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Introduction

In recent years, the increasing importance of context- acdtion-dependent in-
formation has led to a growing interest in location-basepliegtions and services.
Among many interesting scenarios, accurate localizatiwh real-time tracking of
objects in indoor environments have many applications ioua areas, such as:
monitoring of people and goods in airports, subways, higlusey areas, and shop-
ping malls; monitoring of patients in hospitals; and loagtpeople and vehicles in
industrial warehouses.

While the problem of outdoor localization is usually solM®dthe Global Posi-
tioning System (GPS) or other more accurate techniquespinidcalization is still
a challenge. GPS is useless in indoor environments, sigcsiginals from satellites
cannot penetrate through walls and its typical accuracygagpbor for indoor local-
ization applications. Moreover, the accurate localizatbtargets in indoor environ-
ments is particularly difficult because signal propagatimide buildings is affected
by various phenomena, such as non-line-of-sight and natitjcaused by walls and
obstacles. This dissertation focuses on the study andrde$igndoor localization
techniques which are aimed at locating targets inside ibgigd Throughout the dis-
sertation, Ultra Wide Band (UWB) signaling is consideradgéneral terms, all sce-
narios involve a few nodes with known positions, denoted ashér Nodes (ANSs),
which properly cooperate, through collaborative signacpssing, to estimate the
(unknown) positions of target nodes (each equipped with &Bldahsor).

In particular, in Chapter 1 the localization problem is auluced and the UWB
technology is described. In Chapter 2, the impact of ANstfmshg on the local-



2 Introduction

ization accuracy of a moving target in a specific scenariangstigated. In Chap-
ter 3, a comparison between the performances of geometlioptimization-based
approaches to the localization of static targets is pergoknWhile the results pre-
sented in Chapters 2 and 3 are obtained through analytamalefivork and computer
simulations, in Chapter 4 experimental results obtaingt thie PulsON 410 Rang-
ing and Communications Modules (RCMs) produced by the compame Domain
(wwv. t i medomai n. com) are presented. This experimental investigation is expe-
dient to derive a novel statistical model for range estimatetween pairs of UNVB
sensors, which is then applied to improve the performanéewoillustrative localiza-
tion algorithms in various scenarios. In Chapter 5, a réalgenario for indoor lo-
calization is presented and two efficient localization athms are investigated with
PulsON 410 RCMs. Finally, a summary of the results is preskand conclusions
are drawn.



Chapter 1

Survey of the Literature and
Motivations

Nos esse gquasi nanos
gigantium humeris insidentes

— Bernardus Carnotensis

1.1 Introduction

Wireless Sensor Networks (WSNSs) allow collecting measafgsysical quantities

and processing them through smart sensors. The main festthis type of sensors
is that they can monitor environmental parameters and psotiee collected data
locally and convey the obtained information to one or morgred nodes [14]. Smart
sensors are typically low-power devices which can measuegiaty of mechanical,

thermal, biological, chemical, optical, and magnetic prtips of the environment.
They typically consist of a processor (with limited compgtipower), a memory, and
short-range transmitter/receiver.
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Thanks to the availability of small, cheap, and smart sendbe attention of the
scientific community towards WSNSs is increasing becausg tberesent a leading
choice to address some of the most interesting challengeb, & smart environ-
ments and the Internet of Things (IoT). A large number of mpgibns can be ad-
dressed with WSNs, including: assisted living; securitgaasurveillance; medical
and biomedical monitoring; traffic control and safety; sbeaand of victims in emer-
gency situations; environmental monitoring; smart hon@salization and tracking
of people, vechicles, and goods [1].

Wireless localization plays a key role among all the aboterasting and chal-
lenging topics. As a matter of fact, in many applicationsgbsition of sensors must
be known in order to make sure that their data is meaningfokeldver, the position
itself can be the data that needs to be monitored in manycapiplins, for example
in: military security [26]; home surveillance and assidligihg [37]; medical super-
vision [9]; smart homes [56]; logistics [34]; and induskmaonitoring [68, 70].

Localization systems can be categorized, depending oratgettenvironment,
as indoor or outdoor. For outdoor localization, Global Nation Satellite Systems
(GNSS) such as the Global Positioning System (GPS) can likinsewide range
of applications including tracking and asset managemeauisport navigation and
guidance; synchronization of telecommunications nets&odnd geodetic survey.
Unfortunately, GPS does not perform well in indoor envir@mts, as the radio signal
strength is too weak to penetrate through walls. Moreokieratcuracy of GPS local-
ization is usually around 10 m and this is typically too poarihdoor localization,
which often requires higher accuracy [16].

To address the inadequacy of GPS for the localization oétarigside buildings,
proper indoor localization techniques and technologieshaeded. Many application
requirements (such as scalability, energy efficiency,, @ required accuracy) in-
fluence the design of indoor localization systems [52]. Bas®e such requirements,
the localization task can be solved by means of a variety afrielogies based on
inertial, optical, acoustic, and magnetic properties [Mdreover, different wireless
technologies can be used to identify targets positions. #grtbem, Infrared Radi-
ation (IR) localization systems are very common, since ighnelogy is available
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in various devices, such as televisions, printers, and mgbiones. Moreover, IR
devices are usually small and lightweight. However, IReobmcalization systems
have some limitations since they suffer from interfererromffluorescent light and
sunlight and they need Line-of-Sight (LoS) communicatietween transmitters and
receivers. Moreover, the coverage range per infrastrecavice is limited [20].

Radio Frequency (RF) technologies are commonly used iditatian systems.
For instance, Bluetooth-based localization systems caohsidered [62]. The bene-
fit of using Bluetooth for exchanging information betweenrides is that this technol-
ogy guarantees a high security with low cost, low power, andlkdevice size. Each
Bluetooth tag has a unigue identifier, which can be used fmatiog the Bluetooth
tag. The accuracy of a Bluetooth-based localization sysawpically between 2 m
and 3 m, which may not be sufficient for some applications.[20jother drawback
of using Bluetooth technology for localization purposeshiat a device discovery
procedure needs to be run for each location update. Thig ietitson why Bluetooth
devices have a latency unsuitable for real-time applioat{@7].

WiFi-based localization systems are commonly used, as tyygally have a
low cost, owing to the availability of a large number of Wikuices in the majority
of indoor environments [28]. Moreover, LoS between trat@mand receiver is not
required in WiFi-based localization systems. Despite dhgsod properties, WiFi-
based localization systems also have some weaknesses. ditea of fact, they can
interfere with other devices operating on the same camamely 24 GHz. More-
over, the accuracy of the final position estimates is typicgteater than 1 m and
it can considerably increase because of signal attenudtierto Non-Line-of-Sight
(NLoS) and multipath, caused by walls and obstacles [203hSihenomena are the
major sources of errors in indoor environments and a goaliation system should
be able to handle them.

