.2.1 Closed-Form LS Multilateration

Closed-Form methods have the advantage of fast time piogasseful for constrained devices
(i.e., motes) where the energy conservation representsfdhe major concerns. However, this
approach is also subject to inaccurate estimates due ty rasiging measurements so in most
cases this approach is not a suitable option in real WSN siosnahere current ranging tech-
niques are not able to provide the required accuracy on tiggig measurements. For example,
Spherical Intersection (SX), Spherical Interpolation)(@ind Global Spherical Least Squares
(GSLS) [29] can solve a non linear set of equations usingcti@mulas. These approaches
provide good accuracy in the estimated positions underitiond like small biases and small
standard deviations, but they also provide meaninglegsa&ss under noisy environments [28].
A more robust closed-form scheme consists of using theickdsS multilateration discussed
next [12, 40, 66].

Consider that a senssrwith cartesian positiop; = [x,yi]" has already estimated its range
Rj to M anchors. For each anchay with positiong; = [x;,y;]”, an equation|q; — pi||* = R

is generated as shown the next formulas:
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qu_pinzRizl (x1—%)2+(y1—¥)?* =R}
2
loz=pil" =Rz = (e=x)*+ -7 =R, (2.3)
HqM_piHZZRiZM (xm —X)%+ (ym —¥i)? = RS,
The system of equations (2.3) can be linearized by subtigattie first equatiofj = 1) from

the lastM — 1 equations as follows:

(X2 =)+ (Y2 =y1)? =R — (. —%)? = (Y1 —W)*+ R =0
(X3 =%)?+ (Y3 —¥i)? — R — (1 —%)*— (y1— i)’ + Ry =0

(2.4)
O =)+ (ym = ¥i)? =Ry — (1 —%)? = (y1 = %i)* + R =0
After some manipulations we arrive to the following:
—2xXi + 221 + 2% + 2y1yi = R — R X4 + Y] — %5 —y3
—2XaX; + 2ya¥i + 2X1% + 2y1yi = R —RE + 3¢+ —x§— 3 2.5)
—2XM%; +2ymYi +2Xax; + 2y1yi = Ry — R 3¢ +YE — X — Yir,
factorizing we have
—24(x—x1) = 2yi(y2—y1) = Ro — R4 +X¢ +Vi — X6 — V5
—2%(xm —X1) — 2yi(ym — Y1) = Ry — R +X3 + Y] — % — Yins
then we arrive to a linear system that can be represented atrarform as
Ap; =b, (2.7)

where
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X2—=X1 Yo—W\1

_X J—
A_ 2 X3' 1 Y3.y1 (2.8)

M—X1 YM—V1

(M—1)x2

Re—RA+X+YI - %~ Vs

R — R21+X%'+y%—><%—y% (2.9)

2 \2_v2 _\2
| R —RAXE+YE =X~V | M_1)x1
Now the least square solution to equation (2.7) is to detegran estimate fgp; that mini-

mizes

f(p) =min{3/Api ~ bl |

_ (2.10)
= min{3(Api —b)T (Api —b)}.
After some manipulations we obtain the following:
N TATH | LpT
f(pi) = min) Spi A" Api—pi Ab+ b7, (2.11)
and the gradient of atp; is
vi(pi) =ATApi—ATb =0, (2.12)
which provides the estimate (i.e., normal equations) tagqo (2.7):
pi = (ATA)"1ATb (2.13)

Solving for (2.13) may not work properly AT A is close singular, so a recommended ap-
proach is to use a Tikhonov regularization as follows:

Forp > 0 (e.g., close to zero)
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; 2
fuPi) = min{3 1Api —bl*+ 4 i }

(2.14)
= min{3p! ATAp; —p[ATb+3bTb+5plpi} .
Then the gradient ofy, atp; is
v fu(pi) = ATAp; — ATb + pp; = 0. (2.15)

Factorizing we arrive to a robust estimate for the LS problenere the idea is to modify

Eigen-values to avoid working with zero Eigen-values [18, 4

pi = (ATA+ul)1ATh. (2.16)

2.2.2 lterative LS Algorithms

Iterative methods are usually employed either when lagga-det of information need to be
processed or when not exact solution to a certain probleeasilble e.g., non-linear systems of
equations [48]. Optimization techniques represent a gdtednative to solve such non-linear
equations using an iterative procedure. Optimizationrdlgms that solve Non-Linear Least-
Square (NLLS) problems (i.e., the WSN localization probldrave been extensively proposed
where the Newton or Quasi-Newton methods are iterativedylie minimizing some residuals
[13, 31, 44]. The next paragraphs describe two well knowraiiee algorithms that are used
to solve the NLLS problem: the Levenberg-Marquardt (LM) d@hd Trust-Region-Reflective
(TRR).

Assuming that a node denotgdwith Cartesian positiop; = [xi,yi]T, estimates its distance
Rj to M anchors denoted;, with positionsgj = [x;,yj]T, with j = 1,...,M. Consider the fol-

lowing residual error vector:
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Ri1— [|pi — da]|
Ri2—|pi — 02
R(pi) = | ) | 2.17)
| Riv—[[pi —aml|. |
Therefore, to find the more likely position pf, the program
. . (1 T
minf (pi) =min{ SR(pi)" R(pi) (2.18)

is solved, which is the least square problem.

To solve equation (6.3) we employ the TRR algorithm and thedliybrithm. The TRR al-
gorithm uses a sub-space trust-region method to minimiaectibn f (x). Here, approximations
to f inside of a trust-region are iteratively required. The ¢hneain concerns in this algorithm
are how to choose and compute the approximation to the fumdtow to choose and modify the
trust region, and, finally, how to minimize over the sub-sptuast-region. Even though the TRR
algorithm provides an accurate solution for the WSN ingistimates, it is expensive (computa-
tionally speaking) for constrained sensor nodes [17].

On the other hand, the LM algorithm uses the search direegipmoach (a mix between the
Gauss-Newton direction and the steepest descent dirgtetidind the solution to (6.3). This
algorithm is faster than the typical gradient descent natlagy, and also it avoids dangerous
operations with singular matrices as the pure Newton metlves, so this methodology repre-
sents a good algorithm for comparison due its robustnesgds@and accuracy [72]. Following
the procedure presented in [18], (6.3) can be solved by the Bearch Levenberg-Marquardt
methodology as shown the algorithm presented in Table 1renhé is the /-2 norm,! is the
identity matrix,R;j is the estimated distance between the ngotand the anchaa;, J(pk) repre-

sents the Jacobian &¥(py) at the iteration k, anil ¢ (pk) is the merit function given by

“RT(POR(). 219)
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The derivative of the merit function at the iteratikiis

Mt (p) = 37 (PK)R(PK), (2.20)

A\ Is the Levenberg-Marquardt direction,

= P37 (POR(PK) [, (2.21)
wherep € (0,1), and finally
1 M
po = M]_Zlqj (2.22)

provides the initial guess required for the TRR and LM iteeaalgorithms.

Algorithm 1 Levenberg-Marquardt methodology.
Require: an initial positionpg
Ensure: a solutionpy. 1

1: Initialize: k=0,1=Thresholdp = 0.05
do
Solve: (37 (pk)JI(Pk) + kil )ALm = —IT (PK)R(PK)
Find the sufficient decrease (Armijo’s condition):
such thatoy = (3)!fort=0,1,...
satisfiesM ¢ (pk + 0kAm) < M¢(p) + 10 4axM’s (p) TALwm
Update position: pxr1 = p + 0kALm
Updatep: 1 = p||3T (p)R(px) |
while(||pk+1 — pk/| < Tork < 100)

©ce N gkl ed
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2.3 A Bilateration Localization Method

In this section we introduce a bilateration method for WSdal@ation which can be used as the
initialization step for iterative localization schemesig algorithm avoids iterative procedures,
gradient calculations, and matrix operations that inaehas internal processing in a constrained
device. This part of the research was done independentlyeoivbrk presented in [39]. Even
though both schemes share the same idea (i.e., bilateratierprocedure and the scope of both
works are different. We show that it is possible to obtain aifan estimate by solving a set
of bilateration problems between a sensor node and its bergig anchors, and then fusing
the solutions according to the geometrical relationshipsrag the nodes. Our aim is to find a
scheme that can be deployed on a computationally constraioge. We argue that bilateration
is an attractive option as the localization problem is dddcbn smaller sub-problems which
can be efficiently solved on a mote. Next we start our devetyry introducing the typical
assumptions and definitions considered in a WSN localiagiroblem.

Let us define anchor subsetg C A such thatA j = {aj,ax} with j # k. Hence, there is a
total of Q = ('\é') anchor subsets. Without loss of generality, consider tee @ one nods that
receives from a subsgf the anchor positiongj andgy, and computes the respective ranBgs
andRy using RSS or ToA measurements. A possible geometrical sodpathis configuration
is shown in Figure 2.1. We can appreciate from this examplethie range estimat&; is larger
thand;jj andRyk is shorter thaml,. Now, consider the two range circles shown in the figure; one
with its origin atg; and radiusR;j, and the second with centerap and radiuR. Next, define
the two circle intersection points gg( andgijk, where@ijk is the reflection ogijk with respect to
the (imaginary) line that conneatig andq. In this case, the superscrifit represents the anchor
subse®jx. To simplify our discussion, we drop the superscripts, amlgl ased them when more
than one anchor subset is involved in our discussion.

In our approach, nodg determines the circle-circle intersectiol®d]) g; andg; by solving

the closed-form expresion reported in [8]. For instancasater the two right triangles formed by
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Figure 2.1: Sensos finding its two feasible solution&y;,T;) based on the anchors locations
(ak,qj) and their respective anchor range measureniBit&Ri) .

the coordinatesy;, gi, ft) and Q. gi,ft) in Figure 2.1, which satisfy the following relationships:
df +h? =Rj (2.23a)
di +h* = R, (2.23b)

respectively. The distanah; can be obtained by solving fof in (2.23a) (2.23b):

R: —df = R, —d&, (2.24)

and lettingd = ||qj — k|| = djt + di resulting in

RS —df = RE — (d—dj)? (2.25a)
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RS =RG—d?+2-d-dj (2.25b)

djt 5.4 (2.25¢)
where the positiofy = [x,y;] is obtained as follows:

djt

ftZQj-l‘F(CIk—CIj)- (2.26)
Finally, the circle intersectiog; = [>q,yi]T is computed as

h
X =xtia(yk—y1) (2.27a)

h
Y= % F 50— X)), (2.27b)

whereq; = [xj,Yj]T,dk = X, Y], andh is easily obtained from equation (2.23). The comple-
mentary signs of equations (2.27a) and (2.27b) are usedamndbe solution fog;.

Each nodes applies theCCl procedure using alp subsets . For instancegijk andgijk are
obtained from the subsét, gij’Z andgijg are obtained from the subs&i,, and so on. Hence, a
sensor node will have@ possible initial position estimates where half are congidenirror so-
lutions which should be eliminated through the selectiamtpss described next. Geometrically,
we expect that the true location will be located around tiggorewhere solutions form a cluster
(i.e., half of the circle intersections should ideally msiect at the solution). Let us to consider
the example shown in Figure 2.2. There are three anchorschamex anda, and a nodes
that needs to be localized. The range estinfgjas larger thand;j, the range estimatBy is
shorter thardy, and the range estimaRgy is shorter thaml;. Hence s computes a set of of six
location candidates given t{)gijk Gijk, gijé,gijg,grf,gﬁw}. As seen in the figure, all the mirror circle
intersection estimates will tend to be isolated while therexd circle intersections will tend to
cluster around the node location. For example, to decidﬂetmflgijk andgijk candidate positions,

generated using the anchc(lasj,ak), the sensos obtains the minimum Square Euclidean sum
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from the Iocatiorgijk to each pair of cantidate positions as follows:

w—min oo :

gijk—giijz) +min (Hgijk—gikg‘

o). e

On the other hand, the senspralso obtains the minimum Square Euclidean sum from the

Iocation@ijk to each pair of candidate positions as follows:

o —min[jo o

" —@VHZ) +min (H@Hk |

z,Haijk—@i”HZ). (2.29)

Finally, the lowest value afy and¢$ helps to decide between choosiyfb or gijk. The process
is repeated for al) solution pairs to generate a set of disambiguated locations

Referring to our example, once nogeemoves the mirror locations, then an estimate of the
node position can be formed by taking tieerageof the disambiguated s& = {g-jk gijé,g}d}.

For future discussion, we denote this initial localizatestimate fors aspio; more generally

1 .
=52 d" (2.30)
geG

The complete bilateration scheme is described in Algorighnhis is a distributed localiza-
tion algorithm in the sense that each node can implementralfigo 2 and determine its position
estimate, given the anchor positions and the range estrRgtbetween each node and all the
anchors. Given the limitation of using only anchor measwmathis algorithm can be used as
an initialization step to generate a set of positions thatlmused with algorithms that integrate
more information from all (anchor and non-anchor nodes)it@mtive distributed algorithm that
benefits from this scheme will be presented in the next chapte

There are some anomalous cases which should be considetieel pnoposed bilateration
algorithm. In order to get its initial estimaticpi?, it is essential that every senspgets the two
location estimations from each one of tQesubsets even if the solutions are not feasible. For

example, assume the two special cases shown in Figure 2\8e tionsider the left-side case
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Algorithm 2 General code used by every sensdp get its initial position estimaqeqo
(The algorithm omits the special cases where there are rteciintersections. The procedure for these instances is
described further in the text).

Require: gk, Rk, with{k«+ 1,...,M},andQ « ('\é')
Ensure: p?
1: Initialize: T « [0,0]"
2: for each subseh j € ('\é') two-anchor subsetio
3 YP<«+o0
4 ¢<«+0
5 (gijk,gi‘k) « CCI(qj,qx Rj,Rk) {Return the two circle intersectiohs
6
7

for each subsed/m # Ajk € ('\é') two-anchor subsetio
(9™, g'™) « CCI(qs, dm, Rie, Rm) {Return the two circle intersectiohs

8: Vi ) gijk — gfm)
. 2
o: Vo ‘ gk —gim
10: P < P+min(vy, v2) {Return the minimum between andv,}
. 2
11: Wy ’g{k —g/m ’
. 2
12: Wy < ’Qijk —gm
13: ¢ < ¢+min(wq, w2) {Return the minimum betweesm andw,}
14:  end for

15:  if (@ < ¢) then
16: T« T+g*

17: else _
18: T« T+g~
19: endif

20: end for

21: p? — %

on the figure Ry is shorter thamly, andR;j is shorter thart;j, we can realize that the triangle

inequalities are not satisfied:

Rij + Rk > qu—qu
Rj+|[/aj—ak|| > R (2.31)
Ric+laj—ak|| > R;
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Figure 2.2: Sensa; getting its initial estimatiorIPiO from three anchoréaj , ak,ag).

As a consequence, the sensawill not be able to find any solution.

In other words, if the two circles are not in touch, it will nio¢ feasible to find the circle
intersectiongy; andg;. Therefore, a relaxed estimation should be generated asilolss next.
Considering thaﬁqj — qu is a constant distance between the anchors iA ggthe nodes takes
two steps to estimate the Iocatiog;ig andgijk. First, a locatiorx is obtained by fixingRk and
makingR;j = |||aj — ak|| — Ri| to satisfy the triangle inequality. Next, the sensoshould use
the CCI procedure to solve fox;. Similarly, a second location estimatgis obtained by fixing
Rij, choosingRy = |||aj — ak|| — Rj| to satisfy the triangle inequality and solving the problem
through theCClI procedure. Finally, botgijk andgijk are generated as the averé@*g:x—2 implying
that when the triangle inequality is not satisfied, theré gl a single solution that fall over the

liney. A similar procedure can be derived for the second case astdepn Figure 2.3.
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Figure 2.3: Possible cases where the triangle inequalitgtisatisfied.
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2.3.1 Comparison with Previous Bilateration Scheme

As described before, the research reported in [39] is fatosea distributed bilateration scheme
that finds initial estimates. Using two anchors at time e&ttssr node; finds two possible can-
didates (i.e., circle intersections). If sufficient anchare available, the sensor nagl@verages
the cloud of candidates which tend to be close to each othlee. alerage of such candidates
provides the initial estimate.

As can be seen the general idea for this approach is quitéasitniour proposed approach.
However, there are remarkable differences between twodhenses that should be taken into
account. These differences make that our bilaterationogmbrbe more robust and less expensive
in wireless transmissions than the scheme proposed in E8]instance, one of the differences
between our bilateration algorithm and the proposed ini8fjat the last one does not take into
account special cases when a sess@ not able to compute circle intersections of two anchors
(i.e., the circles are not in touch) as shown Figure 2.3. dfoee, under this perspective this
scheme is limited to naive scenarios in which estimatecdcss between sensors and anchors
should have good accuracy. Thus, RSS measurements, coynosad in realistic scenarios,
may not provide useful information for this scheme givennbéy measurements. Hence, if a
sensoss is not able to find sufficient circle intersections from twaghdoring pair of anchors at
time, the localization process will fail. In our case, ouoposed bilateration scheme is able to
obtain initial estimates in spite of the most severe scesdfie., not circle intersections).

Another important aspect to consider in [39] is the use ofasiholdd which is used to reduce
the number of possible candidate positions, making thisagmih more selective. However, the
value ofd value is hard to determine in practice, and also it does nataguee good results in
noisy environments. Finally, each sensor ngdghould create a table of its neighboring anchors.
All anchors have a specific position inside of the table, drey tare weighted by the sensor
s according to the candidate positions that they generate value ofd is used to select a
certain group of candidate positions. The anchors are waglhccording to the candidates that

they generated. Finally, all tables are broadcast by sengamce all sensors have received the

29



anchor tables of its neighbors, they run a post-processaggdo determine which anchors are
more reliable than others. These anchors are used to obitial estimates. As can be seen,
the drawback of this approach are extra wireless transomssiequired to share anchor tables
among sensors. In our case we avoid any kind of wirelessrrigsgn with the goal to save
energy. Finally, we should remark that we are using a sowiggrithm to determine initial
positions. Analysis results shown in next section demaistthat our initialization algorithm
is competitive in comparison with well known accurate arficeint algorithms based on least-

squares methodologies.
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2.4 Accuracy Performance Between Closed-formulas and It-

erative Procedures in the WSN Localization Problem

In this section we analyze the accuracy performance of bathadologies described before.
Even though the strength of a closed-formula for solvingAt&N localization problem is its low
complexity compared with an iterative algorithm, closeddiulas can present large errors on
the initial estimates in presence of inaccurate rangingsoreanents. However, in many cases is
desirable to sacrifice accuracy to save energy (i.e., iserbattery lifetime). On the other hand,
the weakness for direct mehods (i.e., noise sensitivifgdagents the strong point for iterative
methods and viceversa so the goal of both methodologiessseeive in opposite directions.
However, the main effort in WSN localization research isuged on developing an strategy that
can join the strength of both methodologies to create aneaiti@lgorithm that can save energy
providing the best accuracy in the estimated positions.

Next we present an evaluation of accuracy between closesdias and iterative method-
ologies. For the former methods we are considering the icksisS Multilateration and our
proposed bilateration algorithm. For iterative methodas we are also considering two algo-
rithms to solve the NLLS: the LM and the TRR algorithms.

For the simulations that follow, we consider 20 differemhs® networks where each one
is composed byN = 100 sensors, randomly distributed, in a 100m by 100m areao,Alie
select four non-collinear anchors with full-connectivity every realization. For each network,
we generate a set of noisy ranges between anchors and nadgsheslog-distance path loss
model (1.4). Finally, the estimated distances are simdlaggngogg = 6 andnp = 2.6, typical
parameters for the propagation models on outdoors scanafibese propagation models are
detailed on section 4.1.

To compare the accuracy performance between both methgidsli was necessary to use
the same set of range measurements for each direct methoidegati/e algorithm. Figure

2.4 summarizes the initial estimates obtained by both nuetlogies using the RMSE metric
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as shown the next equation:

N
RMSE= \/%;Hp?—zi”, (2.32)

wherep? represents an initial position estimate for a serss@nd z; its true position. As can
be seen the closed-form LS approach provides the leastaeduitial estimates (mean=2Z2n
and standard deviation=22m) compared with iterative algorithms as expected due to tgyn
ranging measurements. Also, we can appreciate that bo#tivie algorithms, the LM and the
TRR, provide practically the best and similar results fatiah estimates (mean=124m and
standard deviation69m) as expected, and finally our proposed bilateration algoripresents
very acceptable initial estimates compared with the lastalgorithms (mean=1926m standard
deviation=84m). However, we should consider that the computational cerigy for the LM and
the TRR algorithms is significantly larger than the bilateraalgorithm. This will be expanded
on the next section.