To overcome the problems of the aforementioned techndpgira Wide Band
(UWB) technology is a good candidate for indoor localizatsystems, as it can theo-
retically reduce the impact of these sources of errors [3jalization systems based
on UWB signaling offer various advantages, in terms of aamcyiand scalability, over
other localization technologies, as discussed in nexiesect
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1.2 Ultra-Wide Band Technology

The acronym UWB was coined by the US Department of Defendecitate 1980s,
and it became popular after the Federal Communications Gssion (FCC) allowed
the unlicensed use of UWB devices in February 2002 subjemtission constraints
[57]. A UWB signal is characterized by very large bandwidthharespect to the
conventional, also known as narrowband, systems. Accgitdithe FCC [57]:

* UWB signals with carrier frequency. higher than 5 GHz must have an
absolute bandwidth larger than 500 MHz;

« UWB signals withf. lower than 25 GHz must have a fractional bandwidth
larger than (.

The absolute bandwidth of a signal is calculated as therdiffee between the upper
frequencyfy and the lower frequency, of the —10 dB emission points, namely
B = fy — fL; the fractional bandwidth is defined Bgac = B/ f. [18].

In 2004, the IEEE established standardization group IEEEI®4a aimed at
defining a new physical layer for the already existing IEEER.88.4 standard for
Wireless Personal Area Networks (WPANS). The new IEEE 824 standard, re-
leased in 2007, provides a physical layer for short-rangedata rate communica-
tions and for high-precision ranging with low-power and {owst devices, suitable
for many applications [6].

According to the IEEE 802.15.4a standard, a UWB device carstnit in one or
more of the following bands

» 250-750 MHz (sub-GHz)
e 3.244-4.742 GHz (low band)
» 5.944-10.234 GHz (high band)

and 16 channels are supported over such three bands [57].
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The interest on UWB systems is growing fast because thegsept a promising
technology in many fields and some UWB localization devices aready avail-
able, produced by companies such as Decawawer.(decawave. con), Ubisense
(ww. ubi sense. net), and Time Domainww. t i medonai n. conj.

One of the good properties which makes the UWB technologgdive in the
context of WSNs is the low-power consumption which chamihés UWB devices.
As a matter of fact, since UWB signals occupy a very largeigoiin the spectrum
and, at the same time, they need to coexist with other widleshnologies, it is
necessary to impose low-power transmission for UWB systientrder to avoid
interference problems with other devices operating in #mesfrequency spectrum.
More precisely, the power spectral density must not exce4tl3 dBm/MHz over
the frequency band from.B GHz to 106 GHz and must be even lower outside this
band, depending on the specific application [18].

Due to their very large bandwidth, UWB systems transmit \&rgrt duration
pulses, usually on the order of nanoseconds, with a low dgtiecin other words,
the ratio between the pulse duration and the average timeebattwo consecutive
pulses is usually kept small, leading to low energy consionpt

One of the most promising aspects of UWB signals is theirm@kefor high-
precision localization. As a matter of fact, short time diara pulses guarantee ac-
curate Time of Flight (ToF) estimation of signals travedlibetween nodes. This im-
plies that the distance between a transmitter and a recefivebe accurately deter-
mined, yielding high localization accuracy. At the oppesitulses received via mul-
tiple paths in narrow band systems can easily overlap, egugiong ToF estimates,
hence wrong range estimates [72].

Furthermore, UWB signals are characterized by the capalufi penetrating
through obstacles, due to the large frequency spectrunchhaacterizes them, which
includes both low- and high-frequency components [21]alynit is worth observ-
ing that a UWB system can be implemented in baseband andasissahe design of
transmitters and receivers, hence reducing the cost ofytera [57].

Such unique aspects make the UWB technology a good candatadecurate,
low-cost, and low-power localization systems.



8 Chapter 1. Survey of the Literature and Motivations

1.3 Localization Techniques

Many localization algorithms for WSNs have been proposegravide per-node
location information. With regard to the mechanisms useddcation estimation,
WSN localization approaches can be divided into two maiegmies: range-free
and range-based [22]. Range-free approaches do not releievailability of range
estimates between nodes. These techniques can be funtidgddinto local tech-
niques, such as the centroid algorithm [4] or the Approxenfabint In Triangulation
(APIT) algorithm [22], and hop-counting techniques, sushtlze Distance Vector
Hop algorithm [51]. At the opposite, range-based approgcbly on the knowledge
of inter-node ranges or angles.

Range-based localization techniques can be classifiedairtiee and passive
[35]. In active techniqgues, all nodes are equipped with ssersors which send in-
formation to a central localization system. Passive laatilbn, instead, relies on the
fact that wireless communications strongly depend on th@saoding environment.
The scattering caused by small targets during signal pedjmagand the variance of
measured signals can be used to detect and locate sta#itstargo track a moving
targets [12].

In this dissertation, we focus on range-based algorithntls adtive tags. More
precisely, we consider two-step localization techniqudsere the first step consists
in the estimation of signal parameters, such as the ToF, tigtefof Arrival (AcA),
or the Received Signal Strength (RSS). The position of atdsgthen estimated in
the second step, which relies on proper processing of timalgigrameters estimated
in the first step [46].

Range-estimation techniques based on AoA rely on the measunts of angles
between nodes, which are usually taken by means of anterangsaHowever, the
installation cost of antenna arrays can be high, thus radutie advantage of low-
cost UWB transceivers. Moreover, the number of paths of U\gBads may be very
large, making accurate angle estimation very challengésgecially in indoor envi-
ronments where the presence of many objects can causentedeadtering [19]. For
these reasons, the AoA approach is not suitable for UWB ikatihn systems.
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In the presence of a relation between the received power wfnalstravelling
between two nodes and their distance (as is the case for hnSissions), the latter
can be estimated from the RSS measurement at the receiverassdming that the
transmitted signal power is known. The path loss during @gagion is characterized
by the following Friis formula (in the logarithmic domairi§]

d
P(d) =R —108 Ioglod—o (1.1)

where: P, is the (known) power at the reference distanigef is the path loss ex-
ponent; and®(d) is the average received power at the distashcErom (1.1), it can

be observed that the knowledge of the path loss exponentdsatto correctly esti-

mate the distancd, given the average received power. Moreover, wirelessraian
are affected by shadowing effects which cause signal poagations. Therefore,
channel knowledge is a strong requirement to accuratelpate the distance, but its
estimate in realistic (indoor) environments is a greatlehge as well.

Time-based localization techniques rely on measuremdriteedloF of signals
travelling between nodes. If two synchronized nodes conicat, the node receiv-
ing the signal can determine the Time of Arrival (ToA) of tmeeming signal from
the timestamp of the sending node. If the nodes are not synided, Time Differ-
ence of Arrival (TDoA) techniques can be used. They are basdhe estimation of
the difference between the arrival times of signals tragebetween pairs of nodes.
The use of atime-based localization algorithm allows tgkidvantage of the features
of UWB signals. As a matter of fact, it is known that, when gsantime domain-
based approach, the accuracy of the position estimate ciampbeved by increasing
the effective bandwidth of the signal [50].

Given the range-difference measurements, various |l@tadiz techniques have
been proposed in the literature. Iterative techniques-h-ascTaylor series expansion
[17], Gauss-Newton, steepest descent, Levenberg-Matakyorithm [36], graph-
based methods [73], and methods based on metaheuristiesf&§uire an accurate
initial position estimate (which is often not available)daare computationally ex-
pensive. Therefore, various closed-form solutions hawn lpFoposed in the litera-
ture [60]. Among them, this dissertation mainly focuses two techniques based
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on a Two-Stage Maximum-Likelihood (TSML) approach, namitlg TSML-ToA
[23] and the TSML-TDoA methods [8], and the Plane IntersectPl) method [59].
These algorithms have been implemented to obtain simuolatia experimental re-
sults presented later in this dissertation. As these methade been the starting point
from the existing literature, in the remainder of this settive summarize them.

1.3.1 Localization Scenario and Notation

Let us consider a three-dimensional environment—of cowisalar considerations
can be made in a two-dimensional space. We assume to knowo#itoops ofM
nodes, denoted as Anchor Nodes (ANs), and we denote therfiagsfo

s = %zl ic{1,...,M}. (1.2)

We then assume to have a given number of Target Nodes (T static or mov-
ing, with unknown positions. Our goal is to estimate theisifions, given the known
coordinates of the ANs. Let us denotewas [x,y,Z" the true (unknown) position of
a generic TN and as = [&,¥,2]" its estimated position. It is worth noting that, in
this dissertation, the notatiqﬁa] denotes the estimated value[ef.

The true and the estimated distances betweenttieAN and the considered TN

can be expressed as
=lu-sll=4/(u-5)Tu-s) ie{l... .M}

fi2ll0-sl[=4/0-5)T@O-5) ie{l....M}
In the following, we assume that the errors which affect thege measurements
{fi}M, can be modeled as independent additive random varigbjé¥ ,, namely

(1.3)

fi=ri+v iE{l,...,M}. (1.4)

Let us define awy the vector whose—th element isv; and let us denote & its
covariance matrix.
We also denote &g the Euclidean norm of the coordinate vector ofithéh AN,

namely
a=|sll=\¢+y+7 ie{l.. .M} (1.5)
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The estimated distances between the ANs and the TN lead fallihweing system
of equations

(1.6)
(%= xm)2+ (9 —ym)?+ (2— 2w)? = 7,
The system (1.6) is a quadratic system\bfequations in the three unknowrsy,
andZ Among the variety of approaches which can be used to soktersy(1.6) in
the following we describe three algorithms which are wethkn from the literature,
namely:(i) the TSML-ToA method [60]{ii) the TSML-TDoA method [8]; andiii)
the PI method [59].

1.3.2 Two-Stage Maximum-Likelihood Time-of-Arrival

In order to solve system (1.6), a two-step approach basedaxinMim-Likelihood
(ML) technique can be considered. This method has been pedpa [60] and we
refer to it as TSML-ToA. The first stage relies, preliminady introducing the new
variable

A2 |0 = +§°+2 (1.7)

so that system (1.6) can be rewritten, in matrix notation, as
G o =h (1.8)

where
X1 Y1 Z; -0.5

G =-2
v Ym zv  —05
e (1.9)
) F2 a2
(A J hy = :
Z
o

>
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While (1.8) might look like a linear system, it is not, sindetfourth element
of the solution vectotv; depends on the first three according to (1.7). The solution
&, of the system (1.8) can be determined through an ML apprdagtarticular, as
suggested in [60], let us define the error vector
g, £ ﬁl - 211)1' (1.10)
Given a positive definite matr&l, the weighted Least Square (LS) solution of (1.8)
that minimizeSL_,ulvzvlﬂ1 is
@y = (GIW,G) "G/ W, hy. (1.11)
The simplest choice of the weighting matm‘:x;(1 is the identity matrix. In [60] it is
shown that the choice (v:vl which minimizes the variance @9, is

W, £ Covy,| = (4BQB)* (1.12)

whereQ is the covariance matrix of the ToA range measuremgnfg”,, B is a
diagonal matrix whose elements gne}M,, and the last equality follows from the
fact that, from (1.4) and (1.9}, can be written as

g, =h—-h=2Bv+vov~2By (1.13)

where® denotes the entrywise product and the last approximatiabtained ne-
glecting second order perturbations. With this choice efweighting matrix one
obtains that Cojé| = (GTW, G ).

The second stage of the algorithm is meant to take into atdbardependence
of fi on the other unknowns of (1.8) and it involves the solutiothefsystem

G,@,=h, (1.14)

where

g
(SIS

ﬁ
[
|l e N el

&
N

|
<

h, = (1.15)

@
Il
P O O B
P O Lk O
P P O O
>

N
=
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and[@l]j denotes thg—th component ofv;. The linear system (1.14) can be solved,
once again, through the ML technique. Defining the errorarect

Y,2h-G w, (1.16)

the weighted LS solution of (1.14) that minimizes the wedghtiorm ofg2 with a
positive definite matrixV_ is

@, = (G, W,G,) Gy W, hy. (1.17)
As considered to solve (1.8), the simplest choice of the kt&ig matrixV:V2 is the
identity matrix. In [60], it is shown that the choice ‘gtz which minimizes the vari-
ance ofd, is

W, £ Covjy,] ! = (4B,Covi@,|B,) ! (1.18)

whereg2 = diag(x,y,z 0.5). Finally, the position estimate can be expressed as

0=U [Vi@h vl VB (1.19)
whereU = diag(sign(@, )) [60].

1.3.3 Two-Stage Maximume-Likelihood Time Difference of Arrival

We preliminarily remark that, using a TDoA approach, it isolkm that the TSML
method can reach the Cramer-Rao Lower Bound (CRLB), whiehgeneric lower
bound for the variance of an estimator [24]. We refer to thipdthm as TSML-
TDoA. In order to keep the notation tractable, let us define

Similarly, let us denote the differences between théh and first range measure-
ments, and their estimates, as

Aij2rj—ry  DMj2Ff—Ff1 Vie{2...,M}. (1.21)
From (1.4) one can then write

Alj :Alj—|—Vj—V1 Vje {2,...,|V|}. (1.22)
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Let us define
Vi 2 [Vo— Vi, W —vq]T (1.23)

and let us denote &3 its covariance matrix. Taking the difference betweenjthéh
and the first equations of (1.6), one obtains a systeM efl equations in the three
unknownsx; y, andZ The derivation of the solution begins by defining an aumlia

vector
(Apl £ [)27 ya 27 I:\1]T . (124)

From the equation system (1.6), after algebraic manimuiafithe following system

can be derived [24]
G o =h (1.25)

where

(1.26)

<
>

@1: h, =

N>

af —afy + Mgy

R

1
Observe that the system of equations (1.25) is non-linezause, according to (1.3),
the fourth element of the solution vector depends on thetfirse ones. As in Sub-
section 1.3.2, the system (1.25) can be solved in two stgpsrihg the dependence
of f1 onX, ¥, andZ the system (1.25) can be solved as if it were a linear onesimgu

the ML technique. In particular, defining the error vector

w 2h-G o (1.27)

the weighted LS solution of (1.25) that minimizes the wedghhorm ofg1 is

_ (A&7 2 \-18T\ 1
¢, =G W,G) G Wh (1.28)
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whereV:Vl is a positive definite matrix. The simplest choice of the Wity matrix
W, is the identity matrix. In [24], it is shown that the choice\gﬁ which minimizes
the variance ofp, is