Also, we tested the GSLS algorithm [29] using the same setetfiorks. The estimated
positions presented large errors under this scheme astediby [28]. Then, these results were

disregarded in our analysis.
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Figure 2.4: Algorithms used for initial estimations
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2.5 Computational Complexity Analysis

The efficiency of an algorithm can be described in terms otithe or space complexity [16].
Time complexity refers to the relation between the numbeeqtired computations for a given
input, and the space used for a given input provides the spanplexity of an algorithm, so the
computational complexity of an algorithm could be desatibs the number of operations that it
takes to find a solution.

In this section we provide an operation count on the numbeaddftions (ADDs), multipli-
ers (MULs), divides (DIVs), and potentially (SQRTSs) exgadth the way that DSP algorithms
are described [27, 68]. This will allow an “apple-to-apptafmparison. Moreover, an accurate
description lends itself to a cycle accurate descriptiarafty microprocessor and more signifi-
cantly, the use of energy models based on computing cyclestimate the energy consumption
for a given algorithm. An energy analysis will be explored@mapter 5.

Next we present the computational complexity analysisHeriterative LS and the bilatera-

tion algorithm.
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2.5.1 Computational Analysis of the LM Algorithm

The LM algorithm could be considered as too expensive foremgtven its iterative nature and
the need to estimate first and second order information @gradients, Jacobians, and Hessians).
The number of iterationK is highly dependant on the initial point and could be consdea
random variable. On the other hand, if a goeds provided, then the number of iterations is
expected to be low given the convergence properties of LM.

We are interested on providing an algorithmic analysis pnavides a detailed description in
terms of additions and subtractions (jointly referred a€ds) multiplications (MULS), divisions
(DIVs), and square roots (SQRTSs). For simplicity in the neadagraphs consider thit= J(xk)
andRy = R(Xk).

The square root is a relevant operation as the error fun®joand the Jacobian estimate
requires/> norms to compute distances between sensor and anchorssd\Veoaé that the com-
plexity of the operations is not the same in terms of the @sicg resources (hardware and

software) they take; abusing notation we have
ADD < MUL < DIV < SQRT. (2.33)

This analysis also focuses on the most efficient implememt@t terms of the proper opera-
tion sequencing in order to favor reuse of terms (i.e., aecomputing the same quantity twice).

We perform the analysis for a single iteration of the LM altjon, and the total cost for
each operation is multiplied bi¢. We also note thak can be modeled as a random variable;
the usefulness of this approach is discussed later. We asthere aréVl anchors which have
broadcast their position to all the nodes. Each node willthenLM algorithm to find its initial
position as described before. We identify three core ofmersit/,> or Euclidean norm, the error
vectorRy and an estimate al.

The/» will be used to compute the magnitude of the difference betvie/o vectors, b € R?

given by |la— bl = \/(ax—bx)2+ (ay—by)2. This requires three ADDS, two MULs and one

SQRT. The norm is used to compuRg given in equation (2.17) and to estimate the Jacobian as

35



follows:

—(x1—%) —(y1—¥)
V%)% i-v)? V%) (1 yi)?
Jk= : : (2.34)
—(xM—%) —(ymMm—Yk)

V0m—%)7+Hm -7V om—x0* om0 | mxe

For Ry we see that we requitd ADDs andM /2-norms. Accounting for the norms, the error
function requires M ADDs, 2M MULs, andM SQRTs. These numbers are recorder in Table
2.1. A similar analysis follows fody. A direct look at equation (2.34) indicates that we have the
same norm across rows, so we can compute them first and theowe meed an additional\2
ADDs and M DIVs. However, a better approach would be to compute thedelfiix; — X ||
first so that we would requirél DIVs, 2M MULs, and M ADDs. We exchang® DIVs by 2M
MULSs under the typical case that MULs have a much lower corifyi¢han DIVs, particularly
for the case of floating point operations. The complexitytfe Jacobian estimate is also shown
on Table 2.1.

Once these two quantities have been evaluated, their gkeridown through the algorithm.
The costs for the different steps or operations is presentige: remaining part of Table 2.1. We
just make two more remarks on the algorithm complexity. tFimete that the approximation to

the Hessian matrig} Jx

g (xi—x0)° g (xi—x) (Yi—Yk)
pa VEY: VR pa o\ VR
sz(xk) :JIJk: j=1 ((x, X))+ (Yk—Yi) ) =1 ((x, X«) +(y,2 ¥i) ) (2.35)
g CEIIVED, % (Yi—Y)
= ((xrxk)2+(y;fyk)2) i=1 ((xrxk)2+(ykfyj)2) 20
is of size 2x 2 which makes its inversion trivial when computing the LMpstg .
Acw = (IJF + 1) IR, (2.36)

where the gradient of the functio]ﬁ Ry is given by
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Second, satisfying the sufficient decrease condition s atsiterative procedure where dif-

(2.37)
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ferent values obig are tested. We identif§ as the number of iterations needed to satisfy this

condition. As we discuss later, we will modElas a random variable.

Table 2.1: LM Cost Functions

ADD MUL DIV SQRT
Rk 4M 2M 0 M
Jk SM 4M M M
Hg 3M -3 3M 0 0
f 2M -2 2M 0 0
M M-1 M+1 0 0
%% 3 3 0 1
H! 3 6 1 0
JANRY! 2 4 0 0
Sufficient Decrease T(M+4) T(M+2) 0 0
Update 2 2 0 2
Stopping Condition 3 2 0 1
Total (M+4)T+1M+7 | ( M+2)T+12M+18 | M+1 | 2M +4

The last row of the table provides the total which we idendi§fapp, TmuL, Toiv andTsgrT

respectively. These numbers are the operations for a stegéion of the LM algorithm. Then,

for K iterations we have the total number of operations to be

Kapp = K - Tapp, (2.38)
KmuL =K - Tmul, (2.39)

Kpiv =K - Tpiv, (2.40)
Ksort= K- TsorT (2.41)
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Since the values of andK are random variables, then a more convenient approach te qua
tify the number of operations would be to look at the averagmlmer of operations, i.e., the
expected value. It is intuitive to assume tialand K are independent, and that for a given

network their distributions will be identical. Hence, wdide

Kapp = e{Kapp} = e{K}&{Tapp} = e{K}(e{T}(M+4)+15M +7) (2.42)

KmuL = e{KmuL} = e{K}e{TmuL} = e{K}({T}(M +2) + 10M + 15) (2.43)

KDIV = E{KDN} = S{K}(M + 1) (2.44)

Ksorr= €{KsorT} = {K}(2M +2) (2.45)

wheree{x} represents the expected value of the random varjabfenally, we can quantify the
total complexity of the LM algorithm by converting operat®to a common denominator and
compute a single representative number that can be usedrgrarison with other algorithms.
The typical way to quantify operations is to use the numbegaro€essor cycles (on the average)
required to complete each type of operation. Let us deéixish, NmuL, Npiv, andNsgrtas the
number of cycles required for floating addition (or subti@t), a multiplication, a division, and
square root, respectively. We should note that these nigmsgend on the processor used by
the mote and the compiler tools used to develop the softwégace, in practice the best way to
obtain these values is through code profiling using a cycteHate processor specific simulator.
Moreover, as we will see in Chapter 5, the number of task sycém be used as part of models
that measure energy consumption.

Hence, as a final measure of complexity for the LM algorithmoampute the total number

of cycles as

NLm = NappKapp + Nvu KmuL + Noiv Koy + Nsor1Ksorr. (2.46)

38



2.5.2 Computational Analysis of the Bilateration Algorithm

The proposed bilateration algorithm is very simple and ierative. ForM anchors, a sensor
node picks('\é') pairs of sensors and computes the intersections of the imaggcircles around

each anchor with a radius given between the anchor and tls®rseade. These intersections
are computed using geometry with a procedure described istiegs (2.23) to (2.27). Then, a
cluster with half of the computed intersections is founamuting an indication of the area where
the node position is located. The number of operations requdo compute two intersections is

presented in Table 2.2.

Table 2.2: Bilateration Cost Operations

| Operations | ADD | MUL | DIV | SQRT|

d 3 2 0 1

djt 1 5 1 0

h 1 1 0 1

r= g 0 0 1 0

fi 2 2 1 0

Xi 1 1 0 0

Xi 1 0 0 0

Vi 1 1 0 0

Yi 1 0 0 0

Total (2 circle intersections) 11 12 3 2
Total Q node combinations 11Q | 12Q | 3Q | 2Q

Since this process is repeated @%) times, then the final row reflects the total operations
multiplied by this factor. As the intersections are complytine search for the cluster is per-
formed by equations (2.28) and (2.29). Since there @@grsections, we need to select Qe
that cluster together (i.e., eliminate mirrors). The sty is based on looking at the distance
between all possible pairs of intersections and selechingd that exhibit the closets distances
among themselves. This requires the calculatioS@f&S_” squared norms, and the use
of a clustering or sorting algorithm to find the small€selements from the list o norm val-
ues. Taking advantage of the structure of the location pdirg., the two intersections from the

same anchor pair are not compared), we can expect an avenagexity of O(S) sorting steps
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using an algorithm like Quickselect algorithm [65]. Henbe final computational cost for the

bilateration algorithm is presented in Table 2.3.

Table 2.3: Final Computational Cost for the Bilateratiom&uoe

| Action | ADD | MUL | DIV | SQRT | SORT |
Circle Intersections | 11Q | 12Q | 3Q | 2Q 0
Squared Norms 3S | 2S5 0 0 0

Number of Comparisons 0 0 0 0 | O

As with the LM algorithm, we close this section by providing expression in terms of
processor cycles. Using the same characterization for a@ith mperations of the algorithm, we
can provide a total cycle count that can be directly compaiigi other algorithms. Obviously,
a lower cycle implies lower complexity when the hardware aofiware development tools are

identical. The expression for total cycles is

NsL = Nabp - (11Q+ 3S) + NmuL - (12Q+2S) + Npyv - (3Q) + Nsqrt- (2Q) + Nsort  (2.47)

It is easy to see that the bilateration scheme uses a signlfidass number of cycle for
all operations. In particular, foM = 4, we have a low count of DIV and SQRT operations.
Experimental data in [65] indicates that the cycle counttf@ complete sorting step with the

QuickSelectlgorithm with a pipelined architecture can be achievet &800 to 3000 cycles.
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Chapter 3

Distributed Localization Algorithms based
on Local and Sub-local Problems with

Spatial Search Constraints

With the rapid evolution of the computer technology, iteatalgorithms have been extensively
used in computational mathematics and optimization arBasically an iterative algorithm re-
peats a procedure using old outputs and/or new data as fdettbgenerate successive approx-
imations that gradually tend to converge to a solution ordet solution to a problem when no
exact solution exists. As described before, the formutettosolve the WSN localization results
in a non-linear NP-Hard problem. Hence, iterative algonstrepresent the best option to solve
such kind of problem. In the next section we will present tteodtive distributed algorithms that

can be used to solve the WSN localization problem.

3.1 An Overview of Optimization-Based Localization

To describe formally our proposed distributed localizatadgorithms, first we need to describe
requirements and general procedures that share bothtalgsti We require for every sensor
nodes to know the anchor positions, the range estimatgsafdRj) to each one of its neigh-
bors, and also the initial position estimatgfsfor all k. The initial estimates can be obtained
with the algorithms described in the previous chapter orahgr algorithm deemed appropriate.
In addition, due to their iterative nature each node updédesurrent positiorpf to pf“ using

the most recent neighbor position estimaﬂ{ésvith j # i. This implies that iterative algorithms
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require wireless transmissions of the node position eséisnafter they have been updated. Fi-
nally, we assume the nodes are equipped with the commumngaitotocols needed to share this
information between nodes [73]. We should note of relying thformation across the network

is by no means a simple task. A communication protocol todioate and schedule these tasks
needs to be designed as part of a localization service, perdmpart of a cross-layer design if
the ranging operations are done in hardware [73]. Howewgrfazus on this research is on the

localization schemes rather than protocol design.

3.2 Localization from a Global Optimization Perspective

As discussed before, node localization can be possed astamnizgtion problem where the
set of unknown position& = {z1,2,,...,zy} are estimated by finding the optimal det=
{p1,p2,--.,pn} that minimizes a cost functio@ that captures the geometrical configuration

of the network. A possible global cost function can be defagtbllows:
Cpz.-..pn) =3 Y [rij = [|pi — py | +XZ\RH<— Ipi — akll| - (3.1)
) 1

Each term in the summations represents the absolute daiffeleetween the measured range
and the Euclidean distance between two candidate posjticarsdp;, or a candidate position
and an anchogy. This is the most general form where channel asymmetiy+# rji andRy #
Ry) is assumed. The cost function assumes a fully connect&briet An intuitive explanation
to this function is to imagine the network as a set of nodeseoted by springs. The measured
ranges represent measured spring forces. In the noiselsss,these forces are in equilibrium
and would provide the correct location of the nodes. On tiherobhand, noisy measurements
require the search of a set of optimal positions in the sehapmroaching force equilibrium as
best as possible. This model has been used in some locatizdgjorithms to develop “push-pull”
force vector methods [38].

Trying to find the set that globally minimizes this function is difficult and sormeés be-
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comes an intractable problem. A global minimum is not commogached because many local
minima are generated by noisy range measurements [13, 4B, &9 3, 21, 26]. Typical ap-
proaches to address this issue are 1) to find a sequentisibsolthere each position is updated
at a time, or 2) to split the problem into a set of sub problerhgivare solved iteratively with
the goal that the process will converge to a solution [139626].

Let us define

aij (pi) = |rij — [[pi —pj (3-2)

as the range error between the serssand the sensa;, and

Bik(Pi) = IRk — [lpi — akl| (3.3)

as the range error between the serssand the anchaay. It is possible to rewrite (3.1) as

N
C(p1,---,PN) = _;F(pi) (3.4)
where N y
F(pi) = zaij(pi>+kz Bik (Pi) (3.5)
=1 =1

i

represents the total range error betwgeand all its neighboring nodes and anchors. Expressing
the cost function with this equation provides us with sonsgght on the possibility of producing

a distributed algorithm. Given that each sensadnas partial or complete knowledge of a set
of positionsL, then the evaluation of the functidh(x) could be done locally at each sensor.
This however, does not change the complexity of the problecesve are still trying to solve
the problem globally. Moreover, the complexity of the perhlis increased by the necessary
communication overhead. In the next section we describdi@irproposed distributed local

approach for localization.
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3.3 A Distributed Spatially Constrained Localization Schene

Based on the Solutions of Local Problems (DSCL-L)

In this section we consider a set laical problems where each node finds its positmgnoy
minimizing F(x) with respect to the other positions. Obviously, since thgsstions are not

known, we can suggest an iterative approach:

pi* = argminF(x) = %cxﬁ (%) + %Bﬁ(x) (3.6)
=1 k=1

A

whereafj (x) and Bfk(x) are given by equations (3.2) and (3.3), respectively, camsig the
iteration, ¢, of the refining algorithm. We need to assume an initial sgtositions L%, obtained
by an initialization algorithm (like our proposed bilatéom scheme).

We want to constrain the problem (3.6) such that at eachtiber¢he updated positions have
short movements along the correct direction. This wouldvaldll sensors to move “collabo-
ratively” across iterations so that each sersaan progressively adapt to the position updates
from the other sensors to gradually reduce the margin of given byuﬁ andBﬁ(.

As a way to resolve these issues, we define a non-linear progireg problem for each node

s where its position at iteratiohis given by

N M
pi = argmin| 3 fj00+ 3 B (3.72)
j#i
subject to
-8 <x <p+8 (3.7
Py —8 <y <py+d (3.7¢)

wherepyx and py denote the cartesian componentspﬁfx = [x;,yi]", andd" is an appropriately

chosen parameter. These constraints are geometrical setise that they delimit the solution to
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a 2D search region. We identify the search regio®asvhich is 2 x 25 box centered g/ as

depicted in Figure 3.1a.
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(a) Constrained Continuous-Search Area in 2-D. (b) Constrained Discrete-Search Area in 2-D.

Figure 3.1: Area centered at positipﬁ

The value ford’ can be fixed or adapted across iterations. We found the fulpiveuristic
value to be useful: ,
F(p;)
( i
6 = N M
2 lij+ ¥ Ri
Iiijl k=1

(3.8)

We note that it depends on the measurement errors and rarggiraments. Hence, as the
iterative process converges to an optimal set of locatisesexpect the value d§’ decreases
at each iteration, further constraining the search regidre validity of using these constraints
depends on having some level of reliability on the range nremsents; otherwise the use of
RSS, ToA (or some other ranging scheme) would be of littlee&b the localization problem.

The program described in (3.7a), (3.7b) and (3.7¢) is a m@at programming problem that

could be solved with an interior point method [48]. For a sgm®de, the implementation of such
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methods may be prohibitive given the computational andag®fimitations of the hardware.
We propose the following discretization approach. We éisze eachf and consider only
a set of 25 candidate solutioR$ for (—12 < ¢ < 12) which are identified graphically in Figure
3.1b. The value at = O corresponds tcp)f. Hence, a position updanaf+1 can be easily ob-
tained by minimizing (3.7a) over the candidate set usingafisubstitution. In conclusion, the
distributed spatially constraint localization using Ibpeoblems (DSCL-L) can be summarized

as follows:

1. Assume a set of initial locations® obtained with an algorithm like the bilateration scheme

discussed in this paper.
2. Repeat steps 3 and 4 foe= 1,2, ... until convergence.
3. Each sensor comput&sand solves the program (3.7a), (3.7b), and (3.7c).
4. The set of position updatés+! = {pf+1|i =1,...,N} is broadcast through the network.

One additional benefit of solving local problems is that esehsor could solve (3.7a) in-
dividually to produce the sat‘** = {p/*1ji = 1,...,N} on a distributed way. Each node can
transmit its updated value to all neighbors in order to penfthe next iteration. Algorithm 3

shows the proposed DSCL-L scheme.
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Algorithm 3 Sensors refining its current positiopf using the DSCL-L approach

Require: g, rjj, with j #i{j«1,...,N}

Ensure: pi™"
1: Initialize: ¢ < 0
2: repeat
3. forj«1toN-1do
4 p’f + Receivefrom (sj)
5: end for
6: 5€ — Lplé)
: N M
Yrij+ Y Rk
=1 k=1
i#]
041 . N ¢ M {
7. pr=argmin| ¥ aj;(X)+ 3 Bi(X)
X =1 k=1
j#i

8: subjectto:

9 py—0 <x<p+d
100 pj -8 <y <pj+d
11: Broadcas(pingl

12: L+ (+1

13: until ¢ < 1000r pr—pf“” < g
14:

w
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3.4 A Distributed Spatially Constrained Localization Schene

Based on the Solutions of Local Problems (DSCL-SL)

The DSCL-L approach introduced in the previous sectionnalan implementation on sensor
nodes with limited computational resources. Some insigig gained during the development
of this scheme that bring us to the second algorithm proposdtiis research. As can be seen,
every time (3.7a) is solved, we find that the point simultarsipminimizesvl +N — 1 range error
terms. Since the range measurementandR;; are random variables (i.e., they are noisy), we
hypothesize that the solution will converge slowly to thereot location. If there are relatively
large range errors, they will limit the ability of the optimation program to have a large update
step towards a final position.

We propose to take the DSCL-L problem approach one stepefuriftihe scheme we present
could be considered as a relaxation of the objective fundticaddition to the discretization on
the constraints. We start by analyzing the objective fuamcin equation (3.5) which computes
the total local range error betwegnand its neighbors. Solving (3.7a,will update its current
position,pf, based on the most current neighbor sensor positﬁpﬁ$k =1...N,i #k} shared
through wireless broadcasts.

Let us to start describing the approach using one neighboss;. It is easy to see that
equation (3.5) can be further split into a set of objectivethe form (3.2) (and (3.3) for the

anchor case), so we can define a sedudd-localproblems as follows:

/41

Pij :argminmx—pﬂ’—rij), (3.9)

x€Qjj
for j=1...Nandi # j. In essence, we find the valuesprﬁjfrl that minimize the pair-wise range
errors betweers; and any of its neighbors;. We have also defined a search regiap that we
visualize as a box centered at the current locaioand as before we use a discretized search

regionQ;; as shown in Figure 3.1b.

The search regior@;; are effectively a set of constraints. These constraintgeoenetrical
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in the sense that they delimit the solutions to a 2D seardbmefVe aim to avoid position updates
pﬁ“ that are too far from the current estimafe Without such constraints, each pairwise position
update would be a greedy process not accounting for the stitelocal problems being solved.
Hence, any;jj with large measurement errors would tend to t|aﬁj<+e1L away from the true location
of 5, introducing a position bias.

We define the search region to be @225 box centered apf as depicted in Figure 3.1b,
where the valué = aijj/r;; is the range error normalized by. Similar values have been proposed
to control the step size in the push-pull schemes [38].

Problem (3.9) is solved by simple substitution. Obviousig tsolution is not guaranteed to
be the actual minimum of;j, but it is an approximation that can be computed in a preblieta
way using a resource constrained processor.