W, £ Coviy, | (1.29)

Observe that, from (1.27), using (1.221_)1 can be written as
Y, =hy —hy+2rv, (1.30)
and inserting (1.26) into (1.30) one obtains
Y, =2BV;+V, 0V ~ 2BV, (1.31)

whereB is a(M — 1) x (M — 1) diagonal matrix whose elements &g}, and the
last approximation is obtained neglecting second ordeugmtions. Hence, it can
be concluded that
W, = (4BQB) (132)

whereQ is the covariance matrix of the TDoA distance measuremanith this

L I . . ~ AT A1
choice of the welghtlnq matrix one obtains that Gay = (G, W, G )~

Given the solutiongl, the second step is meant to take into account that the
elements of the solution vector are not independent, rattfegr are related to each
other according to

0,3 = ([0,1— %)+ (1,]2—y0)? + ([§,)a —2)> (1.33)

In order to take this dependence into account and to impta/&M position estimate
accuracy, the following system of equations can be derived

c,0,~f (1.34)

whereg2 is the same as in (1.15) and

(R—x1)? (@1]1 —)?
. (], —y1)?
= —vqi)2 h, = —12 1.35
9, Y-w1) L) ([91]3 —z)? ( )
(2—271)? @1]‘21
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Defining the error vector
Y, =hy— 6,9 (1.36)
the weighted LS solution of (1.34) that minimizes the wedghtiorm ofg2 with a
positive definite matri>¥/:v2 is

oo Typ/—1 —1~T\w/—1R
¢, = (22 V:\/z 22) 22 V:VZ h,. (1.37)
The choice oV, which minimizes the variance @b, is
L -1_ - -1
W, £ Coviy,] * = (4B,Covig,|B,) (1.38)

whereB, = diag(Xx — X1,y — 1,2 — z1,r1) [23]. Finally, the solution@2 is used to
obtain the following position estimate of the target

0=U [\/ioe /@2 [20] +s:

whereU = diag[sgn@, —s,)].

1.3.4 Plane Intersection

With the Pl method [59], each triple of ANs yields a plane oriclithe TN lies and
the position estimate is obtained by intersecting suchgdawith equations depend-
ing on the reference ANs. More precisely, three triples osAfld three planes, the
intersection of which is a single point which coincides wifie TN position. Then, if
M > 5, considering, for instance, tiv — 2 triples of ANs given by {§;, s,, S;)} ’J-V':g,
using the notation defined in (1.20) and (1.21), khe- 2 planes are given by [59]

P2 = {(X,Ya 2) € R®: (xqjA12— x1281) )X+ (Y1jB12 — yi2ba))y

+ (21jD12 — 2100))Z
(1.39)

~

1 ~ 4 - 1
= _EAlelj (Alj — Alz) + E(ai - az)Alj

1 ~ .
_E(af—ajz)Alz} J G{3,...,M}.
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y,2]T of the estimated

1.3. Localization Techniques
It can thus be concluded that the solution veac® [X,Y,Z
coordinates of the TN has to satisfy the following systemafations
Au=b (1.40)
213512 - 212513
(1.42)

Y13512 - Y12513

where
Xl3Alz - X12513
A= :
X12Bm — Xambg2 Y12A1M - Y1MA12 2128w — b2
and
A1oDq3(Bp — Dag) + (8§ — a3)Aqs — (88 — a3)Aro
b= % : (1.42)
NPTy (Alz — A1M) + (a2 — a%)AlM —(af —af )Alz
(1.43)

The LS solution of the system of equations (1.40) is then

In Chapter 2, a variant of the Pl method will be described fon@e specific

localization problem.






Chapter 2

An Analytical Approach to
Optimized Anchors Placement

Longum iter est per praecepta,
breve et efficax per exempla

— Lucius Annaeus Seneca

2.1 Introduction

In this chapter, we consider the problem of localizing a TNvimg along a corri-
dor in a (large) indoor environment by means of UWB signaliramn fixed ANs
and we focus on optimal ANs positioning. The problem of oplisensor placement
for effective distributed processing has been studiedénlithrature in various con-
texts [3, 33]. The aim of this chapter is to derive an anadytapproach to optimized
ANs placement, according to the criterion of minimizinggdenproper realistic con-
straints, the Root Mean Square Error (RMSE) between theiposistimate and the
true position of the TN.
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We consider a three-dimensional scenario where the TN nwvése floor along
a corridor and the ANs are positioned uniformly on both sidéshe corridor at
the same height [44, 48]. Such a scenario can be found, faanos, in industrial
environment where shelves create corridors in which peapievehicles move and
where the ANs can be placed on the ceiling, at the top of skelve

The PI algorithm is chosen because it allows deriving a ddeam expression
for the inter-AN distance in the considered scenario. Using ANSs it is possible
to estimate the TN position by intersecting the major axesvofthree-dimensional
conics associated with two subsets of three ANSs.

Under the assumption of a fixed variance of the range estmatiror, we derive
here a simple closed-form expression for the optimal iAfidrdistance in terms of the
corridor width and the height of the ANs. Simulation resalsfirm the effectiveness
of the proposed analytical approach to optimized ANs plaasrnit is shown that the
proposed approach allows the MSE of the TN position estisnateeach the CRLB.

2.2 Localization Using Four ANs: General Framework

In the remainder of this chapter, it is assumed that the TNemaw the floor e.g., of
a warehouse. Without loss of generality, let this plane bergby

Po2{(xy,2) e R3:2=0}. (2.1)

According to [59], the minimum number of ANs needed by the Rithod to
estimate the TN position in a three-dimensional scenarifives However, in the
considered scenario, one of the coordinates of the TN is kn@w= 0) so this
number reduces to four. Suppose that the position estinfidie @N is obtained by
using the four closest ANs which are in LoS with the TN. Usihg same notation
introduced in (1.2), the ANs coordinates are denoted as

s =¥zl ie{1,234}.

As soon as the TN receives signals from the four ANs, it caalipe itself by ei-
ther processing the received signals on board or by senidéndata to a server which
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estimates the position. Let= [x,y,0]" andd = [,y,0]" be the true and estimated
coordinates of the TN, respectively. Then, the true diﬂa{lq}i“:l and the estimated
distancedf;}# ; between the TN and the considered ANs can be written as ij (1.3

According to [24], the ToA measurements can be describechladditive noise
model, so that the estimated distan¢ég*_; can be expressed as

ﬁ =Tri+V i€ {1, 2, 3,4} (2.2)

where{v;}* ; are the distance errors. In [5], it is shown that, with UWBnsiling,
the range error can be written as follows

vi=g+B i€{1,234} (2.3)

whereg ~ .4(0,0?); & is independent ofj fori # j;, and is the synchronization
bias (the same for all the ANs). One can thus write

& ~ ¥ (0,diag(0f, 0%, 0%, 0%)) (2.4)

wheree £ [g1, &, 3,4 .

As in (1.21), let us denote &g}, and {Ayg; }{_, the true and the estimated
range-differences between the first and th¢h AN, respectively. All other possibile
range-differences can then be expresseAd in terrﬁAgi}j‘:Z and{Aj }?:2. Inserting
(2.2) into the definitions ofAq;}{_, and{Ay;}5_, leads to

Aqj = Dy + €4 j €{2,3,4} (2.5)

where gy £ gj — & is the error in the estimated range-difference between the fi
and thej—th AN. From (2.4), it follows that

El&j] = Elgj] —E[&] =0 je{234)
Eleijen] = Elgjad] + E[ef] = aj25,-k +0? j,ke{2,3,4

wheredjk is the Kronecker symbol ar is the expectation operator. By defining

€12 [€12,€13,614] (2.6)
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it can be concluded that ~ .4°(0,Q), where

2, 2 2 2
01 +0; 071 071
2 2, 2 2
Q= ) 01 + 03 ) . (2.7)
2 2 2, 2

With the Pl method [59], the position estimate is obtainednbgrsecting planes
with equations depending on the reference ANs. More prigciseo triples of ANs
yield two planes, the intersection of which is a line whemre TN lies.

Once the equation of such a line is known, it is sufficient terigect it with
the planeZ?, defined in (2.1) in order to obtain the estimated positionhaf TN.
Considering, for instance, the two triples of ANs given sy, §,, s;} and {s;, S, S4},
and assuming the notation defined in (1.5) and (1.20), thetarges are given by [59]

P12 = {(X,Ya 2) € R®: (xqjA12 — xa281) )X+ (Y1jA12 — y12h1) )y

+ (12— z12b))z

1. .~ 4 A 1 A
= _EAlelj (Alj — Alz) + E(ai - a%)Alj

1 ~ .
_ E(aﬁ — aJZ)Alz} j €{3,4}.

Since it is assumed that the TN moves on the plafiedefined in(2.1), it can
thus be concluded that the vectay £ [%,9]T of the estimated andy coordinates
of the TN has to satisfy the following system of equations

Al 5 =b (2.8)
where R A A R
R X130812 — X12013  Y13012 — Y1213
A= N N N N (2.9)
- X14012 — X12014  Y14D812 — Y12D14
and
; 1 [ Di2baa(Bin—Arz) + (88 — a3)Ag3— (82 — a)Agn (2.10)
T 2\ ApoAia(Byo—Dgg) + (83— @3)Aa— (B3 —a3)D1p | .
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Similarly, the actual coordinates, , = [x,y]" of the TN on% satisfy the fol-

lowing system of equations
Augz =b (2.11)

whereA andb are obtained by substituting the estimated range—diftme{ﬁlj }j‘:z

with the true onegAy;}{_, in A andb.

From (2.5), one can write
A=A+E b=b+g (2.12)
where

A X13€12 — X12€13 Y13€12 — Y12€13

E= (2.13)

- X14€12 — X12€14 Y14€12 — Y12€14

and 1
(&), = 551i+2[A122 — 20qpli 2 + & — &)

1
- 5512[A1i+22 — 2Dpolgi o+ 82 — 8l )] (2.14)

1
+ S €121 422012 — 2D1i 1 2] + €502

+ 512i+2A12 + £12€1112(812 — €1i42) ie{1,2}.

Assuming that the components of vectr defined in(2.6) are small (which
is realistic with UWB signaling), a good approximation @f can be obtained by
omitting non-linear perturbations in (2.14). Therefotesan be stated that

b~b+e (2.15)
where the —th component o, is
1 2 2 2
[ep]; = 5 | Eniv2lA1o — 2A12Asis2 + 8] — )]
(2.16)
— E12[AF; 5 — 2Dl o+ AT — a,-2+2]> )
Define the auxiliary vector
A (2.17)

Y2b—Auyy =Ae
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wheree = Gy o) — Ug 9 is the difference between the true position of the TN8p

and its estimated position, i.e,is the position estimation error. Using (2.12) and
(2.15), (2.17) can be written as

Y=btep—(A+E)Usz =& —EUsz (2.18)

where the last equality follows from (2.11). Substituti2gl3) and (2.16) into (2.18),
thei—th component of the vectap can be approximated as

U5 ~ > [smz (A%Z — 2A12A1i+2) —&12 (A%HZ - 2A12Ali+2)}

1 1

+ 82 (af — 8 — 21X — 2y21y) - 5812 (a8 — af, 2 — 221X — 24 21Y)
1
1 1 )

+n2(f-r8) —zea(f-rf,)  ie{12).

After substituting (1.21) into the previous equation ancheananipulations, one
obtains the following approximate expressions for the elets of vecton)

Y1~ €13r3(r1 —r2) — E12r2(r1 —ra3)
Yo > €1474(r1 —T2) — €272 (r1 —r4).

Using (1.21) and (2.6), the above equations can be writtehaRRe,, where

roA1z —rafp 0

lI>

R . (2.19)
= rol14 0 L PTAYP!

SinceElg,] = 0, it follows thatE[(] = 0 and the covariance matrix gf is
WEE[Yy'] ~RE[g.e1 R = ROR!
whereQ is defined in (2.7).

From (2.17), assuming that dﬁet;é 0, the errore can be written as

e=A 'y~ (A+E) 'Re;.
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Neglecting, once again, non-linear perturbations, therercan be approximated as
follows

e~A'Re,. (2.20)
Therefore, by defining

A
= (2.21)
B

C=CoVe| ~E[Te e I =TQT". (2.22)
The trace oL is the Mean Square Error (MSE) of the position estimationiand
can be expressed, as a functionfodndQ, as follows

Tr(C) ~ of Tr(T 1,1") + Tr(Tdiag([0F, 0%, 07])T") (2.23)

where:]3 is a 3x 3 matrix with all elements equal to 1. Simple matrix calciglat
leads to the following approximation

THO) = 0| (Tua+ Tao+ Taa)? + (Tor+ Toz+ Too)? .

+05(TA+TR) + 05(TH+TH) + 05(TH+ Th).

The analytical expression dfr(C) obtained in (2.24) shows thatr(C) depends

on the coordinates of the ANs and on the distances betweénA@®and the TN.
In Section 2.3,Tr(C) is explicitly calculated, under realistic assumptionsain

specific scenario whe;e the TN follows a straight path in thédhe of a corridor,
and optimized placement of ANs is performed by the anallytitaimization of the
Tr(C). Moreover, Section 2.4 shows that the proposed optimizacephent strategy

provides accurate and satisfactory position estimatesiétiee TN follows a straight
path not in the middle of the corridor or even a non-straigiihp
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2.3 Position Estimation of a TN Moving on a Line

Suppose that the TN moves along a straight line in the mididéecorridor of width
w, as shown in Figure 2.1, so that its position at tinoan be expressed as

u(t) = [x(v), %’,of.

We assume that the ANs are alternately positioned on theitlgs sf the corridor
and that they are regularly spaced—this is realistic froninatallation perspective,
for large indoor scenarios. In particular, as shown in Fegail, we denote adzhe
distance between two consecutive ANs on the same side ofothiglar along the
x—axis (so tha® is the difference along the—axis between two consecutive ANs
on opposite sides of the corridor).