In a similar way to compute pairwise positiopﬁ+1 within s and the anchor nodex, we

can define a similar set of problems:

41

Py~ = argmin|||X — gk|| — Rik| (3.10)

XEQik
for k= 1...M. The search region is computed usig- Bi/rR, and the same solving method
is applied. The only difference in this case is that the angusitionsay do not change. In
summary, each sensgrproduces a set of pairwise position updqbéél and pﬁl Ouir final
step is to findp! 1 from these position updates.

To find pé+1 we resource to a statistical argument. Intuitively, we exgbat after each
iteration, the solutions to (3.9) and (3.10) will close ititie true sensor location. We expect these
positions to form a cloud around the true positgpnWe can define a zero mean random variable
Nij such thatpé+1 =z +njj. Hence,z; = £[Z] whereg[-] is the expectation operator. Hence,

1

we can get an estimafg, or equwalentlyp” using the sample mean of the pairwise position

estimates; namely,

041 _ 15+1 b1

Jaél
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We have embedded an estimator as the last step of our |atatizaocedure. This provides
a potential benefit of exploring the use of other estimatadsiacorporating additional knowl-
edge about the network with little effort. For instance, mectivity can change from iteration
to iteration according to realistic channel conditions.this case, the estimator can eliminate
those sensors who did not provide an update position or nealges from previous iterations in
equation (3.11).

We summarize the DSCL-SL scheme in Algorithm 4. This algonitcan be deployed on
each sensor, and only requires to receive and provide posifidates at the end of each iteration.
Effectively each node self-localizes and can decide whestdp updating its position according

to some local criteria. This issue will be evaluated in deteChapter 5.
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Algorithm 4 Sensors refining its current positiopf using the DSCL-SL approach

Require: &, rij, with j #i{j < 1,...,N}
Ensure: pf™
1: Initialize: ¢+ 0

2: repeat
3. forj«<1toN-1do
4 p? + Receivefrom(s;)
lpl_p!
5. 5 Pl
6: e from_picture(3.1)
7: pﬁ”eargmlnm pJH r.,‘ -12<s<12)
I+S
8: end for
9: for ke|1to h/l doHI
_ Ri—||p{ —ak
10: T TRl
11: <— from_picture(3.1)
12: pﬁ”earg;minH}Pﬁs—qu —Ri| (-12<s<12)
{Pls}
13:  end for

14 pitte i Z pli 4 Z plit
o

15: Broadcast(pﬁ +1)

16: (+/(+1

17: until ¢ < 1000r pr ”1H < g
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Chapter 4

Evaluation of Localization Algorithms

It is well known that the accuracy performance of locali@aatalgorithms is closely related to
factors like the number and location of anchors, the acguratange estimations, the coverage
range of each sensor, the size of the area, and the iterggétm by itself. For this reason, this
chapter presents a methodological evaluation to test iheacy performance and robustness of
our proposed localization algorithms. In section 4.1 waene two well known propagation mod-
els that are of importance for our experimental and simdleaage-based schemes. In Section
4.2, we analyze the performance of our algorithms using @-sltale WSN testbed, a realistic
testing environment, that provides ranging measuremexstscon ToA and RSS measurements.
Section 4.3 validates the propagation models of sectioth&tlwill be used in subsequent sec-
tions. Section 4.4 presents a detailed analysis based banéaynthetic dataset for the case
where sensors have a limited radio frequency range. Find#gtion 4.5 presents the use of
large areas and large deployments to evaluate the perfoe@dmour algorithms under extensive

simulations based on large-scale WSN scenarios using TAR&S measurements.

4.1 Propagation Models

For our analysis framework we consider two well known modi@ishe characterization of ToA
and RSS range measurements. For ToA techniques, the ttaechd;; between the sensoss

ands;j has a measurement error modeled as additive Gaussian nofsthat

rij ~ A(dj,03) (4.1)
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whereay (in meters) is the effect of multi-path signals and additieése, and remains constant
over long distances [24]. Clearly the expected val[mﬂ = dij. The same model can be assumed
for Rk, the measured range between sessand anchosy.

For RSS, it is well known that signal power varies inverselgistance. In noiseless environ-

ments the power signal travelling from a senspto a sensos can be measured according to

the relation [56] ]
d p
- () (4.2)
ij

where the path-loss facton §) depends directly on the environmental conditioRs.is the re-
ceived power at the short reference distancegf 1m from the transmitter. Alsoby can be
computed by the Friis free space equation [56]. The logadist path loss model
50D 4Ry _ b dij
P, (dB) =Py—10nplog 4 (4.3)
0
measures the average large-scale path loss between sg@sals;. The actual path-loss (in dB)

is a normally distributed random variable:
PEI]) ~ N(ﬁ(L”)vo-%H)? (44)

whereosy is given in dB and reflects the degradations on signal prdpagdue to reflection,
refraction, diffraction, and shadowing. It can be seen thatinear measurements and distance
estimates have a log-normal distribution with a multipiioa effect on the measurements. The
noisy range measuremenj can be obtained from (4.3) and (4.4) as

ro—pV)

rij =10 o (4.5)

(ik)

Finally the measured poweFrLik between a sens® and an anchoay can be stated in a

similar way.
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4.2 Optimized Localization for a Real Indoor WSN Bench-

mark

In this section, we use the set of real network measuremeptsted in [50] to evaluate the
proposed algorithms. This data set has been used in othé&s\J®t, 38], making it a good
comparison reference. The data set presents a fully cazheetwork of 44 sensors randomly
deployed in an office environment within arhdy 13m area. The data set consists of TOA and
RSS measurements which can be used to estimate ranges aou®ey) ihe ToA measurement
errors are Gaussian with a standard deviation aroug4hl For RSS a log-normal model was
assumed with an estimated standard deviation@2dB. Also, this WSN scenario uses four of
the sensors as anchors located intentionally in the cotaexgoid the collinear anchor problem
(see [49, 52)).

We start by evaluating the proposed localization schemaisg a fully connected network
where each sensor can produce a range measurement withhtred8t nodes. This network
configuration is feasible since the nodes are deployed ogenadl area. Our algorithms were
applied to estimate the locations of 40 unknown sensoreviiiig similar procedures as in [49,
31, 38]. First, the bilateration procedure was applied toegate an initial set of locations. Using
this initial point, the distributed algorithm under DSCLabhd DSCL-SL approaches was used to
refine the positions over 100 iterations. We present theracguwf these algorithms using the
root mean square error (RMSE) as a performance metric. Tolatean of the RMSE through
100 iterations for both approaches is shown in Figure 4.6thedToA scheme. The localization
process was repeated using the RSS measurements. It wasargc® eliminate a bias in the
RSS range estimates as discussed in [31]. Figure 4.1b shewW®SE curve over 100 iterations
for the RSS case.

Figures 4.1a and 4.1b show that both approaches (DSCL-m@atiion and DSCL-SL) have
good performance for both ranging schemes. Both RMSE curags a smooth decay with
convergence towards a minimum point. There is a fast deaayédfirst 10 to 20 iterations, and

then the decay slows down significantly. However, the DSClafproach presents a significant
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improvement over the DSCL-L scheme. Our belief of this goetidvior is that the DSCL-
SL optimization algorithm uses one-to-one constrainedimmzation problems that are easier
to satisfy as opposed to the one-to-many constrained naaiion problems for the DSCL-L
approach. Figure 4.2a and 4.2b show the position estimatdsoth ranging techniques (ToA
an RSS measurements) under the DSCL-SL approach. In theeBjganchors are marked with
the symbol &', true unknown sensors are marked with the symge) and estimated positions
are marked with the symbo#’. Initial sensor positions were found using Algorithm 2dahen
positions were refined by performing 100 iterations of theCDSSL Algorithm 4.

Table 4.1 presents the RMSE comparison with other locatizatchemes that have used the
same data set. As can be seen, both algorithms DSCL-L and E3:Gire very competitive. In
particular, the DSCL-SL approach provides the best resulldA. In the case of RSS, the DSCL-
SL approach provides the second best RMSE only outscoreldeyLE scheme [49] which is
a centralized method that requiragpriori knowledge of the range measurements distribution.
We should also note that the dwMDS results reported in [3&]odtained by running dwMDS
twice with a range threshold of six meters. Next, we evaltlseerformance of the propagation

models which will be used in future simulations.

Table 4.1: RMSE obtained from different localization alguns.

Classical MDS MLE dwMDS PPE DSCL-L DSCL-SL

RSS 4.26m 2.18m 2.48m 2.44m 2.43m 2.26m
ToA 1.85m 1.23m 1.12m 1.10m 1.23m 1.01m
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Figure 4.1: Evolution of RMSE as a function of algorithm é&#ons considering DSCL-L and
DSCL-SL approaches.
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(a) ToA
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(b) RSS

Figure 4.2: Position estimates using the bilateration aS€D-SL approaches with TOA and
RSS measurements. AnchorsaS'true positions={)’, estimated positions#’. The RMSEs
are 10lmand 226mfor the ToA and RSS schemes respectively.
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4.3 Evaluation/Validation of Propagation Models

In this section, we test the propagation models with the agtwonfiguration used in the real
indoor network from the last section. Having knowledge &f litcalization performance on real
data, this test allowed us to validate the performance oalteithms with simulated data and to
ensure that the implementation of the propagation modetscomaect. In other words, we expect
to see similar behavior of the algorithms with syntheti@dhat characterizes real measurements.

We consider first the TOA measurement model reported in [483rey the range errors are
modeled as zero-mean additive Gaussian noise. Hence, litweipossible to simulate the true
locations of the 44 node network from the previous subseactith measurement error model
given by the random variablg ~ A((0,(1.84m)?). We performed 100 ToA localization sim-
ulations using the 44 node network specifications, each avdkiferent realization of the noise
process. The anchors remained fixed to the positions uskd original set up. For each network
realization, the bilateration algorithm was applied asittitgal step, followed by 100 iterations
of the refinement scheme (i.e., DSCL-SL approach). In FiguBewe plot the initial RMSEs
provided by the bilateration algorithm versus the netweadization, and also the final RMSEs
(after 100 iterations). A robust uniform behavior is obseracross the 100 network realizations.
In all cases, the algorithm converges with behavior sintdaFigure 4.3-(a). We also plot the
RMSE histograms for bilateration and refinement on Figu8e(d). The mean and the standard
deviation for the initialization step aredm and Q15m, respectively, while for the final RMSE
we get 092m and Q09m, respectively. Our optimal localization scheme reducedétror by
half. With respect to the real measurements used on thegqu®gection, we see (on the aver-
age) a similar performance as in Table 4.2 which empiricaljdates the additive error model.
Furthermore, in [51], a Kolmogorov-Smirnov (KS) test waplég to the real ToA data showing
that it fits the Gaussian model with a high p-value of 0.5 atwallef significance of 5.

In a similar way, the simulations were performed using R3Sour simulations we set
Po = —37.4663,dp = 1m, np = 2.3022,035 = 3.92, which are based on the real network measure-

ments. The bilateration step presents high RMSE valuesasgshigure 4.4. This is related to
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the multiplicative behavior of RSS errors (given in dB) asiadtion of distance. The same mea-
surement error will have a more significant effect at largeges than for short ranges. Hence,
during the initialization step the sensors located at thgeeaf the network may present large
range errors for the anchors located at the opposite coimt#rs network, as illustrated in Figure
4.2. On the contrary, position of sensors that are relatigglially spaced to the anchors tend to
be well estimated.

Despite the larger (multiplicative) errors given by RSS sugaments, we find that our DSCL-
SL optimization algorithm provides good localization réswsing the bilateration positions as
an initial point. Our conjecture is that the collaboratiaure of both schemes quickly averages
out the bias caused by the large measurement errors. We shBigure 4.4 the bilateration
RMSE and the RMSE for the iterative algorithm over 100 nekwsimulations; in all cases the
localization process converges numerically. The histogréor bilateration and optimal refine-
ment are presented in Figure 4.4. The mean and the standaatiaie for the final RMSE values
are 127mand Q149nrespectively which is significantly lower than those on &#ll. Clearly,
the histograms show heavy tails that do not fit(40, (3.92dB)?) distribution. As shown in [51],
a KS test indicates low correspondence with the Gaussiarehioglying that the model does
not capture other signal degradation factors in (4.4). Nugless, the ToA and RSS models pro-
vide a good reference for further evaluation of our locdlmaschemes. In particular the RSS
shadowing model is broadly used by the community of wiretessmunications. Next, we show

how the radio transmission range can affect the quality cdli@ation.
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Figure 4.3: RMSE for bilateration on optimized localizatiof 100 runs using simulated ToA
measurements.
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Figure 4.4: Analysis of RMSE for bilateration on optimizedélization of 100 runs using simu-
lated RSS measurements.
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4.4 Impact of Communication Range on Localization Schemes

The results discussed on previous sections present a futigected network deployed over a
relatively small area (1@ by 13m). Hence, each node has 43 range measurements to estimate its
location. Even for this small area, large errors are intoedufor nodes that are far apart, so it
could be advisable to reduce the RF range of the nodes anikgstiocations using a reduced set
of neighbors. We use a short range scenario in order to eeatuarobustness of the localization
algorithms as the number of available measurements is eeldun essence, our estimates from
equation (3.11) would be noisier and the impact on convexgemd localization error are of
concern. Furthermore, a fully connected network would rgbdssible over areas far larger than
the range provided by the transceivers. This last scermagplored in detail in the next section.
We allow anchors to connect with all sensor nodes (i.e.,rfpailarge RF range) in order to
use the bilateration algorithm for initialization. Othaitialization schemes like closed form LS

and iterative LS can also be considered. Nebe the set of sensors available to each segsor
No={(,)li<]|z-z| <R}, (4.6)

whereR represents thevell-knownisotropic radio range, ang is the true location for nods
[13]. To ameliorate the uncertainty introduced on the raggneasurements;j, each nodes
applies the following relation

rj=R iff rj >R 4.7)

to adjusts its range estimatg to nodes; when it is greater thaR. Similar geometrical cri-
teria has been considered in other works [31]. This rulefescéfely truncating measurement
errors above the range limit. As before described, in thiskwmge assume thdk ideallyremains
constant along all directions.

For the network described in section 4.2 we consider threasg®s withR= 10m, R =
5m, andR = 3m with an average number of connected neighbp\g, of 33.75, 14.7, and 8.3

respectively. Note that the anchors are not used in thesaga® We test the effect of short
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range in the estimated locations under ToA and RSS errorureagnts. Figure 4.5 shows the
performance for both ToOA and RSS measurements considérat@ach sensag has a range of
R = 10m, and they satisfy the restrictions imposed by equatior® &hd (4.7).

In a similar way, Figure 4.6 and Figure 4.7 show the RMSE deway 100 iterations @& =15
andR= 3.

The RMSEs after 100 iterations are presented in Table 4ch)jding the full-connectivity
case. We see the expected degradation in accuracy perfoeraarthe range decreases. On the
other hand, the degradation an3s within the accuracy performance of the competing algo-
rithms in Table 4.1. In the case of RSS atrithere was a small improvement compared to
full connectivity which illustrates the stronger effectsifadowing on measurement ranges when
sensors further apart are used. Thecase is remarkable as it performs very similar to dwMDS
(with a reported range of) and PPE (full connectivity). Looking at the RMSE curves ToA
over short ranges, there is clearly an impact on performaadbe range is reduced. In all TOA
cases, a minimum was reached before the 100 iterationsvetfiiech RMSE curves show small
oscillations and a tendency to increase. For instance,atgerof 3nin the DSCL-SL scheme,

a minimum RMSE of 121m occurs at iteration seven; more dramatically, atthe error goes
down to 117mat iteration nine and then gradually increases.88h over the next 99 iterations.
A less noticeable effect is observed wHeset at 10n. The last results suggest that it is neces-
sary to develop a stopping criterion that keeps track of thar é¢rends such that the localization
process stops if the localization process starts to preseall variations on the estimated posi-
tions. Since the algorithm is distributed in nature, eaatenwill have to track and decide locally
when to stop and how to communicate the decision to its neighbThis has the side benefit
of reducing the overall network energy consumption. Thesaids further discussed in the next

chapter.
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Figure 4.5: Accuracy performance of DSCL-L and DSCL-SL aitlpons considering a range of
10m with ToA and RSS network measurements.
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(b) RSS scheme.

Figure 4.6: Accuracy performance of DSCL-L and DSCL-SL aitlpons considering a range of
5m on regular sensors and different error measurementswiib¥parameters\’ (O, 1.842) and
RSS with parameter®( (0,3.92%)
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Case: ToA Range: 3m
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(b) RSS technique.

Figure 4.7: Accuracy performance of DSCL-L and DSCL-SL aitlpons considering a range of
3m on regular sensors and different error measurementswiib¥parameters\’ (O, 1.842) and
RSS with parameter®( (0,3.92%).
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Table 4.2: Accuracy on the estimated positions under @iffeshort range schemesote: The
initial RMSE estimates for the ToA and RSS schemes usingjadberation algorithm arel.69m
and3.19m respectively.

Full connectivity Range=18 Range=f1 Range=&

DSCL-L RSS 243m 2.19m 2.41m 2.83m
ToA 1.23m 1.17m 1.1.35m 1.28m
RSS 226m 2.21m 2.38m 2.46m
DSCL-SL ToA 1.0Im 1.12m 1.39m 1.28m
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4.5 Localization Over Large Geographical Areas

Perhaps, the main limitation of the localization experitsesn the previous section is that the
measurements correspond to a small indoor office area. Howears comment is not to de-
merit the great effort needed to coordinate the measureoanpaign that provided this data.
Measurement campaigns are typically a cumbersome proegqeging a complex setup. This
illustrates the difficulties of dealing with the distribdteature of WSNs for test and evaluation.
For instance, ToOA measurements require hardware that isfaetich for feasible sensor node
architectures. On the other hand, RSS circuitry is comnamepin wireless devices, however
some works indicate that reliable measurements are difficabtain [41, 4].

In this section, we resort to simulation to evaluate theqreriince of the proposed localiza-
tion algorithms over large areas and large deployments.dffsider a large area anything above
100 meters by 100 meters, and a large deployment a WSN witlord@@re sensors. These val-
ues are nominal in the sense that they have been considemeghyhworks; however, to the best
of our knowledge there is no formal definition for such parterge A basis of justification would
be given by the communication range and power constraimsmanly assumed in WSNs. In
particular, range is typically considered to be on the 30emeinge. We are interested on imple-
menting a realistic simulation framework which will be repentative of a large WSN outdoor
deployment. Moreover, we want the simulations to be asstalas possible with respect to
hardware and wireless specifications that reflect currentiylable technologies.

Regarding the wireless technology used (or being consijldoe WSN at the time of this
writing, the use of 802.15.4 has become the standard forhsigal layer and medium access
control of WSN protocol stacks. On top of this standard, ogfvetocols can be constructed
all the way to the application layer. The Zigbee specificatieems to be at the forefront of
standardization efforts (although other new comers likev@RaN are gaining traction). Hence,
it would be of practical importance to evaluate localizatadgorithms under a context that is as
close as possible to a real deployment. Given its current eibthe industry level, we develop

our simulations assuming a Zigbee-based network. Curr@iSC(commercial-off-the-shelf)
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products like XBee modules specify ranges of 100 meters avithip antenna (up to 2&8with

a whip antenna) with a transmit power of 1 mW [70]. It is poksiior these modules to lower
the power to reduce the range and increase battery life. dasons to be discussed below, we
also consider the use of Zigbee-PRO which is a newer spdwmiicaith a range upwards of 1.5
Km and a transmit power of 60 mW. Besides, a higher transmitgpothe Zigbee-PRO radios
have a much higher receiver sensitivity. In this researehparticularly consider 2.4 GHz as the
carrier. A relevant point to note is that Zigbee and Zigh&&Rare interoperable specifications,
and there is already an XBee-PRO devices in the market.

The ability for these two specifications to interoperatengpthe door to the feasibility of
an heterogeneous deployment where one could envision asimgpr nodes outfitted with Zig-
bee modules and anchor nodes equipped with Zighee-PRGsratiis differentiation between
sensor nodes and anchors seems to be a logical one supppmeanly works. The technical
profile of an anchor node should reflect a more capable desoce the computation and energy
perspective. Since anchors are expected to have GPS ingheotautdoor deployments, then
a larger battery would be needed. This also implies the piisgiof using a more powerful
microcontroller and radio units (e.g., Zigbee-PRO). Wikpect to the computing capabilities,
it is easy to see that the proposed algorithms can be deplmyedmputationally constrained
micro-controller units (MCUs). Current WSN mote techngldtas maintained the use of 8 or
16-bit MCUs with low power profiles as part of its power consion philosophy. Nonetheless,
these devices are capable of emulating floating point opesatA salient feature of the proposed
algorithms is that they can be implemented on these devidesralatively low computational
cost for each iteration. As computation is an order of magiat(or more) below the power con-
sumption of the RF module, then we claim that computatioegliirements of our localization
algorithms are of less concern in our simulations for thigpthr. A full power profile of the

localization process is discussed in the next chapter.
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4.5.1 WSN Localization for RSS Measurements over Large Area

As it is well known, RF signals represent a common medium &resinformation among nodes
in WSNs. This characteristic is exploited through the psscef measuring the path loss of a
signal traveling from a transmitter node to a receiver noge, RSSI), which indirectly provides
an estimate of the distance between node-pairs; thus gitfisiilque represents an attractive and
inexpensive way for range-based schemes.