Finally, we also assume that all the ANs are placed at the $aight{ > 0,
i.e. on the same plane (such as the ceiling of the buildingglighto &7, (on which
the TN moves), given by?; = {(x,y,2) € R3:z={}. It can be shown that,
without knowing that the TN moves on a specific plane, theragsion of all ANs
located on the same plane would not lead to a unique solutioth& TN location
problem. The above assumptions, which may appear venygstrinare realistic in
several industrial scenarios where shelving units idgrdifaight corridors, along
which TNs (e.g., automated guided vehicles) move.

As the TN moves along its trajectory, it dynamically selghtsfour closest ANs
in LoS to estimate its position, and thus, the frameworkioetl in Section 2.2 can
be applied. Except for an initial transitory (wherd(t) < d) and for the end of the
corridor, the considered AN configuration along the conridgperiodic. We remark
that the estimation strategy does not change at the begiramd at the end of the
corridor, as the four nearest ANs are used. The only diftamnsists in a different
configuration on the ANs with respect to the TN. Thereforéhwait loss of generality
we restrict our attention to the interval < x(t) < 29, for which the coordinates of
the four nearest ANs are given by

5=0007]" s=[0wl" £=[207" s=[35w/"
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Figure 2.1: A corridor in a general scenario where the TNreggnted by the black
rectangle, moves. The solid black lines on the floor reptebenprojections of walls
on &y, thus indicating the width of the corridor. The four nearsisis (black squares
and their distanceér; }i* ; (dash-dotted blue lingsrom the TN are also indicated.

If { =0, then all the ANs are located on the same plane where theeBNdnd
this scenario reduces to the one considered in [40].

Given the widthw of the corridor and the heiglgt of the ANs, our goal is to com-
puteTr(C) and to find the distanc&* that minimizes it. To determine an expression

for C, explicit expressions of the distances between the TN amds are needed.
Denoting the position of the TN at a given instantasv/2, O]T, one can write

2=+ (9)*+° 3= (0-%7+(9)"+ 2 (2.25)
(4 |

3= (26-92+(9)° 422 r3=(35-%2+(9)°+

Defining
n?24](8)'+27 (2.26)
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and substituting (2.26) into (2.25) gives

AR et (5
W(M) V(@)
n n

If n > 49, then (sinced < x < 29) the second-order Taylor series expansion

VI+x2=1+x%/2 + o(x?)

can be effectively applied to (2.27), which gives

(2.27)

2 o— 2
rlzﬂ+x— rzﬁﬂ—i—( )Z)
2.0 2. (2.28)
35 m 4= P

Note that the approximate expressions (2.28) are more atecfar largem (i.e.,
larger w and/or {) which corresponds to large indoor scenarios, one of ouic bas
assumptions. According to (2.26), the conditipn- 40 can be written as

o< %\/(w/Z)Z + 2. (2.29)

Therefore, the upper bound fdrincreases as the width of the corridor or the height
{ of the ANs increase.
Substituting (2.28) into (1.21) gives

8(6-29 , _48(6-%  , _ 5(95-6%

A1227 3= ——— 14 =
n

Using (2.30) and (2.9), the following approximate expresfA can be derived

(2.30)

3 —
L8 ,8(6-Tw
n n

3 _
62 4020 -Xw
n n

1>
12

(2.31)
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so that its determinant is

Sinced < x < 29, it can be concluded that d&t> 0 and, therefore, the matrB&
and the erroe are well defined.

Before calculating the covariance mat@of e, an explicit expression of (and,
therefore, oB andR) is needed. From (2.31) it follows that

1 2&( =X —é%@—@

C4dw 40w
From (2.19), using (2.28) and (2.30), the entrieRafan be approximated as

R11 ~ 45(5 —)Z) |:% + (6;2)2)2:|

vV
SRS N 5y

1 (6—x%)?
Ro1 ~ —2X) | =
21~ 30(30 — 2X) {2+ 2 }
1 (36-x)?
Ro3 ~ —5(5—2)6 |:§—|—T:| .
The entries of matrix_ defined in (2.21) can finally be calculated

05

(2.33)

T11=B11Ri1 + B1oRo1 >~ — 252 (0—X) [

1 (20 —-x)2
Ti2=B1Ri2~ — 2’;2(25 _j{ ( nz_j}

1 (36-x)?
T13 = B1oRp3 =~ %(5—)2) [— + T_)}

3 d —X)?
To1 = B21R11+ BooRo1 _% [§+( ’72_) }

3n (1, (26-x7°
4w {2 n? ]
4’10 [;+ (35’7_2)62} |

(2.34)

Too = Bo1Ryo

Toz = BooRoz ~
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Using the above results, it is now possibile to calculatéC). In [5], it is shown
that {gi}* ; can be approximately modeled as a linear function of thewest be-
tween the—th AN and the TN with the following expression, given in meter

0 ~ 0.01r; + 0.08. (2.35)

The numerical values are derived in [5] using Channel ModdeScribed in [39]
and the energy detection receiver presented in [11], wiidomposed of a band-
pass filter followed by a square-law device and an integratavhich the integration
interval is set equal tds = 1 s. We assume that the same energy detector receiver is
used here.
Since we consider the four ANs nearest to the TN (so thdtgif_; are similar),
it is expected that the standard deviatidias}*_; of the range estimation errors as-
sociated with the four closest ANs are similar. Under thaiamgstion thato; ~ o,
(2.7) reduces to
2 11
Q~o?| 1 2 1
112

Also, (2.24) becomes

Tr(C) =~ 0°[(Tua + Tiz+ Tag)* + (Tor + Too+ Tag)?

2 2 2 2 2 2 (2'36)
+ T+ T+ T+ Ta + Thn+ T

From (2.34) one finds that

Ti1+ Ti2+ Ti3 = B11(Ri1+ Ri2) + B12(Ro1+ Ros)
To1+ Toz+ Toz = Bo1(Ri1+ Ri2) + B22(Ro1 + Rog).

Substituting (2.32) and (2.33) into the above equationsgyiv

20 —X
T114+ T2+ Tiz > _(26-%n [

202
1 X
T21+ T2+ Taz~ —% [E%—F} .

1 ?}
5T 2
L (2.37)
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Finally substituting (2.34) and (2.37) into (2.36), aftenge simple algebraic manip-
ulations one obtains

o2 6 .
TrC) ~ ——= Y CX 2.38
r(:) 40.)2’7254 i; i X ( )
where
5 5 27 117
Co= E52”40‘)2_’_2654’720024_14%6002_’_2.54”4_’_?565”2_’_758

Ci=— (46865002 +605%n2w? + 36n*w? + 156°n% + 10867)
Co = n*w? +566°n2w? + 6065* w? + 55%n? + 815°

Ci=— (246r;2w2 + 40853 + 3055)

Cs = 50* + 1585°w? + 4n2w?

Cs = —360w?

Co = 40°.

Observe that the coefﬁuen{@. o depend on the positiokr of the TN, ond
and onn (and, hence, on the widta of the corridor and on the heigljtof the ANs).