Based on the aforementioned observations, we built a stranlkamework using the propa-
gation models from the section 4.3 and a WSN model based arhtracteristics of Zigbee and
Zigbee-PRO radios. The network is heterogeneous, assutmbgnchors that meet a Zigbee-
PRO profile and higher power/computational capacities.ingithis characteristic to anchors
allows communication with other anchors and the lower pdfike., shorter range) nodes, such
that the bilateration algorithm can be used to find the ingi@sitions. The sensor nodes can be
outfitted with regular Zigbee since full connectivity ovarde areas would be prohibitive. As
expected, the ratio of anchors to sensors will be low. Werasstihe availability of a network
protocol that will allow the network to self-organize theler in which the sensors broadcast their
updates. The research on such protocols is vast, and itsgleudf the scope of this dissertation.

We simulate RSS-based localization using the propagatmaeidirom equation (4.4) assum-
ing that an heterogeneous WSN with carrier frequency.4fGHz is used on the transceiver of
both anchors and sensor nodes. The anchphsive full connectivity with a transmission power
of 60mW (18 dBm) and the sensor nodg$iave a transmission power of Imw (0 dBm). We
assume uniform ideal connectivity f&< 100m. The last considerations have two purposes, the
first is to enable the sensors to generate initial positidimeses from the anchor ranges using
the bilateration algorithm, and second to avoid the issueredular transmission patterns. The
latter will be the discussion of our future work. In our simtibns, we are usingy = —70dB for
nodes and® = —52dB for anchors according to current commercial specificatfonsvireless
motes. We test our algorithms at different scenarios cemisig variations on Ry)p, andogp.

All noisy pair-wise simulated rangeg and Ry are obtained averaging 10 range measurements
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as typically done in practice [52].

For the simulations that follow, we consider 20 differemhis® networks where each one
is composed byN = 100 sensors, randomly distributed, in a &0By 100m area. Also, we
select four non-collinear anchors on every realizationt éach network, we generate a set of
noisy ranges using the log-distance path loss model (4d)ganerate a set of initial locations
using the bilateration algorithm. Using these initial piasis, both iterative algorithms (i.e.,
DSCL-L and DSCL-SL approaches) are ran for 100 iterations. b&fore, RMSE is used as
a performance metric by comparing the estimated locatiatts te true locations. Also, we
assume a representative path-loss factor of 2.6 for ousckm@marios [5].

The log-normalosy parameter is varied at steps of 1.3 starting from 0 to 9.1 sleach
value ofogy is tested over the 20 network topologies, and also each wdlaey corresponds
to a different noise process in each network. Consideriagwe haveR = 100m, and equations
(4.6) and (4.7) are satisfied, 20 RMSE values are obtaineddohn value obsy as shown the
setup of Figure 4.8.

Network 1 Initialization
e i : algorithm

Initial Estimates Final Estimates
(RMSE) H (RMSE)

Network 2 Initialization
. H alggrithm
. H Initial Estimates M inal Estimates
GS H = 6d B (RMSE) s
5 Network 3 Initiaiization
—_— : : Igorith
n If} — 2 . 6 + Initial Estimates 2 gt?rlt il Final Estimates
. (RMSE) (RMSE)
: : o Tterative
.................................... Network 20 Initialization
H algorithm
. Initial Estimates H Final Estimates
: (RMSE) : (RMSE)
\/ \/
LS Multilateration DSCL-L scheme
Bilateration DSCL-SL scheme
TRR
LM

Figure 4.8: Setup used to test the accuracy performancepbped algorithms.
In Figures 4.9a and 4.9b, we plot RMSE versgs, for these simulations under the DSCL-L
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and DSCL-SL approaches respectively.
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(b) DSCL-SL algorithm.

Figure 4.9: Localization accuracy at R=10n regular sensors using the RSS model wigh=
2.6 at differentosp.

The highest curve marked by symboss fepresents the mean RMSE initial estimates pro-

vided by the bilateration algorithm, the curve marked bysimmbols ‘A’ shows the maximum
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RMSE value, the middle curve marked with the symb®85represents the mean RMSE value,
and, finally, the lower curve marked with the symba¥s frepresents the minimum RMSE value
over the 20 WSNs provided by both iterative algorithms.

For typicalosy values, betweengg and g, Figure 4.9a shows narrow variations around the
mean RMSE values implying that the DSCL-L approach providbsst estimates. For example,
RMSE values absy = 4dB present 171m of error while RMSE values aisy = 6dB presents a
higher error of 31mas expected. As can be seen mean RMSE values are relativenfuying
that our DSCL-L iterative algorithm is well behaved. Alseete is an improvement of88mand
9.24mbetween bilateration and the DSCL-L | iterative schenasat= 445 and G g respectively.

On the other hand, a similar relation between initial and fiasition estimates is presented
by the DSCL-SL approach shown in Figure 4.9b. The iterati®D-SL approach also shows
narrow variations around the mean RMSE value. For examplSRR values atosy = 4g4p
present 166m of error while RMSE values aisy = 64 presents a higher error of 8lm. Also,
there is an improvement of.43m and 812m between bilateration and the DSCL-SL scheme
respectively. The DSCL-L approach presents slightly lbetsults in our simulations than the
DSCL-SL approach.

We repeated the last procedure over the 20 networks usin@rR=he bilateration algorithm
was used to determine initial estimates. Figures 4.10a ab@b4show the relation between
the accuracy (RMSE) versus noisas(y) for DSCL-L and DSCL-SL approaches respectively.
Surprisingly both algorithms provide mean RMSE values alinsomilar to R=10én. We believe
that reducing R and using equation (4.7) helps the locabzgtrocess in both ways: 1) by
bounding noisy distance estimates larger than R and 2) byredting large distances, such that
the multiplicative error-effect over long estimated dmstes is reduced by considering distances
with a maximum range of 36.

As can be seen the effect of reducing R from 10 30m provokes an small increment in
the mean RMSE values for R=B0s0 this effect is desirable in realistic scenarios wheeegthal
is to save energy (in this case by reducing R) without saerditcuracy performance.

As final point we remark that the DSCL-SL approach preseingbtyy less accuracy in the
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(b) DSCL-SL algorithm.

Figure 4.10: Localization accuracy at R¥80n regular sensors using the RSS model wigh=
2.6 at differentogy.

position estimates, which also indicates that the DSCL+ra@ch is more robust in large-scale
scenarios with RSS measurements.

Finally, we repeated the same procedure using Reder the 20 networks where the bilat-
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eration algorithm is used to provide initial estimates.ufés 4.11a and 4.11b show the relation

between accuracy (RMSE) versus noisgy) for the DSCL-L and DSCL-SL approaches respec-

tively.
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Figure 4.11: Localization accuracy at R¥%n regular sensors using the RSS model wigh=
2.6 at differentogp.
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We can deduce that based on the mean RMSE values there arbstargial differences be-
tween the DSCL-L and DSCL-SL algorithms. However, we cantsaethe mean RMSE values
of position estimates for this coverage range is higher ®#aB0m and R=100n implying that
iterative algorithms have the worst performance undergténario as expected. For example, at
O4s = 64 the DSCL-L approach provides a mean RMSE error.82#m while 3.8m and 356m
are reported using R=&0and R=10@nrespectively. In a similar way, the DSCL-SL approach at
R=15mprovides a mean RMSE value oftBmwhile 5.2mand 480mare reported using R=80
and R=10@n respectively. This last results imply that decreasing Rintyeaffects the accuracy
in the estimated positions.

Figure 4.12 plots the mean RMSE values of each range of cpe€taAlso, we plot the mean
RMSE values of the bilateration algorithm. We can obseraéhbth iterative algorithms achieve
good estimate positions in spite of high RMSEs in the ingstimates.

In Table 4.3, we summarize some statistics of neighbor teas{NDs), obtained from the
20 WSNs. We present RSS RMSE behaviors at different R @tk 3.93g andnp = 2.6. This
table shows interesting relations among R, RMSE, and ND ekample, if we reduce R from
100mto 15m (a factor around 6), the neighbor density ND per sensor igaedl from 93.79 to
6.2 (a factor of 15), while only increasing the mean erronfrb92m and 295mto 4.53m and
4.27m for the DSCL-L and DSCL-SL approaches respectively. Thmsashan excellent degree
of robustness under highly constraint scenarios. Alsonglies that we can use shorter ranges
with significant energy savings at the expense of little llosaccuracy performance if this is

acceptable. These and other issues will be treated in thechapter.

Table 4.3: Effects of ranging nodes in the accuracy of thenaséd positions (RMSE metric)
using 100 sensor nodes.

| | osH = 3.9dBandn, = 2.6 | NEIGHBOR DENSITY |
DSCL-L Approach| DSCL-SL Approach
Range| min mean max min mean max| median mean mode min max
100m | 1.25| 1.92 | 2.93| 2.36| 2.95 | 3.95 95 |93.79| 95 | 81 | 95
30m | 149 2.02 264|181 285| 401 | 215 | 21.2| 23 8 | 35
15m | 3.52| 453 | 6.22| 3.30| 4.27 | 5.55 6 6.2 5 1 14
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On the other hand, it is very interesting to compare bothmpatars R and ND individually
to analyze which one affects, in a stronger way, the estidnadsitions. Under this perspective,
we take as basis the last row from table 4.3 which providesrintion for both R=1& and
ND= 6 nodes. In order to increase the node densities in each W8Nydd new nodes in a
random way to the 100 already deployed nodes. The new WSNssiesl considering R=b%
Table 4.4 shows how the accuracy of the estimated positiom®ih iterative algorithms are
also improved by increasing the neighboring density. Hamewup to this point, we have not
compared (quantitatively) the real effects on doublingrdngge R versus doubling the number
of sensor nodes on the estimated positions. For example, dfouble the Range from R=f&o
R=30m (taking as basis the the last row from Table 4.3), we can apirethat the mean RMSE in
both algorithms have improved from58mto 2.02m and from 427mto 2.85mfor DSCL-L and
DSCL-SL approaches respectively. On the other hand, if wibldothe number of nodes from
100 to 200, we can realize that the mean RMSE has improved 468m to 2.63m and from
4.27mto 3.25mrespectively. Last results imply that if we increase theyeaof coverage, we can
obtain better estimated positions than adding nodes todtwonk in both iterative algorithms.
However, advantages and disadvantages should be corbkiddreth situations. For example,
increasing the coverage range R in a node also increasesdtgyeonsumption in a node which
is a disadvantage. On the other hand, increasing the nunfilb@des increases the cost of the
whole network; however, it brings more robustness in the adsa node failure, which is an

advantage.

Table 4.4: Effects of neighbor densities on the accuracheéstimated positions (RMSE metric)
using R=15n.

| | osH = 3.9dBandn, = 2.6 | NEIGHBOR DENSITY |
DSCL-L Approach| DSCL-SL Approach
Nodes| min mean max min mean max| median mean mode min max
100 | 3.52| 453 |6.22|3.30| 4.27 | 5.55 6 6.2 5 0 15
150 |3.19| 3.72 | 5.09|2.99| 3.69 | 4.89 9 9.1 10 1 21
200 | 1.78| 2.63 | 3.62| 2.37| 3.25| 4.87 12 122 | 12 2 25

As an additional assessment, we present in Table 4.5 therelzetween the most represen-
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Table 4.5:npversusisy using 30n of coverage range on sensor nodes.

(b) Bilateration algorithm results. (a) DSCL-SL algorithm results.
OsH OsH

40 45 50 5.5 6.0 40 45 50 55 6.0
2.0|10.9| 13.0| 14.35| 15.67| 17.32 20| 40 |5.29|5.89| 6.82| 8.23
2.5|9.24|9.94| 11.09| 12.7 | 13.8 2.5]3.39|3.73| 4.19| 5.17| 5.60

np 3.0|734|822| 9116 | 10.1 | 11.2 | np, 3.0|2.40|2.93|3.28| 3.60| 4.26
3.5|/6.61|7.20| 781 | 881 | 9.71 3.5]2.19|245|2.76| 3.18| 3.55
40|5.42| 6.03| 6.89 | 7.49 | 8.17 40]1.69|1.88|2.05| 2.59| 2.73

tative values imp, osy, With R=30musing the bilateration and the iterative DSCL-SL algorithm
We assume that equation (4.7) is satisfied, and the parasristecribed earlier for the transmit-
ter/receiver are considered in our simulations. In eachbioation of values we are using the
average RMSE of the 20 WSNs. Table 4.5 shows that both adhgasiprovides better estimated
positions at high values inp and low values irosy implying that our procedures and simula-
tions have good correspondence with [54, 35], which disesigisat better estimated distances
are obtained for large values iy, and low values irosy. In addition, we can observe that the
RMSEs, for the initialization step in Table 4.5 (a), are giseianproved by the sublocal algorithm
shown in Table 4.5 (b) which shows an improvement of at leastPhese results show that our
iterative algorithm is capable of performing localizatiespite the adverse conditions presented

in RSS measurements. Simlilar results were obtained foOBmhnd R=15n.
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Figure 4.12: Mean RMSE values at different coverage rangeseasor nodes using the RSS
model with a fixedp = 2.6 and differentosp.
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4.5.2 Effect of Additive Errors on Localization Over Large Areas

In this subsection, we consider the DSCL-SL approach padoce in cases where the rang-
ing errors are additive Gaussian as described by the model (As discussed before, these
cases correspond to ranging errors on ToA measurementtheRuore, the additive case (not
necessarily Gaussian) has been commonly used to evaluatelotalization schemes. For our
assessment, we varied two parameters in our simulatiososeainge R andy. Our simulation
was ran for each range, by varyimg between 0 and 9.9 with increments of 0.3. Each value
of o4 was tested over the 20 network configurations, resulting@REISE values. In Figure
4.13, we consider the case where sensor range is 100 meterploNRMSE versugy where
the lower curve marked with the symbo®’ ‘represents the minimum RMSE value over the 20
network configurations, the curve marked with the symbalgépresents the maximum RMSE,
the middle curve marked with the symbol®' ‘represents the mean RMSE over the 20 networks,
and the highest curve represents the initial average RM&Ethe 20 networks provided by the
bilateration algorithm. We can infer there is a linear rielaship between RMSE army. It can

be seen that for rather large valuesayf, the localization algorithm is well behaved as there
is not a big deviation between the three lower curves. Alse,iterative algorithm provides a
significant improvement on the estimated positions giventtitial estimations marked with the
symbol ‘e’. We repeated the experiment for R#aand R=10n with the results shown in Figure
4.14. The same consistent linear behavior is observed ffaryabver the 20 networks, even at
R=10mwhere the neighbor density is low.

In Figure 4.15, we have plotted the mean RMSE curves for rdiffecoverage ranges at
R=3m, R=5m, R=10m, R=15m, R=30m, R=45m, R=60m, and R=10én. The top curve represents
the mean RMSE curve for the bilateration algorithm (i.es ttuirve represents the localization
error for the initial positions averaged over the 20 netwdrkVe can appreciate that the slope of
the curves gradually increases as R decreases. We alsaseg®itR < 15 andoy < 4, there is
no big improvement from the bilateration results. This &gy o4 could be considered a low

noise region where there is no incentive to apply the refimeralgorithm. In fact, ifog could
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Figure 4.13: DSCL-SL accuracy performance under diffelevetls of noise using a coverage
range of 10éh on sensor nodes and full connectivity on anchors.

be estimated in the field a decision could be made early indb&lization process to only do
bilateration and achieve significant energy savings. Rendalues inR (e.g., below 1) there

is no localization gain for alby, this can be explained by the low neighbor density in eactenod
where basically anchor range measurements are used taespositions. FOR > 30, we see
an improvement by a factor of 1.5 to 2.0, which checks with pn@vious observations for the
indoor network.

In Table 4.6 we summarize some statistics of neighbor desditDs obtained from the 20
WSNs as before described. Also, we present ToOA RMSE belasiadifferent R using a fixed
0g=6m. This table shows interesting relations among R, RMSE, abd For example, if we
reduce R from 10@ to 15m (a factor of 6.25), the mean neighbor density ND is also reduc

from 93.79 to 6.2 (a factor of 15.12), and the mean error iseimsed from Am to 5.85m (a
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factor of 1.81). This shows robustness under highly comsttascenarios. Also, RMSE results
imply that we can use shorter ranges with significant eneagings at the expense of little loss

in accuracy performance if this is convenient.

Table 4.6: Effects of ranging nodes in the accuracy of thieneséd positions using 100 sensor
nodes with the DSCL-SL scheme.

| | RMSE (ToA) | NEIGHBOR DENSITY |
g4 = 6m
Range| min mean max median mean mode min mM3x
100m | 2.61| 3.10 ({391 95 |93.75| 95 | 81 | 95
30m | 410 4.73|5.77| 215 | 21.2 | 23 8 | 35
15m | 5.03| 5.85 | 6.55 6 6.2 5 1 14

As final point we compare both parameters R and ND indiviguimlanalyze which one
affects more the estimated positions (such as the case R&S3pke as basis the last row from
Table 4.6 which provides information for both parameterd Brand NDx~ 6 nodes. Next, we
add new nodes in a random way to the 100 already deployed ndtlesnew WSNs are tested
considering R=1&, and Table 4.7 shows how the accuracy of the estimated pasitire also
improved by increasing the neiboring density. However, ae cbserve that, if we double the
range from R=1B1to R=30m (taking as basis the the last row from table 4.6), the mean RMS
improves from 585mto 4.73mwhile if we double the number of nodes from 100 to 200, we can
realize that the mean RMSE improves fro8%nto 5.26mimplying that increasing the range of
the nodes present a more relevant effect on the estimatéibpeghan increasing the neighbor
density. However, we should take into account doubling thatrange of coverage on sensor
nodes from R=1&to R=30m, for the last case, also increased ND from 6 to 21 (a factor®f 3
from which we conclude that R and ND are closely related angbitant aspects like energy
consumption (i.e., network lifetime), node prices, andusihess always should be contemplated
when deciding if a high density or large range has to be uséa rnExt chapter discusses the

modification of these algorithms to achieve energy effigjandocalization.
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Table 4.7: Effects of neighbor densities on the accurach®etstimated positions using R+t5

using the DSCL-SL scheme.
|

RMSE (ToA) | NEIGHBOR DENSITY |

0q = 6m
Nodes| min mean max
100 | 5.03| 5.85| 6.55 6

150 | 4.98| 5.48 | 6.07 9 9.1
200 | 4.56| 5.26 | 5.62 12 122 | 12 2

median mean mode min max

6.2 5 0 15
10 1 21
25
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Figure 4.14: Algorithm performance under different erroeasurements using different short
ranges on regular sensors considering full connectivitgroehors.
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Chapter 5

An Analysis of the Trade-off Between
Energy Consumption and Localization

Accuracy Using Stopping Criteria

We have introduced a type of distributed iterative locai@aalgorithm that relies on local search
regions that allows all nodes to update their positions kaneously. In Chapter 2, we also
introduced a bilateration algorithm for location initedition (or seeding) and compared it to a
closed-form least-square (LS) scheme and an iterative h&se using the Levenberg-Marquardt
(LM) algorithm.

Up to this point, we have only considered low computationahplexity and high localization
accuracy as the performance metrics for these algorithritBoégh these are important metrics
for WSNs, it is also important to evaluate them within theteahof energy consumption. Per-
haps, the most important constraint of a WSN is the battéeyadi the nodes. The energy (or
power) consumption is crucial for the lifetime of the netloit is typically assumed that bat-
teries can never be replaced nor the use of energy scavemgitigpds can provide the required
power over long periods.

There are different approaches to minimize energy consompt WSNs. First, the design
of low power hardware with low operating voltage or varyingguency parameters has been
subject of attention [68]. Second, the design of efficiefftvaare that accounts for sleep or low
duty hardware cycles, and the use of energy power protocelsalao of relevance. Third, the
use of collaborative and distributed computing algorithiha maximize the amount of in-sensor

computing while minimizing the amount of communication algamodes has been extensively
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studied. This last criterion is where most energy savingsbeaexpected on the long run, since
at some point the hardware and software is “frozen,” and rtbén improvements are possible at
this level.

This maximum computation versus minimum communicatiorag@gm is based on the fact
that the energy cost of wireless communications can be ®afenagnitude higher than the en-
ergy cost of computation [55]. Since our proposed algorglane iterative (and collaborative) in
nature and require wireless messages to transmit positidates, then a key requirement is to
minimize the amount of iterations (i.e., wireless transiaiss), required to achieve acceptable
localization accuracy. In this chapter we introduce the afs@ stopping criterion in our itera-
tive algorithms as a simple and effective method to limitdherall energy consumption of the
WSN. In Section 5.1, we analyze the impact of reducing thebmmof wireless transmissions
(e.g., using a stopping criterion) on localization accyrdn Section 5.3, we present a detailed
analysis of energy consumption of a WSN node. This secties aa energy model that allows

characterizing, at a very detailed level, the energy comsiam in nodes through simulations.

5.1 Design Criteria for Energy-Aware in WSN

Iterative methods, in essence, require the repetition obegalurel times to find the solutionto a
problem. If the localization algorithm converges, eachaitien takes us closer to a solution while
the improvement on the solution starts to decrease. In a Vit3§dassumed that motes have a
finite amount of energy (i.e., non renewable) which shouldbémized to extend the network
lifetime. For each mote, an iteration involves processing wireless transmissions/receptions
which in turn reduces its energy budget.

A trade-off between energy consumption and accuracy carchiewed with the use of a
stopping criterion that controls the number of iteratiamsurred. In this section we evaluate the

accuracy (RMSE) versus energy efficiency when the follovataypping criterion is used in our
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proposed iterative-distributed algorithms:
o —pfll < T (5.1)

At each iteration, each sensgicompares its current and previous position estimate. Ag lon
as the change in position is larger thafin meters), the sensor keeps updating and broadcasting
its position to its neighbors. If a senspsatisfies the stopping criterion (5.1) affeiterations, it
will transmit its final estimatqaiJi with a “stopping flag indicating that it will not longer transmit
a new position. Its remaining neighboring nodes shouldpﬂ”sen further position updates. In

this way, all nodes will gradually stop the process of uptibroadcasting their positions.

5.2 Impact of a Stopping Criterion on Distributed Localiza-

tion Algorithms

As can be expected, as larger valuestf@re used, on the average, the sensors will require a
lower number of iterations while producing location estiesawith larger errors. In this section
we present an extensive evaluation of this tradeoff. Weoperfa similar set of simulations as in
the previous chapter with the difference of adding (5.1) kpofithm 3. Hence, a mote will stop

if Tis met or the maximum number of iterations is reached (se®@iri our case).

As part of this evaluation, we should consider that theahjioint for an iterative algorithm
is closely related with its robustness and convergencen gbis section we also evaluate the
impact of the initialization algorithms discussed in Cleait on the performance of our iterative
approaches. The initialization RMSEs are summarized ineTald over the 20 test WSNs used
previously. For instance, on the average (over 20 WSNSs) Bilageration algorithm has an
average localization error (RMSE) of 12.96 meters with ad&ad deviation of 0.84 meters per
mote.

In our simulations, we are using the same set of ranging meamnts for the 20 WSNs

presented in Section 2.4. Given a set of initial estimatesv{gded by initialization algorithms)
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Table 5.1: Mean RMSE and standard deviation for initialneates of 20 networks.

Initialization Mean and SD over 20 WSN nodes
Algorithm Mean RMSE| SD
LS Multilateration 22.7m 2.22m
Bilateration 12.96m 0.84m
LM 12.54m 0.69m
TRR 12.53m 0.68m

shown in Table 5.1 and a fixed threshaldeach nodes refines its positiorpf’ using one of
our distributed spatially constrained localization (DS@lgorithms until either equation (5.1) is
satisfied or a maximum number of iterations (bounded to 196pmpleted.

Using DSCL with local objective functions (DSCL-L), we pernfned the localization process
for each one of the 20 networks over different values ef|0,0.5]. The particular case af= 0
refers to the situation where each mote will perform 10Giiens as before. The average RMSE
(over the 20 WSNs) va is presented Figure 5.1. There are four plots in the figulié gresents
RMSE values using the closed-form LS algorithm for inizalion, “e” presents the bilateration
results, and the&” and “»” curves represent the LM and the TRR algorithms respegtivedr
the last two cases, we can see that both initialization algos provide the same initial position
estimates, as shown Figure 2.4, so the final position estsraie also the same, and they are

overlapped.
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Local approach using the stopping criteria Hp:”—p:H <z
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Figure 5.1: Accuracy versus stopping criteria in the iigeaDSCL-L scheme at different initial
estimates.

As expected, Figure 5.1 shows higher RMSE values wihisnincremented as sensors node
stops its iterative process earlier. We can observe thaerbgosition estimates are obtained
using the LM and the TRR initialization. However, when thiatdration scheme provides the
initial estimates, final RMSE values are very close to thé tas schemes specially at lower
values int. Also, we observe that the worst scenario is presented wieh$ multilateration
provides the initial estimates. However, position estasadre greatly improved indicating that
DSCL-L shows robustness to poor initial estimates. For gtanthe mean RMSE value over
20 networks provided by the LS multilateration is. 22 as shown Table 5.1, and the DSCL-
L approach improves these initial estimates reaching a RASE value of 404m for a t=0.
Figure 5.2 shows the standard deviation of the 20 RMSE vdtuesacht. All cases show narrow

variations indicating that the iterative DSCL-L algorithsnwvell behaved.
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DSCL-L approach using the stopping criterion ||p:+1
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Figure 5.2: SD of the mean RMSE values.

Next, we analyze the relation between the number of wirdiessmissions and position
accuracy considering different thresholds in the stoppiitgrion (5.1). Let us definwirj as the
maximum number of wireless transmissionsspent by the sensay in the networkj to reach

its final estimate!', wherei = 1,...,96, j = 1,...,20, andt is varied between 0 and 0.5. Then

. 1 96 . ( )
J 96i; "

is the average wireless transmissions for all sensors giglgto networkj with a fixed threshold

T. Next, we define
T—— t 53
=202 (53)

as the average number of transmissions per mote over then20aséd WSNSs.
Figure 5.3 plot<' at different thresholds. As can be seen, DSCL-L spendsipadigtthe

same number of wireless transmissions when the bilatexatidl, and TRR schemes provide
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initial estimates. Also, it is easy to see how increadimgcreases the number of wireless trans-
missions which should lead to energy savings (as discussexdddn this chapter). On the other
hand, for the closed-form LS scheme, an additional 1000leggetransmissions (on average)
are generated for a givan We deduce that more iterations are required given the potali
estimates of LS multi-lateration. Figure 5.4 shows theddiath deviation (SD) o' at different

T values. Clearly the DSCL-L approach provides lower stashdawiations when using the TRR
or the LM as initial estimates. Also, the DSCL-L approachagates the best position estimates

for these two schemes followed by our proposed bilateratigarithm, as shown Figure 5.1.

I+1

DSCL-L approach using the stopping criteria Hpi —p:|| <7
& ! ! ! !
9000 -+ SRR o m LS/DSCL-L  Combination|
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Figure 5.3: Wireless transmissions averadg) (at eachr using the iterative DSCL-L scheme.

92



DSCL-L approach using the stopping criterion ||p:”—p:|| <1
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Figure 5.4: Standard deviation &f at eactr.

Figure 5.5 summarizes localization accuracy versus eredfigyency, considering only wire-
less transmissions using DSCL-L at different threshold&/e simplify our analysis considering
only transmissions, and present a more detailed (transmissception) analysis on the next
section. Clearly, we can observe that the best performaappdmns when the LM or TRR al-
gorithms provides the initial estimates. Note that at O, we achieve the lowest RMSE of 3.4
meters with 9600 transmissions (96 sensors broadcastangupdated 100 times). As before,
there is a dependence on the initialization algorithm withgame order of performance.

What is more relevant about Figure 5.5 is the effect of theshold over performance. We
note that fort = 0.05 (i.e., 5 cm.), the number of radio transmissions is haWiitk the average
localization performance decreases about 0.5 meters.t Fob.05, we loose around a meter
in average accuracy while reducing the number of transongsi about a third with respect to

T = 0. This leads us to the question on which of the two metricsasenimportant given the
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energy constraints of a WSN. Given that the error for low &RSE is on the order of four to five
meters, we can argue that relaxing the value &b 0.15 meters should lead us to satisfactory
localization performance at a much lower energy cost. Maggaf the quantities measured by

the WSN are slow to medium varying, the effect of localizatssror would be attenuated by the

characteristics of the signal.

RMSE versus Transmissions using the stopping criterion ||d|+1—p:|| <1t
14 ! ! ! ! ! ! ! ! !
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Figure 5.5: Accuracy versus wireless-transmissions feitdgrative DSCL-L approach at differ-
ent initial estimates.

Using DSCL with sub-local objective functions (DSCL-SLepented similar RMSE behav-
ior in the sense that as reducingthe RMSE also is reduced as shown Figure 5.6. Clearly, the
DSCL-SL approach provides the lowest RMSE values when ubied RR and LM initial esti-
mates. They are around@in below the bilateration and aroundth below the LS approach on
average. Moreover, RMSE standard deviations for bothaiimation approaches, the TRR and

LM, are lower than the bilateration and LS multilateratichemes, as shown Figure 5.7.
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Mean RMSE values over 20 WSNs
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Figure 5.6: Accuracy versus stopping criteria in the iigegaDSCL-SL scheme at different initial

estimates.
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Figure 5.7: SD of the mean RMSE values.
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Figure 5.8 show§" at different thresholds using the DSCL-SL algorithm. We can see that
the DSCL-SL approach uses the same number of transmissioers using the LM, TRR, and
bilateration initial estimates. However, the RMSE for eaake is different as shown Figure 5.6.
Also, when LS multilateration is used, it requires aroun@ &6rations above other schemes for
a given threshold. However, we should consider that ingsimates for this method provided,
in average, an initial error of 22Zmas shown Table 5.1. We can observe that, similar to DSCL-L,

this iterative algorithm is robust to bad initial estimates

1+1
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Figure 5.8: Wireless transmissions avergfat eactrt using the iterative DSCL-SL scheme.
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DSCL-SL approach using the stopping criterion Hp:”—p:\l <t
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Figure 5.9: SD of ¢') at eaclr.

Figure 5.10 summarizes RMSE vs. number of wireless trarssoms. From the figure we
conclude that the best tradeoff between position estimatdswireless transmissions happens
when initial estimates are provided either by the LM or TR&oaithms. As before, we see that
small values oft lower significantly the number of transmissions while maiiming acceptable
localization performance. On the other hand, DSCL-L alwagdormed better that the DSCL-

SL counterpart.
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RMSE versus Transmissions using the stopping criterion ||d|+1—p:|| <1t
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Figure 5.10: Accuracy versus wireless-transmissionsHeriterative DSCL-L approach at dif-
ferent initial estimates.

In conclusion, DSCL-L has a better performance than DSClaSlkeflected by the RMSE
vS. wireless-transmission results presented in Figuesld 5.10 respectively. For example,
considering the LM initialization algorithm and 2500 wiek transmissions in both iterative
algorithms, DSCL-L provides an RMSE of aroundB2m while DSCL-SL provides a RMSE
around 589m. This implies that DSCL-L can achieve the same RMSE as DSClyvigh fewer
transmissions. Far = 0, the LM initialization with DSCL-SL requires 9600 wireketransmis-
sions to achieve an average RMSE value.@dmwhile DSCL-L only uses around 3700 wireless
transmissions to reach the same accuracy position.

Up until this point, we have only considered one part of thergy consumption in a mote
(i.e. wireless transmissions). In the next section, we ldgva complete energy consumption

analysis for the full end-to-end localization process afmoposed algorithms.
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5.3 An End-to-End Cycle Accurate Analysis of Energy Con-

sumption for Localization

5.3.1 AnEnergy-Consumption Model for Distributed/Collaborative Local-

ization Schemes

There has been considerable work on developing energyegifiparadigms for WSN [68, 27, 60,
37]. We are not aware of an extensive and detailed study afrthact of energy consumption on
the localization task and vice versa. In this section, weardezested on a cycle and transmission
accurate model that captures energy consumption at the faves namely, computation cycles
and single bit transmissions. These are common denomgtitar can be used to compare all
possible localization schemes.

Specifically, we adopt the energy model developed by WangGimehdraKasan [68]. In
spirit, they pursue a similar goal. To make our developmentrdto earth, we also adopt as
a case of study the node architecture they develop with ad BY® processor and a 2.45 GHz
radio. The SA-1100 is a 32 bit MCU with more than enough coratiomal resources to ex-
ecute the localization schemes. In their paper, they etaliie performance of the SA-1100
over the operating voltage and clock frequency space, giryia voltage-frequency curve that
characterized the minimum voltage needed for a given operalock frequency or vice versa.

The energy model considers three main sources of consumgtfjecomputation, 2) leakage

under realistic voltage/frequency, and 3) transceivetscommely
Etot = Ecyc+ Eleak+ Ecom (5.4)

The computational energy in our case reflects the complefitire localization algorithms in

terms of processor cycles. For the end-to-end computdtiocelization process we have

Ecyc= Einit + EiTER, (5.5)
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whereEn T is the energy spent on the initialization algorithm &iler is the total energy spent

on the distributed-iterative localization scheme. Fro®j[@ve have
Einit = N-Kinit -C -V, (5.6)

and
Erer=J Kiter-C- V2, (5.7)

whereC is the average switched capacitance (per clock cy¥lg)is the power supply voltage,
N is the number of sensor nodéSy T the number of cycles needed by a single sensor to execute
the initialization algorithm, an&tgg refers to the number of cycles needed by a single sensor
to execute one iteration of the iterative algorithm. TheueabfJ refers to the total number of
iterations over the full localization process. We note ttadties oKy 7, J, andK tgr are highly
dependent on the network topology and number of local neighéind hence the communication
range. In this sense, these parameters can be seen as raamiioteg. Hence, we can look at the
average performance by
Kiter = e{KiTER}
Kint = e{KiniT} (5.8)
J=¢{J}
and using these expected values in equations (5.6) and (5.7)
Similar arguments can be used to derive the Leakage enerighighexpressed by the fol-

lowing general formula [68]:

Vdd K
Eleak= (V4 f,K) = Vqyd ('oe”\’f) (T) , (5.9)

wheref is the clock frequency is the number of cycles for a given task, dgdn, Vir are mi-
croprocessor dependent parameters. We have performedibysiarof the number of processor
cycles for the initialization and iterative algorithms. further sections we will provide explicit

parameterizations.
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The cost of wireless communications is known to be substiytarger than computation.
Wang and Chandrakasan [68] cite a 1 to 150 instruction tcstnéited bit cost. Hence, for a
100 byte package, it would take approximately ¥3®x 100 processor cycles to spend the same
energy. The transmitter/receiver cost consists of two ammepts. For transmission of a k-bit
package we have

Erx (k,d) = Eelec- K+ €amp- K- d?, (5.10)

whereEgjec = 50”—bJ, Eamp = 100pJ/b/n?, andd is the transmission range. Similarly, for the

reception of a k-bit package we have
ERX(k) = Eelec- k. (5-11)

The communication cost for the initialization stage is iggle in our case. However, the
iterative schemes have a strong dependence on local vémalessaging. Hence, our development
of a stopping criterion is the first line for reducing energymsumption. Let us consider thgom

component for a sensoduring iteration modeled as
Ecom(k,d) = Erx(k,d) + Bij- ERx(K). (5.12)

At each iterationj, a sensos broadcast its position update and receigsmessages from its
neighbors. We can expect trﬁ"tﬁm% 0 asj — Jmax Or similarly,3j j — 0 asj — Jmax SO the

total transceiver energy for a sens@an be denoted as

Elin = 3 (Evx(d) +B - Enx()
= JErx (k, d) + <_izilBi7j) . ERx(k) (5.13)

= JErx (k,d) + BiErx (K),

whereJ; represents the total number of transmissions requiredrisosg before it stops updating
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its position (i.e., meets the stopping criteria), and

Ji
Bi = _;Bi, i (5.14)

is the total number of wireless receptions $pbefore meeting the stop criteria. We note that
andB; are RVs since it is not possible to know the number of iteretibrequired for the mote to
reach the stopping criteria. The issue is more complex fok@ge reception since the tefdp;

is also a RV that represents the number of active neighbogsabfiterationj. A more extreme
situation would be to establish an algorithmic policy topst@nsmissions iB; j = 0 before the
stop criterion is reached for sensprHowever, this situation is left for further study in thedug.
Now, we are ready to compute the total communication eneyggri N-node network. This is

given as

N .
Ecom= ZEéQm(k,d>, (5.15)
i=

where

N
(o) =2 % Erx(kd)+Bi-Erx (K (5.16)

:J-ETx(k,d)-i-B-ERx(k),

J= Z J, andB = Z Bi. In this casel represents the total number of transmissionsktie total
number of receptlons over the complete localization prac¥ée note that botB andJ can be
measured by motes. We also note thandB are the sum of N random variables. If we assume
that the network properties are uniform over space, thandB; are assumed to have the same
distribution for alli. By the central limit theorem (CLT), both J and N can be apgihed as
Gaussian RVs.

Given the statistical nature of the number of transmissamtsreceptions, we then consider

the communication energy cdsfom(k,d) as a RV, and use its expected value as the representative
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value “on the average” for the total energy spent by the WSHdalization. Hence we have

Ecom :s{Ecom(k,d)}
=¢e{J} Erx(k,d) +€{B}Erx(K).

(5.17)

We note that this expression provides an average behawlad@es not reflect the fact that some
sensors will incur on more energy costs. However, simuiatindicate that only a small fraction
of the nodes will go incur a significant extra cost.

Reviewing our expression for energy we have

Eiot = Ecyc+ Eleak‘f‘Ecom(k, d)

- B (5.18)
= Ecyc+ Eleak+ JErx (k,d) + BErx (K) .

We note that the valué refers to the total number of transmissions in the netwotkiarfact is
the same as the sum of the total number of iterations useddbysemsor in the network. As we
are mostly interested on a comparative analysis, among¢jzatian algorithms, we can simplify

our expression by removing thg.,« factor to finally use
Etot = Ecyc+ JErx(k,d) + BErx(K) (5.19)

as the total energy required to perform the complete loatim process over a WSN.

5.4 Quantitative Analysis of Energy Consumption in Local-
ization
5.4.1 Energy Consumption of Localization Algorithms

In this section, we look closely at the energy consumptiotheflocalization algorithms used
in the initialization and refinement stages, described iapgiér 2 and Chapter 3 respectively.

Specifically, we are interested on comparing the bilatenatBL), Levenberg-Marquardt (LM),
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DSCL-L, and DSCL-LS approaches. Our objective is to preseti¢tailed analysis of energy
consumption based on CPU cycles and the number of wirekassmissions/receptions (Tx/Rx)
required during the localization process.

First, we compare the RMSE-Energy performance betweenropoged BL and the LM al-
gorithms since the LM algorithm is an efficient optimizat@igorithm (computationally speak-
ing) and guarantees in the worst of the cases convergendedalaninimal. We analyze in detail
energy consumption versus localization accuracy for eathedfour possible combinations be-
tween initialization and refinement algorithms: LM with DSC, LM with DSCL-SL, BL with
DSCL-L, and BL with DSCL-SL.

On previous chapters we analyzed the computational cortylek the initialization and
refinement algorithms in terms of the four basic operatioes, ADD, MUL, DIV, and SQRT).
Furthermore, in Section 5.3, we presented a detailed ardtysenergy consumption in terms of
CPU cycles and wireless Tx/Rx. Hence, to complete the erearglysis, we need the number of
CPU cycles required for the four basic operations as flogioigt operations. These values are
highly dependant on the architecture of the mote proceddwy also depend on whether they
are implemented in software or if there is a floating-poirit.ulllso, they need to be determined
through extensive profiling using a cycle-accurate sinaulat

For example, for the ATmega32 microcontroller, we found fleating addition takes about
800 cycles using software emulation, similarly we have 20300, and 700 for MUL, DIV and
SQRT respectively. An extensive study in [19] provides gaeatesentative values for processors
with some level of hardware support. The values are sumethon Table 5.2, and it shows the
relation between basic operations and CPU cycles. We hdeetase these values for all our

subsequent simulations.