Because of the geometry of the considered scen@ri@) is a periodic function
of x. Therefore, in order to compute its average value, it is @efit to evaluate it
over a period, i.e., fod < x < 24. The average value dfr(C) overxis given by

1 (2 _
pd) =< [ Tr(C)dx (2.39)

In order to optimize the placement of ANs, our strategy csissin finding the
distanced between consecutive ANs that minimizes the average M&} of the
TN position estimates.

Inserting (2.38) into (2.39) and using the explicit expiass of the coefficients
{Ci}8 > 5N (2.38), the following expression fqr(d) can be obtained

o’ 4 76 5 2,22 5 5 5 4 1 4 505
(o) ~ 2072 {46 <35w+ n)é +15r;w+4r) +3nw6
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In order to minimizeu (), we set its derivative to zero. Observing that

gg Z;Z (453+ (22@ +31 )5— %r;“wzé‘?’) (2.40)
if we multiply both sides of the equation I&7/(4n°) and define
B £ &°/n? (2.41)
it can be concluded that
N T (19 1) B2-1A2=0  (242)

whereA = w/n and the approximation sign on top of the equivalence is dukeo
fact that the expression on the right hand side of (2.40) psaimated.

The cubic equation on the right hand side of (2.42) can besdoanalytically.
More precisely, definingg = 19A2/70+1/3,d = —A2/24 andA £ d?/4+b3d /27,
one explicit root of (2.42) is

Blz\/—b——— VA+ \/ ————— d_a-® (2.43)

27 2 3

If A > 0, thenp; is the only real solution of (2.42) and, therefore, the sotuis
B* = By If A <0, then all the solutions of (2.42) are real. In this case, care
calculate the remaining two solutiofls and 33 of (2.42) as the solutions of the
quadratic equation obtained by dividigd3) by B — B1, and then selegB8* from
{B1,B2,Bs}. Note that, by definition (2.41)3* has to be positive, and, for the con-
sidered problem, only one of the solutiof }2_; is positive because the derivative
of g(B) is B(3B + 2b) which (sinceb > 0) is always positive fo3 > 0 and since
9(0) =d < 0, sog(B) = 0 has only one positive solution. Therefore, we can con-

clude thatB* = max{ 1, B2, Bs}-
Finally, from (2.41) the optimal value @ (denoted a®*) is given by

VBN = /B +4). (2.49)

As observed in [40], if =0, i.e., the ANs are located on the same plane where the
TN moves, the optimal valué* is approximately half of the width of the corridor
0" ~ w/2).
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0" [m]
w=2m w:Sm‘w:4m‘w:5m
{(=0m 0.95 1.42 1.89 2.37
(=1m 1.19 1.61 2.04 2.49
(=2m 1.60 2.00 2.40 2.80
{(=3m 1.96 2.39 2.80 3.19

{=4m 2.27 2.76 3.19 3.60
{=5m 2.56 3.10 3.56 3.99
{=6m 2.81 3.41 3.91 4.36
{=7m 3.05 3.70 4.24 4.72
{=8m 3.27 3.97 4.54 5.05
{=9m 3.48 4.22 4.83 5.38
{=10m 3.67 4.46 511 5.68

Table 2.1: Optimal values aJ predicted by (2.44) as the heightof the ANs varies
between 0 m and 10 m, and the widthof the corridor varies between 2 m and 5 m.

2.4 Simulation-based Validation

The closed-form expression féf (2.44) is now validated by simulations. The local-
ization performance is evaluated in terms of RMSE, whicteisneéd as

RMSE2 \/E[(R )2 + E[(§— y)?).

Simulation results are obtained by means of a Matlab siroylbased on the one
described in [5], in which the standard IEEE 802.15.4a idémented using Channel
Model 3 described in [39] and the energy detection receivepgsed in [11]. We
remark that the simulator does not make the simplifying mggion in (2.28) needed
in the formulation of the analytical framework.

Table 2.1 shows the optimal values, predicted by (2.44hefrter-AN distance,
as the widthw of the corridor varies between 2 m and 5 m, and the he{gbf
the ANs varies between 0 m and 10 m. Observe that the optinha¢s&* do not
satisfy the condition (2.29) behind the approximate exgioes (2.28) for all cases.
More precisely, the condition (2.29) is fulfilled only for sthvalues ofw and large
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—6— w=2m (an.)-5
O =2 m (num.)
w=3m (an.)—6*
\ w=3 m (num.)
“““““ “ w=4 m (an.)-3
w=4 m (num.)
—B— w=5m (an.)—é*
B w=5m (num.)

0 1 2 3 4 5 6 7 8 9 10

Figure 2.2: Optimal inter-AN distanc&* as functions of: the values obtained us-
ing the closed-form expression (2.44plid lineg are compared with those obtained
numerically ¢lotted line$. Various values ofv are considered.

values ofZ. This is consistent with the assumption of large scenawbgre ANs are
attached to the ceiling, which is assumed high.

We remark that, without the Taylor series approximatior2g2. the values of
0* can still be evaluated numerically. In Figure 2.2, we corapie optimal val-
ueso* predicted by (2.44), as a function ¢f with the values obtained numerically
with no approximation. Various values af are considered. It can be observed that,
whenever the Taylor approximation holds (i.e., ladgend/or smalkw), the values of
0* predicted by (2.44) are very accurate. The largest difft@rdretween the closed-
form solution and the numerical solution is approximately & whenw =5 m and
¢ =0 m, a case which is not consistent with the large scenariomgstion.
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Figure 2.3: Considered paths of the TN on tyeplane.

We now investigate the applicability of the optimal inteNAdistanced™* pre-
dicted by (2.44) to different paths. The RMSE of the TN positestimates is ob-
tained by averaging the results over 100 realizations.d@esionsidering the scenario
in Section 2.3, we also consider other paths, namely: éiraigths not in the mid-
dle of the corridor and a non-straight path. More preciséijpe TN moves along a
straight line parallel to the walls of the corridor, its gasi at timet can be expressed
as[x(t),cw,0]", wherec € (0,1). The case in which the straight path is exactly in the
middle of the corridor corresponds ¢a= 0.5.

First, as shown in Figure 2.3, we consider a scenario wherll smdves in a
50 m-long corridor with widthw = 3 m. Four different paths are considered. More
precisely, the solid line corresponds to the case whetd.5 (the TN moves along
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Figure 2.4: For each of the four paths in Figure 2.3, the RM&tH® TN position
estimates is shown as a function of the traveled distancenwl.){ =5 m and (b.)
{ =8 m. Inall casesw =3 m andd = &*.

the middle line of the corridor); the dash-dotted line cep@nds to the case where
¢ = 0.7 (the TN moves along a straight line60m away from the middle line); the

dashed line corresponds to the case whete0.9 (the TN moves along a straight
line 1.2 m away from the middle line, i.e.,®m from a wall). Finally, the dotted line

corresponds to the considered non-straight path.