Table 5.2: Operation cycle counts

[ADD [ MUL | DIV | SQRT|
[ 11 [ 25 |112] 119 |

Next, we use Table 2.1 and Table 2.2 to obtain the number of Gfelés required by each
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initialization stage, LM, and BL, respectively. For the Lkitialization stage we are using M=4
anchors and the random variablEsandk. We recall that k is the number of iterations spent
by the LM algorithm to find a solution. These values are olgdithrough simulations where
e{T} = 2 ande{k} = 13. In this way the total cycles required by the LM algorithoea@rding to
equation (2.46) is given by

Kim= €{k}[(M+4)e{T}+15M+7)(11)+
(M+2)e{T}+12M +18) (25)+
(M+1)(112+
(2M +4)(119 | = 63063 cycles

(5.20)

Similarly, the total number of cycles used by the BL stagavsmgby equation (2.47) as

KeL= (11)(11Q+39)+

(25)(12Q+9)+

(112)(3Q)+ (5.21)
(119(2Q)+

(

NsorT) = 9965 cycles

whereQ = 6,S= 15, andNsorT= 2750. The value foNsporT represents the total number of
cycles required to perform the sorting step of the BL aldponit This step can be performed using
efficiently the Quickselect algorithm [42]. The value fgorT Was obtained from a profiling
study done for several sorting algorithms [65] implemergadmicrocontrollers similar to the
SA-1000. As expected, the LM algorithm is more expensivenfmatationally speaking) than de
BL scheme.

Given the total cycle counts for each initialization algiom, we can apply equation (5.6) to
compute their energy consumption. For convenience, wateetiie equation as for initialization

stages according to the next equation:
Einit = N-Kinit -C- Vg, (5.22)
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whereN = 96 represents the number of nodes in the netwBrk, 0.67nF was obtained exper-
imentally in [60], andVyq = 0.85 volts according to [68]. Then, the energy spent by the LM
algorithm isg; v = 2.93mJ, and the energy spent by the BL algorithnigs = 0.463mJ. We
observe a six to one relationship among both algorithms.ckleour initial inclination would
be to advocate the use of the BL algorithm. However, givenrélalts on the previous sections
where using LM improved the performance of the iterativeescts, we need to perform a holistic

analysis to see if these improvements offset the additiematgy cost of LM initialization.

5.4.2 Computational Complexity of Iterative Localization Algorithms

The next step consists on analyzing the computational cexitplof our iterative algorithms.
Without loss of generality, the next paragraphs show théyaisafor the DSCL-L approach (i.e.,
local objective functions). The derivation for the DSCL-&lgorithm is essentially the same and
we only show the results of the DSCL-L analysis.

Given that the algorithms are iterative, and that eachtiteras closely tied to broadcast and
reception of position updates, it should not be a surprigettie computational complexity of our
distributed algorithms is also tied to the random varialdeandJ;, introduced on the previous
sections (see equations (5.13) and (5.14), respectivging the RSS propagation models with
our WSN simulator, we estimated the the expected valueBifand J; for eachs. The total
number of wireless transmissiodsand reception® are simply given by equation 5.16. This
estimation process was repeated for a rangelbstween zero and 0.5 meters. This process was
repeated over the 20 test WSNs. Table 5.3 shows the estifoatdd} ande{B} obtained as the
average over the 20 networks. We see that for all four casesumber of receptions dominates
transmissions making the former a major component of theggrexpenses. However, the decay
on the number of transmissions as a function & very fast which indicates that a major focus
for energy savings should be on finding ways to reduce remepgarly on the iterative process.

Let us to consider Table 5.4 which shows the number of bastabiens required by a sensor

§ at iterationj for the DSCL-L algorithm. Using Table 5.2, we can computertamber of CPU
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Table 5.3: Average wireless transmissions and receptmrité complete localization process.

Initialization | Expectationt 1=0 | t=0.05| 1=01| 1=015| 1=02| 1=025| 1=03| 1=035| 1=04| 1=045| 1=05
LM- e{B} 192300 | 62359 | 51827 | 42100 | 29982 | 20066 | 12783 8146 4887 2612 1312
DSCL-L e{J} 9600 4481 4345 3970 3691 3269 2764 2270 1844 1536 1265
Bilateration- e{B} 192300/ 63361 | 52286 | 42806 | 30644 | 20106 | 12979 8157 4626 2385 1178
DSCL-L e{J} 9600 4620 4456 4032 3762 3351 2820 2318 1902 1560 1281
LM- e{B} 192300 | 59757 | 31610| 19133 | 12252 8133 5486 3728 2565 1764 1260
DSCL-SL e{J} 9600 5699 3755 2720 2089 1677 1370 1135 959 815 698
BL- e{B} 192300/ 59436 | 31311| 18883 | 12051 7902 5270 3562 2450 1672 1166
DSCL-SL e{J} 9600 5690 3739 2702 2088 1655 1346 1116 941 797 677




cycles required for a single iteratigrof the iterative algorithm at nodeas

(P+1) (Bi,j +M—2) +1+3(Bij+M)+3) (11)+

ITER_ (
(2(P+1)(Bi,j +M)+2) (25)+
(
(

(5.23)
112)+

(P+1)(Bi,j +M)+1)(119),

whereM = 4 is the number of anchor§; j is the number of neighbors (i.e, receptions), and

P = 25 is the number of points inside the search regdpas defined in Algorithm 3.

Table 5.4: Basic operations in the DSCL-L approach in a siitgration.

| Operation| Number of operations |
ADD | (P+1)(i j+M-2)+1+3(;,j+M)+3
MUL 2(P+1)G  +M)+2
DIV 1
SQR (P+1)@i j+M)+1

Finally, the total number of cycles for the DSCL-L algoritlaver the complete localization

process can be computed as follows:

N J
KiTErR= ZZ Locap (5.24)
T

whereN is the number of sensors on the network dnt the number of iterations needed by
sensors before the stop criteria is met. As befoflg,; andJ; are random variables that depend
on the (random) spatial distribution of the nodes and thiainéstimates, provided by the BL
and LM algorithms. ThusK;ter should be determined through simulation. Table 5.5 shows
the estimated of the expected value (i.e., mean value) ofatad number of CPU cycles for

an N-node network at different values of The estimates are obtained as the average over the
20 WSNs. Table 5.5 also presents the cycle estimates for 8@LESL which were derived

following a similar methodology.
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Table 5.5: Expected total number of CPU cycles in a N-nodeort using the DSCL-L and DSCL-SL approaches at different
thresholds and initial estimates. The expected values atpied by 10

| Initialization | Refinemenf 1=0 [1=0.05]1=01][1=015[1=02|1=025[/1=03]1=035/1=04][1=045[1=05|
LM DSCL-L | 1.3865| 0.6715 | 0.5874| 0.4992 | 0.3789| 0.2791 | 0.2868| 0.1525 | 0.1144| 0.0835 | 0.061
DSCL-SL | 1.3483| 0.6633 | 0.3907| 0.2714 | 0.1985| 0.1528 | 0.1191| 0.0955 | 0.0773| 0.0629 | 0.0525
Bilateration | DSCL-L | 1.3865| 0.6948 | 0.5965| 0.5132 | 0.3893| 0.2837 | 0.2148| 0.1598 | 0.1195| 0.0834 | 0.0592
DSCL-SL | 1.3483| 0.6714 | 0.3961| 0.2690 | 0.1958| 0.1495 | 0.1160| 0.0927 | 0.0762| 0.0628 | 0.0519




5.4.3 Overall Energy Consumption of Localization Process

Based on our extensive development of the energy model,rthkstiep is to combine equations
(5.5),(5.18) (5.17), (5.22), (5.24), and (5.25) to deterthe total energy consumed. The final
expression is

Eror = EiniT +EiTer+J-Erx(k d) +B-Erx(K), (5.25)

where EjnjT could beEy or Eg, and E;Tegr refers to the DSCL-L or DSCL-SL iterative
schemes. We evaluaks o7 for different values oft assuming RSS range measurements with
d = 30 andk = 56 bits. The value dt was determined based on the discussion presented in [30].
Figure 5.11 shows the relation between RMSE (localizatimorgandt for each combina-
tion of initialization-refinement algorithms. These résidummarize the content of Figure 5.1
and Figure 5.6. We observe that for low values in the threshok 0.30m, the LM/DSCL-
L combination provides the best position estimates clog®lgwed by BL/DSCL-L. In Figure
5.12, we finally present the relationship betwé&ggyt andt. We see that the DSCL-SL algorithm
uses the lowest energy for a giverHowever, this plot is misleading, as there is no evidenat th

using the same implies a uniform assessment of performance.
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Figure 5.11: RMSE versusfor the DSCL-L and DSCL-SL approaches at different initisti-€
mates.
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Figure 5.12: Energy versus stopping criteria using the D&CGind DSCL-SL approaches at
different initial estimates.

If we compare the RMSE-Energy performance between the LMIDE and LM/DSCL-SL
with T = 0.1m, we can see that the LM/DSCL-L combination provides a RMSE.@80m as
shown Figure 5.11, but it consumes 0.185 Joules as showneFigi2, while the LM/DSCL-SL

combination consumes 0.122 Joules showing a higher RMSESGHb so clearly the former

combination provides a better RMSE, but the second combimaan save more energy. A more
appropriate comparison would be to assess the relatiot&tipeen energy consumption and
RMSE. The most desirable localization system would be tleetbat provides the lowest RMSE,

using the lowest possible amount of energy. Figure 5.13 esefggures 5.11 and 5.12 to detail
the relation between RMSE and Energy.
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Figure 5.13: RMSE versus Energy for the four combinationsitihlization-iterative schemes.

We can appreciate in Figure 5.11 that there is an intersebigtween the LM/DSCL-L and
LM/DSCL-SL performances. It occurs at RMSESM and 0.07J, so clearly we can observe
that for low power consumption or higher RMSEs, the combamat M/DSCL-SL presents the
best performance. RMSEs higher thaBrfin the position estimates may not be very useful in
real applications. However in such applications where gelaerrors is tolerable, these combi-
nation of algorithms should be considered. On the other hfmndRMSEs below to &m the
combination LM/DSCL-L provides the best performance, elpgollowed by the combination
BL/DSCL-L approach.

It is interesting to observe that even though the BL schemaired significantly less CPU
cycles to obtain initial estimates than the LM algorithng thtter provides an overall lower power
consumption with a better RMSE performance when combinddavuir iterative algorithms. The
energy requirements of the initialization algorithm argliggble when we consider the commu-
nication costs and the computational complexity of theatige schemes. Moreover, the benefits

of the LM algorithm are apparent since it provides a bett#tainpoint that in turn reduces the
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overall number of iterations with a resulting reduction orergy consumption.

5.5 Chapter Conclusions

In this chapter we explored the use of a stopping criteriom aseans to control the energy
consumption of the distributed iterative algorithms. Owimobjective is to achieve the lowest
localization error with the lowest energy (or power) expieure in order to maximize the lifetime
of the network. Given the iterative nature of the schemes,objective was to minimize the
number of transmission/receptions.

To provide an objective quantitative comparison amongrélyns, we performed an energy
analysis that describes the algorithms at the level of camgweycles and single bit transmis-
sion. An energy model was derived based on other well knowdeth@nd evaluated through
simulations over 20 test WSNs. We found that the quality efittitial position estimated plays a
crucial role on reducing the overall number of wireless rages. Hence, using the LM algorithm
instead of the BL algorithm provides slightly better RMSEE &agiven energy budget, despite the
fact that the LM scheme is about six times more expensiveltisaim CPU cycles. This result is
more apparent for the scheme using sub-local objectiveifurs: Additionally, both algorithms
showed to be very robust to poor initial estimates, progdignificant improvements for the
case of multilateration LS which showed an initializatioM 8E of 24 meters.

Moreover, we found that DSCL-L gives the best energy-RM@i8doff fort < .25m. It is
relevant to note that for low values othe energy consumption can be reduced to a third of the
largest energy budget & 0), while losing less than one meter of accuracy. Given thasue-
ment errors found in GPS system (around 5 meters under dgtmeaof sight conditions), we
found our localization errors quite competitive (less tdammeters on the average).

Our best, but most expensive, localization error was abd@% feters on the average. The
obvious question to ask next is if we can achieve this erteratlower energy consumption. We

show in the next two chapters, post-processing or refinihgrees that target this objective.
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Chapter 6

Improvements of Localization Accuracy

using Anchor Convex Hulls

Up to this point we have introduced a localization processsisting of an initialization stage
and a refinement stage. The latter stage consists of a eariaitimultilateration. The algorithm
is an iterative collaborative process where all sensoresmispatially-constrained optimization
problem to determine position updates which are broadddsteontinue position refinement
over the next iteration. We introduced two types of objexfiinctions: local and sub-local. In
the local case, each sensor tries to minimize the mean absahge error with all its neighbors
simultaneously. In the sub-local case, the objective fonas actually a set of objective functions
where the range error is satisfied between a node an each da@eighbors separately. A final
solution is found by averaging the sub-local solutions.

Our iterative algorithm is characterized by a spatial c@mst that limits the solution space to
some region around the current position estimate. Thistcinsallows all the nodes to update
their position simultaneously while achieving convergena general, experimental results show
the local objective function performs better than the sadal case. We note that the proposed
approach has computational characteristics that allowlefdoyment on real mote hardware.
Furthermore, in Chapter 5, we introduced a simple stoppitigrion based on a threshotd
that relaxes the absolute distance change between posjidates. Each node stops updating
its position once is exceeded. We performed an extensive evaluation of thedfabetween
localization accuracy and energy consumption. This is awkelyic for an iterative scheme as we
want to minimize the number of wireless transmissionsfrgoas (the most energy expensive

operations on a WSN) while providing the best localizatioousacy. Obviously these are con-
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flicting goals; ag increases, the cost of wireless communication decreasiéstv localization
RMSE increases. We found that there is a strong dependentteeanitialization scheme and
that the local objective function provides a better accysamergy tradeoff.

As discussed before, in WSN deployments, anchors are setielower densities than reg-
ular nodes. For instance, in [25, 62]%%6 to 2% anchor proportion is assumed. In our previous
experiments we have assumed a 24 to 1 relationship over a 100 area. Based on the later
premise, we will typically have many sensor nodes lyingdesif the contour formed by at least
three non-collinear anchors. We define each one of thesewss anchor convex hull (ACH).
A relevant behavior between an ACH and the sensor nodesw&asever in our simulations was
that those nodes located inside ACH tend to be well local®ent a shorter number of iterations
when compared to those nodes located outside the ACH. Aasiotiservation has been reported
in[25, 7, 33].

Hence, we could visualize an additional step to our locibnrascheme where each sensor
determine its membership to an ACH and performs the lodadiz@rocess using the correspond-
ing anchors and ACH member nodes. This step should hypodigtiead to an improvement of
localization accuracy (i.e., RMSE) over a large scale ndtwioat forms a super-grid of ACHS.
In addition, it will be of interest if we can develop additedmefinement steps based on the use of
an ACH to select which nodes can be further refined (i.e., weowe those nodes who bias the
localization towards higher RMSES).

In this chapter we explore strategies that can be used teaserthe node position accuracy
based on ACH membership. The drawback of this strategy tsathasensor needs to determine
the ACH to decide if it belongs or not to the ACH. However, aveaapproximation to the ACH
can be used for any sensor in order to reduce processing. Veéedhaded this chapter in four
main sections. Section 6.1 validates through extensivalaiions our assessment on the sig-
nificance of the ACH on localization accuracy. In Section, &2 present an ACH refinement
method that can improve sensor location at the expense béh@nergy requirements. Finally
in Section 6.3 we present a non-iterative refinement stagfestiows significant improvement

on accuracy and energy performance by solving an unconsttaiptimization problem with the
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LM algorithm.

6.1 Impact of Anchor Convex Hull on Localization

In this section we show through extensive simulations homitetative algorithms provide better
position estimates foinner nodes tharouter. Without loss of generality, we use the BL and
DSCL-SL algorithms in our evaluation; we found similar beloa for other combinations of
algorithms. In our test WSNs, described in Section 4.5.¢h eetwork is composed by four an-
chors where the RSS ranging technique is used to estimaéi@des between pairs of neighboring
nodes. In our simulations, we use propagation paramgtges 2.6,R = 30m andogg = 6, and

equation (4.7) is used by each node to bound noisy estimstiEndes from neighboring nodes.

6.1.1 Effects of Centered ACHSs in the Accuracy Performance

This subsection is focused on testing localization acgui@cinner nodes based on the position
of the nodes with respect to the ACH. We are using the maximumber of iterations (i.e.,
equal to 100) as the only stopping criterion in our simulagioNe are using strategically square-
centered ACHs, as shown Figure 6.1, for testing each oneed@metworks.

Each ACH is evaluated on each one of the 20 WSNs. The BL algoris used as the
first stage to provide initial estimates followed by our DSSL algorithm which is run for 100
iterations. On each network we have two groups: itiver and outer nodes from which we
obtain the localization RMSE separately. We obtain the RM&@Eeach group of nodes, so 20
RMSE values are obtained per group in each ACH set. We plandgen RMSE of each group
in Figure 6.2 at different ACH sizes. Figure 6.2 shows thater nodes present higher RMSE
on the estimated positions thamer nodes for both the BL and DSCL-SL algorithms. Also, we
plot the overall (hnerandouternodes) mean RMSE as a reference to the results shown in Figure
4.12(b).

Table 6.1 presents more detailed information in the serstewh can see how the position

and size of the ACH affects the initial position estimatesréy Group 1 corresponds to timaer
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Figure 6.1: Different Convex Hulls formed by four anchorsdted at the corners.

nodes and Group 2 represents théer nodes. The results confirm that better initial estimated
positions are obtained fonner nodes whose differences with respecbtder nodes are more
notorious as the size of the ACH decreases.

Similarly, mean RMSE values for the DSCL-SL approach areraanzed in Table 6.2. Here,
the DSCL-SL algorithm shows a good improvement on the finaltjpm estimates (at least 3:1
with respect to the initial position estimates) for any ACeét.sFurthermore, in this table we
can observe that much better position estimates are odteonaner nodes thamuternodes as

shown the relation between Group 1 and Group 2, respectively

6.1.2 Effects of Non-Centered ACHSs in the Accuracy Performace

In last subsection 20 different WSNs were tested using seeatered ACHs. For each test
the ACH was centered and gradually reduced in steps ofx1Om starting with an area of
100mx100m (ACH1) and finishing with an area of Ad40m (ACH7) as shown Figure 6.1. Since
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Table 6.1: Estimated positions based on decreasing androena convex hull set inside of WSNs (Bilateration apphjac

\ | Nodes Average | Overall RMSE | RMSE (Group 1) \ RMSE (Group 2) |
ACH Size Groupl Group2 min mean max SD| min mean max SD| min mean max SD
ACH 1 (100mx100m 100 0 13.77| 15.13| 16.41| 0.77| 13.77| 15.13| 16.41| 0.77 - - - -

ACH 2 (90mx90m) 82.05 | 17.95 | 12.77| 14.07| 15.49| 0.69| 12.36| 13.86| 15.24| 0.77| 13.06| 15.01| 17.72| 1.26
ACH 3 (80mx80m) 66 34 11.83| 12.94| 14.90| 0.78 | 11.45| 12.34| 13.92| 0.71| 11.47| 13.93| 19.68| 1.85

ACH 4 (70mx70m) 50.6 49.4 |10.38| 12.23| 13.45| 0.78| 8.36 | 10.68| 12.69| 1.09| 11.31| 13.58| 15.15| 0.98
ACH 5 (60mx60m) 36.85 63.15 | 9.89 | 11.42| 13.23| 0.93| 7.12 | 8.98 | 10.66| 0.83| 10.88| 12.60| 14.41| 1.07
ACH 6 (50mx50m) 25.1 74.9 | 10.55|11.36| 12.59| 0.56| 6.44 | 7.86 | 10.50| 1.09| 11.13| 12.31| 13.52| 0.65
ACH 7 (40mx40m) 16.3 83.7 |10.89|12.12| 15.39|1.18| 4.48 | 598 | 7.12 | 0.63| 11.41| 12.98| 16.50| 1.35
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Table 6.2: Estimated positions based on decreasing andrcena convex hull set inside of WSNs (DSCL-SL approach).

\ | Nodes Average | Overall RMSE | RMSE (Group1) | RMSE (Group2) |
ACH Size Groupl Group2 min mean max SD| min mean max SD| min mean max SD
ACH 1 (100mx100m) 100 0 3.46| 4.44 | 543| 0.64| 3.46| 4.44 | 5.43| 0.64| - - - -
ACH 2 (90mx90m) 82.05 1795 | 355| 445 |5.33|0.55|2.78| 3.84 | 5.09| 0.56| 3.57| 6.43 | 8.82 | 1.36
ACH 3 (80mx80m) 66 34 3.36| 4.26 | 6.31| 0.80| 2.42| 3.03 | 3.75| 0.33| 3.92| 5.95| 9.85 | 1.59

ACH 4 (70mx70m) 50.6 49.4 | 3.48| 4.72 1 8.05|0.96| 2.35| 2.91 | 3.99| 0.45| 3.86| 6.02 | 10.23| 1.39
ACH 5 (60mx60m) 36.85 | 63.15 | 3.37| 4.73 |6.71| 0.92|1.82| 2.61 | 415/ 0.53|4.14| 561 | 7.94 | 1.12
ACH 6 (50mx50m) 25.1 749 |3.95| 460|552 041|166 2.29 |3.07|0.44|4.17| 5.14 | 6.26 | 0.49
ACH 7 (40mx40m) 16.3 83.7 |3.81| 488 |6.43,0.77|1.44| 1.87 | 2.74|10.34|4.00| 5.27 | 7.25 | 0.89
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Figure 6.2: mean RMSE values for nodes inside and outsidéfefeht convex hull sets.

nodes that have neighbor sensors in all directions commtenig to be better estimated than
nodes that are located at network boundaries, using cenf&éls may introduce a bias that
leads us to an erroneous assessment. To assess the impastiron & centered ACH, we re-
peated the tests of Subsection 6.1.1 using a new set of ACHlsaa#n Figure 6.3. Here, each
ACH with anchor positionsgx,y,z,andw) is tested over same 20 WSNs. The key point for this
analysis is based on the idea of gradually reducing and mydiai@ ACH to a corner which biases
the neighboring anchors to one side of the X000 region.

The mean RMSE values are plotted in Figure 6.4. We obsenia &mgaall cases thainner
nodes present better position estimates thaernodes. However, we can also observe that esti-
mated positions for this analysis in general present highers in comparison with the centered
ACHs implying that ACH location directly affects the locadition process. Nonetheless, our

observation about the ACH is confirmed.
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Figure 6.3: Different Convex Hulls formed by four anchorenfiing a bounding box.

In summaryjnner nodes have much better estimated positions thaar nodes. We belive
that using a process of two stages can increase the accuegoympance of the entire network.
For example, after the initialization step, if we re-estienanly inner nodes with an iterative
approach, we could expect an increment on accuracy posisitimates innner nodes. Later in
a second stage, an overall re-estimating process, i.ag tis¢ same iterative algorithm should
promote thabuter nodes with neighboringnner nodes improve their position estimates, so we
believe that repeating the two-stage process until satiségain stopping criterion should grad-
ually improve the overall RMSE of the entire network. The treection explores this idea.

Table 6.3 and Table 6.4 present a detailed information fah bacalization algorithms at
different ACH sets. Clearly the RMSE values show that the bsSmated positions (in both
algorithms) are closely related to the number of nodes thanside of an ACH, and also error

differences between both groupsr{er andouternodes) are more remarkable.
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Table 6.3: Estimated positions based on decreasing anentgring a convex hull set in WSNs (Bilateration approach).

\ | Nodes Average | Overall RMSE | RMSE (Group 1) | RMSE (Group 2) |
ACH Size Groupl Group2 min mean max SD| min mean max SD| min mean max SD
ACH 1 (100mx100m) 100 0 13.62| 15.1 | 16.35| 0.67| 13.62| 15.1 | 16.35| 0.67| - - - -

ACH 2 (90mx90m) 82.05 | 17.95 | 12.78| 14.18| 16.18| 0.83| 11.66| 13.82| 15.69| 1.01| 11.12| 15.54| 18.94| 2.07
ACH 3 (80mx80m) 66 34 12.45| 13.34| 14.62| 0.74| 11.58| 12.86| 14.73| 0.87| 12.12| 14.54| 16.88| 1.31
ACH 4 (70mx70m) 50.6 49.4 | 11.52| 13.42| 14.63| 0.84| 8.99 | 11.20| 13.85| 1.10| 12.08| 15.33| 19.04| 1.58
ACH 5 (60mx60m) 36.85 | 63.15 | 11.94| 14.22| 17.67| 1.36| 7.97 | 10.97| 14.20| 1.26| 12.92| 15.79| 19.87| 1.61
ACH 6 (50mx50m) 25.1 749 |14.62|17.38| 22.22| 1.87| 8.19 | 11.09| 15.24| 1.90| 15.52| 18.97| 23.91| 2.11
ACH 7 (40mx40m) 16.3 83.7 | 18.74| 22.43| 27.71| 2.57| 9.84 | 13.22| 19.46| 2.5 | 19.73| 23.80| 30.27| 2.90
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Table 6.4: Estimated positions based on decreasing aneéntgring a convex hull set in WSNs (Sub-Local approach).

\ | Nodes Average | Overall RMSE | RMSE (Group1) | RMSE (Group 2) |
ACH Size Groupl Group2 min mean max SD| min mean max SD| min mean max SD
ACH 1 (10amx100m) 100 0 3.83| 4.64 | 5.21 |0.36| 3.83| 4.64 | 5.21| 0.36| - - - -

ACH 2 (90mx90m) 82.05 | 17.95 | 3.55| 4.72 | 6.41 | 0.71| 3.05| 3.90 | 5.22| 0.54| 3.74| 7.28 | 11.25| 1.99
ACH 3 (80mx80m) 66 34 3.71| 482 | 6.24 | 0.68| 2.75| 3.60 | 4.81| 0.53| 4.67| 6.57 | 9.5 | 1.27
ACH 4 (70mx70m) 50.6 49.4 |3.67| 529 | 6.59 | 0.83| 2.57| 3.47 | 4.83| 0.57| 4.27| 6.62 | 8.62 | 1.32
ACH 5 (60mx60m) 36.85 | 63.15 |4.13| 556 | 799 | 1 | 25| 3.65| 4.6 |0.72| 4.70| 6.43 | 9.78 | 1.39
ACH 6 (50mx50m) 25.1 749 |557| 7.45|11.16|1.58|2.36| 4.04 | 6.18| 0.93| 6.07| 8.25 | 12.29| 1.79
ACH 7 (40mx40m) 16.3 83.7 |5.66| 9.74 | 13.84| 2.09| 3.68| 553 |6.98| 0.98| 5.99| 10.37| 15.10| 2.3
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Figure 6.4: Mean RMSE values for nodes inside and outsidéfefent convex hull sets.

6.2 Multistage Localization Based on ACH Membership

6.2.1 Approximation to the ACH

Computation of the convex hull is a fundamental operatiooamputational geometry. For ex-
ample, it can serve as a first preprocessing stage for geiorakgjorithms. Also, it is important
in optimization problems. If the convex hull is found or pided, the problem can be solved
with linear programming relaxation using interior pointtimeds. The convex hull concept also
has been employed in practical applications like pattecogrition, image processing, statistics,
data mining, and recently in WSNs [22].

Although there are complex algorithms that can be used bysosenodes, to determine

the exact form of the ACH [53], the number of required compates are extremely expensive
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for constrained systems (i.e., nodes) so in order to redtmeepsing time in a sensor node we
have decided to use a simple approximation to the convex Irai example, once we obtain
initial estimates, computed by any initialization algbnit described in Chapter 2, each sensor

nodes with positionp; = [px, py]T creates a square box using the coordinates of anchor ptsitio

Ok = [xk,yk]T with k=1,2,...,M, by finding a bounding boxmin, Ymin), (Xmax Ymax) @S

Xmin = MIN (X1, X2, X3, X4) (6.1a)
Xmax: maX(X17X27X37X4) (61b)
Ymin = Min(y1,Y2,Y3,Ya) (6.1c)
Ymax= Max(y1,Y2,Y3,Y4) (6.1d)

This is a rough approximation of the trapezoid formed by tihehars into a rectangular box. This
is a simple scheme that is easily implementable by each ndéewill show that this scheme
provides an effective way for each node to self classify asgomside or outside the ACH. A

sensors decides to be within the ACH if the following two equationg aatisfied:

Xmin < Px < Xmax (6.2a)

Ymin < Py < Ymax (6.2b)
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Figure 6.5: Quadrant Restriction formed by four anchors.
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6.2.2 Two-Stage Localization

In this section, we describe a methodology for improvingabeuracy on the position estimates.
We assume that all nodes have already found their initiatiposstimates using any algorithm

of initialization. Our method is based on two stages:

¢ Inthe first stage, onlinner nodes participate in the refining process using an iteratye-
rithm. Nodes decide to re-estimate their positions basetth@in initial position estimates
which should satisfy equation (6.1). Nodes that do not pigsie in the first stageo(ter
nodes) will be ignored by active nodasrier nodes) during their re-estimation stage, so an
active nodes; consider only neighborinmner nodes that are inside of its radio range R to

re-estimate its position.

e Onceinner nodes have refined their positions, an overall refining @e¢ee.,inner and

outernodes) starts at as second-stage using the same itergpraaa).

Consider the 20 test WSNs described in Subsection 4.5.1em@mnectivity and noisy
distances among sensors remain without change, using tBer&fging technique with, =
2.6,R=30m, andogg = 6 as typical parameters. We use the scheme already mentiofesi
sections where for each centered ACH (See Figure 6.1) wg éppbilateration followed by the
two stages approach using the DSCL-SL approach as ite@tpegithm. We should take into
account that the priority of this methodology is the accyiadhe position estimates rather than
the energy consumption in sensor nodes. For each ACH, wénheubilatreation followed by the
two-stage approach which is run for 100 iterations per stédgeobtain 20 RMSE values for both
groups of nodesinner andouternodes. Table 6.5 summarizes the mean RMSE values obtained
for each ACH set.

Comparing the mean RMSE values obtained by the DSCL-SL apprshown in Table 6.2
with the RMSE values obtained by the two-stage approaclepted in Table 6.5, we observe
that better position estimates are obtained using the tagesapproach using the same scenarios
and same initial conditions. Furthermore, when the neighlgalensity is 4:1 in favor oinner

nodes (ACH 2 case), the differences on the accuracy perfarenare more remarkable.
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Table 6.5: Estimated positions based on the two-stage apipro

| Nodes Average | Overall RMSE | RMSE (Group1) | RMSE (Group2) |
ACH Size Groupl GroupZ2 min mean max SD| min mean max SD| min mean max SD
ACH 1 (100mx100m) 100 0 2.63| 4.06 | 6.14| 0.89| 2.63| 4.06 | 6.14| 0.89| - - - -
ACH 2 (90mx90m) 82.05 | 17.95 |2.85| 3.62 | 4.59| 0.51|2.71| 3.11 | 4.20| 0.36| 2.86| 5.17 | 8.26| 1.48
ACH 3 (80mx80m) 66 34 2.48| 3.88 | 5.99|0.75|1.92| 2.91 | 3.67| 0.47| 2.96| 5.21 | 8.27| 1.28
ACH 4 (70mx70m) 50.6 494 |2.85| 4.26 | 590|0.88(1.82| 256 |4.09| 055/ 3.41| 5.46 | 8.21| 1.32
ACH 5 (60mx60m) 36.85 | 63.15 | 3.00| 4.24 | 5.40| 0.76| 1.63| 2.24 | 2.94| 0.35| 3.50| 5.07 | 6.59| 1.04
ACH 6 (50mx50m) 25.1 749 |3.11| 442 5.88|/0.81|1.50| 2.02 |3.08|0.37| 3.44| 4.97 | 6.66| 0.92
ACH 7 (40mx40m) 16.3 83.7 |3.13| 4.78 | 6.57|1.04| 1.46| 1.85|2.35| 0.26| 3.32| 5.16 | 7.13| 1.17




Figure 6.6 shows a typical behavior for one network, theioowus line represents the RMSE
values obtained by the DSCL-SL approach at 100 iteratidrstarts at 145m of initial error
and finishes at 29m. On the other hand, dotted lines represent the RMSE valumsdead
by the the two-stage algorithm. For this approach, in fitage onlyinner nodes participate
in the refining process starting at.58m and finishing at ®7m of error using 100 iterations.
In the second-stage, all nodes patrticipate in the proces€laarly the estimated positions are
improved until reach a RMSE of.@4m. Clearly, the localization process based on two stages
improves the accuracy in the estimated positions@ for this specific case. However, it also
requires too many extra iterations which imply more enexgyscmption in the nodes (wireless
transmissions). This is a drawback of this approach, aralibls opposite to our goals. In the

next section we test this approach under more realisticasmen

16 T T T T T T T T T

------- First Stage  (Two-stage approach)
— — — Second Stage (Two stage approach)
DSCL-SL

Figure 6.6: RMSE mean values for nodes inside and outsidéfefeht convex hull sets.
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6.2.3 Localization for Non-Uniform ACHs

In this section, we use the 20 WSNs presented in Section witete the convex hull of anchors
are forming polygons instead of ideal square boxes as testin last subsection. Each sensor
S using ranging and position information of anchors shouldibke to estimate its own initial
position using the bilateration algorithm, which gives #imlity to each sensag to decide if it
belongs or not to the ACH using equation (6.1) as describ&mtde

Let us define a refinement to the process of running the twgestpproach. Now considering
that each node can re-estimate if it still belongs or not t&@hl after finishing one refinement
process, each node can request a new refinement process if it has changed iesfedat the
group ofinner to outer nodes or vice versa. In this way, we will show through simalzd that
position estimates gradually decrease and converge afterdfinements, and alsoner and
outernodes tend to not change their states after few refinements.

Table 6.6 summarizes the errors on the estimated posititersfae refinements, for each
one of the 20 networks, using the two stage approach. Cleeglgan see that in each refinement
process the RMSE values becomes closer and closer impliyatgatl sensors will no longer
change in future refinements. Also, this table shows thatwlwestage procedure overcomes
the estimated positions provided by the DSCL-SL approdgind(icolumn) for all cases. For
example, after five refinements, the two stage approach weprthe estimated positions, in
average, by B8m with respect to the DSCL-SL approach. However, the twoestgproach
greatly increases the number of iterations or wirelessstrassions, making this approach not
suitable to be implemented in constrained resources lidesas was mentioned before.

From the RMSE results shown in Table 6.6, we can concludettisatecessary to develop a
better strategy that can be used to reduce errors in theastindistances without spending many
wireless transmissions. The next section describes a mettér mpproach that can be used not
only to improve position estimates but also to save enerdlygmodes. This methodology takes

the idea of the post-processing stage described in thedessbs.
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Table 6.6: Estimated positions after a few refinements.

DSCL-SL Two-Stage Approach

Bilateration One-Run Refinement 1 Refinement2 Refinement3 Refinement4 Refinem

RMSE M) RMSE M) RMSE M) RMSE (M) RMSE M) RMSE M) RMSE (m)
Network | Initial Estimates| Final Estimates Initial Final | Initial Final | Initial Final | Initial Final | Initial Final
1 14.30 4.97 143 | 455 | 455 | 403 | 403 | 3.91 | 391 | 3.88| 3.88 | 3.94
2 12.32 5.14 12.32| 458 | 458 | 3.83 | 3.83 | 3.71 | 3.71 | 3.68| 3.68 | 3.67
3 14.34 5.24 14.34| 482 | 482 | 3.78| 3.78 | 3.38| 3.38 | 3.20 | 3.20 | 3.11
4 14.33 5.82 14.33| 5.70 | 570 | 4.78 | 478 | 431 | 431 | 3.86 | 3.86 | 3.58
5 12.51 4,52 1251| 398 | 398 | 3.34 | 3.34 | 3.20| 3.20 | 3.14 | 3.14 | 3.10
6 12.66 5.14 12.66| 530 | 530 | 411 | 411 | 3.83| 3.83 | 3.73 | 3.73 | 3.68
7 13.25 5.73 13.25| 491 | 491 | 404 | 404 | 3.81 | 3.81 | 3.76 | 3.76 | 3.75
8 13.90 5.97 13.90| 5.66 | 5.66 | 528 | 528 | 513 | 513 | 494 | 494 | 491
9 11.72 5.72 11.72| 575 | 575 | 5.09 | 5.09 | 468 | 468 | 465 | 4.65 | 4.63
10 13.87 5.52 13.87| 4.80 | 4.80 | 4.07 | 4.07 | 357 | 357 | 3.22 | 3.22 | 3.03
11 13.19 471 13.19| 439 | 439 | 345| 345 | 323 | 3.23 | 3.18 | 3.18 | 3.16
12 11.96 3.70 11.96| 3.14| 3.14 | 3.02| 3.02 | 3.03 | 3.03 | 3.05| 3.05 | 3.06
13 12.09 3.63 12.09| 3.36 | 3.36 | 254 | 254 | 243 | 243 | 239 | 2.39 | 2.38
14 12.80 4.20 12.80| 3.83 | 3.83 | 342 | 342 | 3.34 | 3.34 | 3.33| 3.33 | 3.33
15 12.62 4.63 12.62| 4.06 | 4.06 | 3.71| 3.71 | 3.63| 3.63 | 3.64 | 3.64 | 3.65
16 12.73 4.49 12.73| 3.77 | 3.77 | 278 | 278 | 257 | 257 | 249 | 249 | 2.46
17 12.46 4.57 12.46| 4.10| 4.10 | 3.80| 3.80 | 3.65 | 3.65 | 3.57 | 3.57 | 3.56
18 12.43 476 12.43| 411 | 411 | 350 | 350 | 3.45| 3.45 | 356 | 3.56 | 358
19 13.73 6.09 13.73| 545 | 545 | 520 | 5.20 | 5.06 | 5.06 | 5.04 | 5.04 | 5.03
20 11.99 4.36 11.99| 3.85| 3.85 | 347 | 3.47 | 358 | 3.58 | 3.68 | 3.68 | 3.72
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6.3 A Post-Processing Stage to Improve Localization

On the last section, we presented a technique to improvéizatian accuracy albeit at a very
large energy and computational cost. In this section weldpwenovel refinement method that
requires minimal additional resources while achievingigigant improvements. We base our
method on two of our results from the previous sections amgtens. First, we have just shown
that we can further refine positions through the applicabtb®SCL over two stages; this in-
dicates that the use of a refinement stage is a valid schensen&en Chapter 2 we presented
algorithms for initialization using multilateration, ilucling a novel bilateration algorithm. These
algorithms solve an unconstrained problem using the looaind range measurements of an-
chors. In particular, we found in Chapter 5 that the comlamadf LM/DSCL-L algorithm has
provided the best accuracy-to-energy tradeoff. Furtheembis well known that the LM algo-
rithm is a unconstrained method with g-quadratic convergeagiven that ajood initial point is

provided[48]. Looking at the general multilateration problem, eacdde will solve the program
. . (1 T
minf(pi) = min| SR(pi)" R(pi) (6.3)

whereR(p;) is the residual vector described in equation (2.17), andwisn could be provided
with the LM algorithm as described by Algorithm 1.

From these two observations, we provide the following satem

e Solve the localization problem using any of the combinatidascribed in Chapter 5. In

particular we will use the LM/DSCL-L algorithm for the redttbis section.
¢ |dentify the ACHinner nodes.

e For each node in the ACH, set a multilateration minimizapooblem with its ACH neigh-

bors.

e Solve this problem with the LM algorithm using the positimigained with LM/DSCL-L

as aninitial point.
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e The solution becomes the new position estimate for the node.

To evaluate this scheme, we use as a reference the LM/DS@ktllts from Section 5.1. Let us
consider a scenario where a WSN is deployed over antOQ00m area that contains 4 anchors
with full connectivity, and the remaining sensor nodes havadio range of 30m. Additionally,
noisy ranges among sensors are modeled according to thedR8®e withn = 2.6 andosy =

6gs. We replicate the localization results on Figure 6.7 wheeeshhow the average RMSE, over
20 networks, as a function af including the overall localization error, and the erroos the
inner andouternodes. As expected, thener nodes have an average lower localization error of
about two meters with respect to thater nodes. Also, for reference, we show the number of
transmissions as a function arin Figure 6.8. We recall that for our simulatiorts= 0 means
that the DSC-L algorithm runs for 100 iterations implyingd®&ransmissions (e.g., 96 nodes).
Also, in the following discussion, we do not account for Wess receptions; these have been

discussed in detail on Chapter 5.

LM/DSCL-L Combination

Mean RMSE Values

B Initial estimates (LM algorithm)
: ® Inner nodes before a refinement
ob R : A Quter nodes |4
: > All sensors before a refinement

0 ; ; ; ;
0 0.1 0.2 0.3 0.4 0.5

Figure 6.7: Mean RMSE values for the overaliner, and outer nodes at different stopping
criteria considering the LM-based initialization algbrit and the DSCL-L iterative approach.
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Figure 6.8: Wireless transmission required by the LM/D3CGtembination at different stopping
criteria.

Let us to consider the hypothetical scenario shown in Figuee Here, the sensagr after
finishing its iterative process (e.g., DSCL-L) determinfei$ belongs or not to the convex hull
formed by three anchom, ay, andas. Given that each nodg also has the knowledge of its
neighbor positions, it can also determine which of them ias&le the ACH. Using this subset of
node positions and the anchor positiagsets the residual equation (2.17) which is used to solve
problem (6.3) using the LM algorithm to produce a refined fiasi All inner nodes follow the
same process simultaneously and produce a refined set tibpesiWe should keep in mind that
on the average, the number of neighboring nodes for any sgnsoaroundN = 21 as shown
table 4.3 andM = 4 anchors. Hence, equation will use+ N = 25 reference positions which
will increase the computational cost for the gradient armbB&n approximations needed by the
LM algorithm (see Chapter 2. Nonetheless, it is very impdrta remark that this procedure
is executed internally by each node without the need of smfdit transmissions or receptions.

Since the LM algorithm is applied internally without the defer further broadcasts, we can
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expect substantial energy savings as the energy requitermktine LM algorithm are negligible

compared to radio utilization. These energy costs weraidgad in detail on Chapter 5.

Figure 6.9: Aninner sensor nods refining its own position after the LM/DSCL-L combination.

The results for the refinement stage are plotted in Figur@.6l'he Figure shows howner
node position estimates are greatly improved by solving) (@ith the LM algorithm. This is a
significant result for larger values ofvhich require a lower number of DSCL-L iterations, and in
consequence less energy. As an example, consigddd.5m where the DSCL-L algorithm gives
aninner node average RMSE of 8m which is improved to ®7m after refinement. Similarly,
the overall average RMSE goes from.1fd to 8.62m. This result becomes more relevant by
comparing the number of transmissions required to achiewesame localization performance
when no refinement is used. From Figure 6.7, we see that a RM8EB2m is obtained with

T = 0.375. This performance level requires 445 additional waglgansmissions for the entire

136



network as can be found in Figure 6.8. 5.

LM/DSCL-L Combination
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Figure 6.10: RMSE results by applying a post-processing &ieonly inner nodes after the
LM/DSCL-L combination.

Although our objective has been the improvement of loctibreaccuracy based on member-
ship to the ACH. There is no reason to limit the LM-based refiast stage to thaaner nodes.
In particular, it is clear from Figures 6.7 and 6.10 tbater nodes generate a large bias on the
overall RMSE. Hence, we decided to apply the LM post-praogsstage to all position esti-
mates {nner andouter) obtained from the DSCL-L output. In summary, the locali@matscheme

is given by the following steps

e Solve the localization problem using any of the combinatidascribed in Chapter 5. In

particular we will use the LM/DSCL-L algorithm for the redttbis section.

e For each node in the network set a multilateration mininizeproblem using its neigh-

bors.
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e Solve this problem with the LM algorithm using the positimigained with LM/DSCL-L

as aninitial point.

e The solution becomes the new position estimate for the node.

The results are shown in Figure 6.11.
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Figure 6.11: RMSE results by applying a post-processirgtstall sensors after the LM/DSCL-
L combination.

The mean RMSE results show a great improvement on the fingigposstimates. In this
case we can observe that much better results are obtaintdekftarger values of. For example,
for t1=0.5 DSCL-L provides an overall mean RMSE of 18m, and the proposed scheme reduces
this error to 468m. In fact, we see that the curve for the refinement step is agbktrbne with a
very small slope. Hence, the increment on RMSE from 0 tot = 0.5 is about one meter. If
we consider the RMSE of.@88min Figure 6.7, we see that it is obtained with- .15. This value

for T requires 3174 wireless transmissions (plus related vesakeceptions) as shown Figure 6.8.
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On the other hand, with= 0.5, the number of transmissions is less than 500. This impnew
comes only from CPU processing which requires much lesgygrikan wireless transmissions.
Hence, for this example we have reduced transmissionokixwhile the error is within one
meter of the best (but extremely energy expensive) lodadizgperformance.

This refinement strategy provides an excellent tradeotféeh position accuracy and energy-
consumption. We can attribute this improvement to the ogitisolutions obtained by the LM
algorithm. As described before, the LM algorithm solves a-hinear unconstrained problem
based on the Gauss-Newton method. Also, another impottanacteristic added to the LM al-
gorithm is the use of a descent direction condition (Arnsiondition) which guarantees at least
local minima for the position estimates. These charadiesisnake the LM algorithm conver-
gences almost g-quadratic. This is clearly observed inrBi§uL1 where we achieve a remarkable
reduction on RMSE for the larger valuestof

These results have two main implications:

1. We can use a relaxed value fowhich will move the set of position estimates to a “good”
initial point within the solution region of the LM algorithmThen the LM algorithm will
find an optimal solution given the set of measured ranges asitign estimates. Hence,
this strategy greatly increases accuracy without spenelreggy over additional wireless

transmissions.

2. Fort <.1 meters, we see that there is no big improvement on RMSEcinféat = 0, there
is an increase on the refinement stage with respect to the RS€&ult. This suggests that
DSCL-L without stopping criteria is finding position estitea which cannot be improved
by LM. In fact the LM algorithm is a general solver to an undoasied minimization
problem which does not integrate additional informatioowtithe problem. In the case
of DSCL-L and DSCL-SL, the spatial constraint implicitlycindes information about the
localization problem, providing a more meaningful solatia the process (i.e., we know

the solution is moving over a 2-D region over a sensor field).

Now, we are ready to use the distributed/iterative LM schama post-processing stage over
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the results provided by the LM/DSCL-L combination schemavghin Figure fig:LM-Local.

First, the idea is to re-estimatener nodes until a stopping criterion be reached. Also, it
is important to determine the number of required iteratimnsnner nodes to find their optimal
position estimates. Figure 6.12 and 6.13 show the accuexégrmance and energy performance

(i.e., transmissions) respectively after applied therithgted/iterative LM algorithm.

Mean RMSE

. m  Mean RMSE for the DSCL-L approach
® Mean RMSE after Re—estimating Inner nodes
»> Mean RMSE for Initial Position Estimates

b

Figure 6.12: The distributed/iterative LM scheme re-eatinginner nodes after the LM/DSCL-
L combination.

From the figures we observe that fok 0.25, the refinednner nodes have actually worst
performance than the DSCL-L scheme. We present values up=td.5 where we see that
the there is an improvement after refinement. However we thatiethis improvement is rather
modest when compared to the results from 6.11. For exanfiple, compare the RMSESs far=
0.5, we can see that there is a slight improvement from 8.6 mé&besipproximately 8.2 meters.

Another important aspect regarding this iterative appnaadhat thetotal number of wireless
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Figure 6.13: Number of required iterations of the distrdaliiterative LM scheme to re-estimate
inner nodes.

transmissions needed by the refinement stage is very low$00, as shown in Figure 6.13. In
other words, position refinements are found with very fevsroifrthe the LM algorithm per sensor
node. This is a very important and desirable property thantaas the energy consumption low.
As on our previous analysis, we can perform the refinemegestaer all the sensor nodes
on the network rather than just on theer nodes. We can see in Figure 6.14 that there is an
excellent improvement with respect to just refininger nodes.
From the Figure we can appreciate that final position esésmptovided by LM/DSCL-L
at at = 1.5m provides a mean RMSE around 12.15 meters with 96 transmissubile the
refinement stage improves such position estimates down teaa RMSE of 3.97 meters with
and additional 210 transmissions as shown in Figure 6.15%s intplies that each node on the

WSN needed between three to four transmissions on the aeldgese last results satisfy our

141



original strategy of improving accuracy performance witha substantial increase on wireless
transmissions.

Mean RMSE
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Figure 6.14: The distributed/iterative LM scheme re-eating all nodes after the LM/DSCL-L
combination.

In summary, in this chapter our initial attempt was to explbe use of the ACH as a way
to identify theinner nodes which could provide better position estimates anttdmeilocalized
first. Then, all nodes could be updated using anchorianer node positions. We showed that
accuracy can be improved with this scheme albeit at a signifincrease in computational and
communications cost. Hence, the approach is not feasiblégjoloyment on a real WSN. From
this work, we found a novel method where a significant impnoget on accuracy is obtained
with a minimal increase on complexity and without the neediti@rentiate betweemner and
outer nodes. The proposed method uses the LM/DSCL-L algorithmeésrds, and adds a re-

finement stage where each sensor solves a multi-later&ast-$quares problem using the LM
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Figure 6.15: Number of required iterations of the distrdaliiterative LM scheme to re-estimate
all nodes.

algorithm. The convergence property of the LM algorithnoat for excellent localization ac-
curacy (less than four meters on the average) with largetst@sholds (e.g1 = 1.5 meters).
This combination of features provides excellent perforoesin terms of accuracy and low energy

consumption, making the method suitable for real WSN appbas.
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Chapter 7

Conclusions

This dissertation presents research results on the impastue of node localization in wireless
sensor networks (WSNs) . We have divided our conclusionwinrhain sections. In the first
Section 7.1, we present the major contributions of thisaede We developed novel localization
algorithms that can be realistically deployed over real \WSihd they can provide good accuracy
performance and low energy consumption. The second sedisonsses future lines of work
that use our results as a starting point. Subsection 7.2cusies potential solutions to the case
where node to anchors range estimates need to be derivegiasiti-hop methods (e.g., DV-
hop). In Subsection 7.2.2 we discuss the use of realisegufar radio propagation models to
develop localization algorithms that are robust to sucmpheena. Our algorithms seem to be
well suited to account for radio irregularities. Finally&ection 7.2.3 presents a promising
iterative/distributed scheme that exploits the power armgbgrties of the Levenberg-Marquardt
algorithm. In this subsection, we present preliminary itssand potential applications for this

scheme.

7.1 Contributions

The major contributions of this research consist of thregrituted algorithms for node localiza-
tion and a model used to characterize the energy consunyitibe localization process. These
contributions are explained in detail next.

Ouir first algorithm is a distributed scheme, which can be aseah initialization stage to find
an initial set of locations. The other two algorithms areate and distributed schemes where

each sensor node re-estimates its own location based omespul@vided by its neighbors. In
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summary the algorithms are described as follows:

a) Most initialization algorithms demand very high compgtpower to provide a set of ini-

b)

tial estimates for an N-node WSN. Our proposed initialmatalgorithm is based on a
bilateration argument. The algorithm is capable to proompetitive initial estimates at
low processing power. This approach is basically formedvoy stages. The first stage
consists of finding all circle intersections formed by arrgbasitions and their respective
range estimates to a sensor node, obtained by ranging teemiikeToAor RSS The
great advantage of this approach is to use “closed-forrtddsnd all circle intersections
(i.e., candidate positions) using two anchors at time. &gbcond stage, the algorithm
uses a sorting algorithm to find the cluster of candidatetjpos that tend to be closer
to each other around the true location. The cluster with treelyy candidate positions is
averaged to finally obtain the initial location. This schecaa be used by any WSN lo-
calization algorithm that needs initial approximationslsd it can be implementable in
constrained devices with low processing and memory cagabili.e., motes). Experi-
mental results show that this initialization algorithm islikbehaved in comparison with

other well known algorithms like LS methodologies.

The refinement algorithms enable each sensor node to dyalgnor iteratively re-estimate
its own position until some stop criteria is met. This stagybased on the idea of splitting
a complex global objective function into what we identify“&scal” and “sub-local” op-
timization problems that can be solved locally by each nodiaé network. We identify
these algorithms as distributed spatially-constrainedllpation (DSCL) and further qual-
ify them as DSCL-L and DSCL-SL according to the use of locgl ¢L. sub-local (SL)

objective functions.

For DSCL-L (i.e., use of local objective functions) a giveamsors establishes a one-tg-
localization problem wherK is the number of neighboring nodes. Using the known posi-
tion and range estimates of neighboring nodes, the sodeates a discretizespatially-

constrainedsearch region centered at its current position estimatet, §dinds a position
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update inside of the spatially-constrained search areahwhinimizes the error distance
with its K neighboring nodes. Finally, all active sensors broadt¢estipdated positions to
repeat the full refinement step. Each sensor has the alalgyop its refinement process

once a stopping criterion is locally satisfied.

For DSCL-SL (i.e., use of sub-local objective functionsyigen sensos establishes a
one-to-one localization problem with each of iKsneighbors. Using the known position
and range estimates of neighboring nodes, the sexdgods a set of newK candidate
positions over the same number of spatially-constrainadcheareas. Finally, the sensor
S updates its position by averaging over thé&seandidate positions. Sensors can then
broadcast the updated positions to repeat the full refinestep. Each sensor has the

ability to stop its refinement process once a stopping @iisiocally satisfied.

Both iterative/distributed algorithms have been testedgi$oA and RSS measurements.
Extensive evaluations over radio range and channel paeasnate presented in which we
found that our algorithms are robust over a wide gamut ofe&lun particular, our algo-
rithms show excellent RMSE performance for the RSS caseid8gshe RMSE values,
our algorithms have the property of being computationatficient (i.e., the number of
operations needed is a function of the number of neighbamnodes), and they can be
implemented with the basic resources provided by the sermste. Also, given the dis-
tributed nature of the scheme, our proposed algorithmscatalde as long as there is way

to generate an initial set of positions from anchor infororat

Additionally, we introduce a realistic energy model thatdals consumption at the processor

cycle and bit transmission levels. The model characteeresgy consumption for the localiza-

tion process over the complete network. Also, with the gbabwing energy during the iterative

localization process, we introduce a stopping criteriorttaniterative algorithms. Experimen-

tal results show that, under certain network conditions @asy to determine the best tradeoff

between energy and accuracy performance for a given enedgeh In this regard, we found

that the combination between an initialization schemegigie LM algorithm and the DSCL-L
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approach provides the best tradeoff between energy andaayculn addition, we found that
even though the LM-based algorithm is more computationatiyensive than the bilateration
algorithm, the improved initialization of former providassignificant energy reduction on the
iterative algorithms to offset the larger energy costs didhzation.

Finally, we developed schemes for location refinement baseithe observation that nodes
inside the convex hull formed the anchors tend to providétiposestimates with smaller error.
This work lead to a novel refinement step that applies to &lrtbdes in the network, and it
achieves an excellent tradeoff between accuracy and egerggumption. The refinement step
takes the output of one of our previous algorithms, like LIB(CL-L, and solves a new multi-
lateration problem using the LM algorithm. Evidence showleat even for large values af
(the stop criteria threshold), the solution provided byltiealgorithm provides significant im-
provements on accuracy with minimal computational cost,(energy cost). The origin of this
performance seems to be founded on the globalized naturéaanhdonvergence of this solver.
Additional improvements were obtained when this refinenséep was applied iteratively. Fur-

ther work on this topic is underway as described on the neticse

7.2 Future Work

Although localization over WSNs has been extensively giiidi remains a challenging problem.
There are many applications on military, medical and coneraksettings that are taking advan-
tage of wireless communications. For all of them, some tyfdeaalization service is required.

The research presented in this dissertation will be exphoder the next years along a few lines

of work. Next we describe some promising topics of reseavaxplore in the future.

7.2.1 Localization Under Multi-Hop Communication Scenarbs

Up to this point we have studied the case where anchors haarya ftadio range. The next
scenario is to consider the case where both anchors and hadeshe same radio range. Under

this perspective, the availability of sufficient anchorgidiors cannot be ensured for all nodes.
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Hence, the initialization stage developed in Chapter 2 e trevisited.

Collaborative or multi-hop communications among sensec®mes the most attractive way
to overcome RF range limitations. There are two collabeeatipproaches that can be used to
estimate distance between anchors and nodes. The first eégheamge-based localization, such
a DV-dist [46], where sensors have the ability to estimatges with neighboring nodes (under a
limited RF range) using ToA and RSS techniques. Using thesger estimates, each sensor node
can collaborate with other motes to estimtite shortest-patlor routeto at least three anchors.
Once these ranges are available, the sensor can compuni¢idisaosition estimate as described
in Chapter 2. To obtain the shortest path from a node to asaodistributed algorithm similar
to DV-dist [46] can be used.

On the other hand, if ranging hardware is not available onseesor nodes, a range-free
scheme should be used. In this scenario, the presence arcabsfeneighbor sensors is the only
available information gathered by each sensor node [25,88hg this information, each node
indirectly estimates its distance to a set of anchors ugiagriinimum number of hops needed
to establish a connection with them. A formula to determheerange estimatgy between an

anchor nodey and a sensor nodgis

Rik = hik-ri, (7.1)

whereh;  is the shortest number of hops between the two nodesy@sdhe average hop size

(in meters). The hop size can be computed as [45, 66]

_ ZKHCIK—%H, (7.2)

i
K VALY,

whereqy = [x,yi] " refers to the anchor position feg, ¢ = [x;,y¢]" representg known anchors,
andhy , represents the shortest number of hops feprto eacha, neighboring anchor. Next, the
valuery is flooded by anchoay throughout the network. In this way, any sensor can use this

value to convert the number of hops to anchgto an actual range. Once a node obtains a range
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to at least three anchors, it can determine an initial pos#@stimate using any of the initialization

algorithms described in Chapter 2.

7.2.2 Impact of Irregular Radio Propagation on Localization

Another interesting topic for future work consists on ewdilng the impact of more realistic
radiation patterns on the localization process. In reah@ges, the ideal spherical radiation
pattern model for sensor nodes is unacceptable [25]. Weosrscous thatvireless-connections
or links among nodes are neither permanent nor uniform, and bridklesi(i.e., node failures)
will occur during the network lifetime. Recently, modelsdithe Radio Irregularity Model (RIM)
[75] have been introduced to understand the effect irrequiapagation on WSN performance.
The impact of irregular radio propagation on the MAC layed different routing protocols has
been studied in detail.

Consider the irregular radio pattern shown in Figure RlandRy represent the maximum
non-uniform and uniform radio ranges respectively [34, 724, For example, consider the case
for nodes; which has a se$ of N connected nodes, and consider thatas the radiation pattern
shown in the Figure 7.1. L& be a subset of neighbor nodes which fall inside of the uniform
radio rangeRr, implying they have permanentireless connectivityith the sensosj. On the
other hand, let us define the subSet= S— St as the neighbor sensorsgfwhich fall within Ry
andR,. The subsel, will have intermittentwireless connectivityith the sensos;. The natural
guestion to ask is what would be the effect of this intermitir irregular connectivity on the
localization process?

As part of our future work, we want to evaluate the effectsrofgular radiation patterns
on the accuracy of the localization process and on the imgfatte energy required to achieve
a given level of accuracy. For instance, the neighbor dgmdithe DSCL algorithms could
show significant variations across iterations. This corddglate into a slower convergence rate,
requiring more iterations (and energy) to achieve goodraoyu In other words, we should take

into account factors like multi-path fading, scatteringttploss, and noise [59] that generate
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Figure 7.1: Example of an irregular radiation pattern.

large variability of the transmitted signal along all ditieas. We expect to obtain important
conclusions under these considerations in regards to thienmin node density requirements to

achieve good localization performance.
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7.2.3 Further Development of Distributed-Iterative Localzation Schemes

In this subsection, we present preliminary results andmatieapplications for the distributed/iterative
multi-lateration scheme which solves a set of non-lineastiesquares (NLLS) problems using the
Levenberg Marquardt (LM) algorithm. Chapter 6 presentedlts where the LM algorithm plays

a crucial roll on producing position estimates with highwecy and low energy consumption.

Following the work from Chapter 6, a natural step was to abgrsa scheme where the ini-
tialization and iterative stages are implemented as thatisalto NLLS problems solved with
the LM algorithm. The localization method is still distridea and collaborative. As soon as the
LM algorithm produces a position estimate, the node brostdbés value to its neighbors, and
receives updated values from them. As before, each nodateetie process until the stopping
criteria is met.

An initial evaluation of RMSE vs1 using the average of the 20 networks described in Sec-
tion 4.5.1 is shown in Figure 7.2. We can observe a great iagonent from initial to final
estimates, from 13m of initial error to practically 38min average. Also, it is easy to deduce
that this iterative algorithm is not affected bysince it provides the same results independently
of the imposed threshold. Figure 7.3 shows the number ddtiters spent by the iterative LM
algorithm at each threshold. Clearly, we can observe th&ehteadeoffs between accuracy and
energy consumption are obtained by increadinghich in turn decreases the number of wire-
less transmissions without affecting the mean RMSE. Heacedr simulation set up, the best
accuracy-energy tradeoff is obtained with & 0.2m. For examplet = 0.2 requires around 500
iterations to provide a mean RMSE off73m. This RMSE is very close to the lowest RMSE of
3.62mobtained with & = 0 (9600 wireless transmissions). Moreover, our proposedlBSap-
proach provides a mean RMSE42m at the same number of wireless transmissions (i.e., 9600).
However, the main point to highlight for this analysis istthi@ese results are obtained by the
application of the LM algorithm to the solution NLLS mul&tkeration problems.

Even though the distributed LM algorithm requires more pssor cycles than the DSCL-L

approach, clearly the former scheme can provide a bestdifdoetween energy and accuracy
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Figure 7.2: Mean RMSE results obtained by the distributeddltybrithm over 20 networks at
different thresholds.

since it requires less iterations on the sensor nodes tb mgatonal position estimates.

To expand on the ability of this scheme, we also found that areimprove the accuracy
of the position estimates through the use of DSCL-L as a puastessing stage. Figure 7.5
shows that accuracy is improved, but the price is to use miedass transmissions as shown
Figure 7.5. As a conclusion, this scheme (distributed LM2RS.) can provide a good tradeoff
between accuracy performance and energy consumption. urtent research shows promising

results for this scheme. An in-depth analysis of this schesiidollow the work concluded on

this dissertation.
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Figure 7.4: Mean RMSE results obtained by the distributeddlgrithm followed by the DSCL-
L approach.
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