In Figure 2.4, the RMSE of the TN position estimates is showa &unction of
the travelled distance, as the TN moves along each of thepfathis for two different
values of the heighf of the ANs: (a.) 5 m and (b.) 8 m. From Table 2.1, the optimal
valued* is 3.10 m for case (a.) and 37 m for case (b.). It can be observed that the use
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Figure 2.5: For each of the four paths in Figure 2.3, the RM&the TN position
estimates is shown as a function of the traveled distancenw(f.){ =3 m and (b.)
{ =6 m. Inall casesco =5 m andd = o*.

of the optimal valued* is effective for all considered three straight paths: theSEM
curves for the three cases are very close to each other. ba#igeof the non-straight
path, the RMSE curve obtained widi is similar to those of the straight paths for
{ =8 m (b.), while it is higher fod =5 m (a.).

In Figure 2.5, the RMSE is shown, as a function of the TN tiladetistance,
whenw =5 m and for two values of the heigjtof the ANs, namely: (a.) 3 m and
(b.) 6 m. The inter-AN distance i = 6*, namely from Table 2.1y = 3.19 m and
0 = 4.36 m. Observe that, sinae =5 m, the valuec = 0.7 corresponds to a straight
line 1 m from the middle line, while the value= 0.9 corresponds to a straight line
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Figure 2.6: RMSE of TN position estimates when the TN movee@h straight line
in the middle of the corridor whew =3 m: (a.){ =5 mand (b.X =8 m.

2 m from the middle line, thus half a meter from the wall. Thasidered non-straight
path, instead, is the same as the one in Figure 2.3.

Figure 2.4 and Figure 2.5 show that moving the TN along a pdtitiwis not
the middle line does not have a significant impact on the RMSgecially when the
height{ of the ANs is high. In all cases, the RMSE is higher at the b@gmand at
the end of the corridor. This is because, in such situatittresdistances between the
TN and the ANs do not comply with the assumption of Section 2.3

It is now of interest to investigate the effect of a non-o@imMAN placement,

i.e. when the actual inter-AN distandeis not 8*, on the localization performance.
In Figure 2.6, we investigate it wheh=# &* assuming that the TN moves along a
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Figure 2.7: RMSE of TN position estimates when the TN moves@h straight line
in the middle of the corridor whew =5m: (a.){ =3 mand (b.X =6 m.

straight line in the middle of the corridor, for (af)=5 m and (b.){ = 8 m. In both
cases, the considered valuesdofire: 6%, 6*/3, and ®*. From Figure 2.6, it can
be observed that, as expected, the lowest RMSE curve iebtarthen the optimal
value d* is used. Also, a smaller value éfleads to significant peaks in the RMSE
curve. On the other hand, increasing the valué teyondd™* has a less significant
impact on the RMSE curve.

In Figure 2.7, the RMSE is shown assuming that the TN movelsamtiddle of
the corridor and the width of the corridor is setao=5 m. The value€ =3 m (a.)
and{ = 6 m (b.) are considered, for different values&@fnamely:5*, 6*/3, 30*.
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Figure 2.8: RMSE of TN position estimates when the TN moves@h straight line
near a wall of the corridor whew =5 m: (a.){ =3 m and (b.){ = 6 m. In both

cases, various values éf(namelyd*, 6*/3, 30*) are considered.

In both cases, the RMSE is lower in correspondencé*tdt is also significant to

observe that, as in the case with= 3 m, considering a denser placement of ANs

(0 < &%) leads to a performance degradation, with respect to thewdls &*.

In Figure 2.8, the RMSE is shown assuming that the TN movesgad corridor
of width w =5 m, 2 m from the middle line, thus®m far from the wall, wheld =3
m (a.) and{ = 6 m (b.), for the same values éfas in Figure 2.8. It can be noticed
that, even if the assumption of the TN moving exactly in thelateé of a corridor is
not verified, the lower RMSE is obtained when the valué @ set equal t&*.
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0" [m]
w=2m w:Sm‘w:4m‘w:5m
(=0m 1.22 1.82 2.43 3.04
(=1m 1.41 1.98 2.55 3.14

{=2m 1.74 2.28 2.83 3.39
{=3m 2.04 2.61 3.15 3.70
{=4m 231 291 3.47 4.02
{=5m 2.55 3.20 3.78 4.34
{=6m 2.78 3.46 4.07 4.65
{=7m 2.99 3.71 4.35 4.95
{=8m 3.18 3.94 4.61 5.23
{=9m 3.37 4.17 4.87 5.51
{=10m 3.54 4.38 5.10 5.77

Table 2.2: Optimal values 0d numerically evaluated using the TSML-TDoA
method, as the heighf of the ANs varies between 0 m and 10 m and the width
w of the corridor varies between 2 m and 5 m.

2.5 Comparison between Pl and TSML-TDoA Methods

In this section, we compare the values &f predicted by (2.44) with the values
numerically obtained when using the TSML-TDoA method [23]ieh is described
in Section 1.3. Such a comparison is meaningful since the I<$MoA method can
attain, as shown in [8], the CRLB, but it does not lead to aadeform expression for
o0*. We remark that the TSML-TDoA method involves the solutida & x 3 system
of equations for each position estimate, while the Pl meiheadlves the solution of
a 2x 2 system of equations and is, therefore, more computaljoetiicient.

Table 2.2 shows the optimal values &numerically obtained with the TSML-
TDoA method. As in Table 2.1, the widi of the corridor varies between 2 m and
5 m, and the heighf{ of the ANs varies between 0 m and 10 m. By comparing the
results in Table 2.1 with those in Table 2.2, it can be obsktlrat the optimal values
for & are very similar for the two cases, especially for high valoé{ and small
values ofw, which correspond to the most practical configurationsoAllke values
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Figure 2.9: MSE of TN position estimates, for the Pl methaglidsline) and the
TSML-TDoA method (dashed line), when the TN moves along theridor with

w=3mand{ =5m,d=9*and (a.)c= 0.5 (b.)c=0.9. Also the CRLB when
0 = 0% is plotted.

obtained with the TSML-TDoA method are very similar to thosenerically found
for the PI method shown in Figure 2.2.

In Figure 2.9, the MSE is shown as a function of the travelisthdce, for both Pl
and TSML-TDoA methods, when the TN moves along a corridon witdth co =3 m.
More precisely, Figure 2.9 (a.) corresponds to the case inhwthe TN moves along
the middle line of the corridorc(= 0.5), while Figure 2.9 (b.) corresponds to the case
where the TN moves along a straight line near a wa#(0.9). In both cases, the
height of the ANs{ =5 m and the inter-AN distancé = é*. It can be observed
that the Pl method and the TSML-TDoA method result in the skroalization ac-
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curacy. In Figure 2.9, the CRLB on the MSE evaluated when d* is also shown.
According to [8], the CRLB on the MSE can be expressed as #ue tof the matrix
G2 c2(Q"Q Q) 1, wherec is the speed of lightQ is the matrix defined in (2.7)
andQ is the following 3x 2 matrix N

X=X X=X Yyi—y Y2—Y
r ) r 2
X1—X X3—X Yyi—Y Ys—Yy

QL

r rs r rs
X—X X—X Y1—Y Yy4—Y

r l4 r lg
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From Figure 2.9, the MSE of the PI and the TSML-TDoA methodsraaches
CRLB except for border effects. It is of interest to inveatigthe effect whet # o*.

In Figure 2.10, the average MSE is shown as a functiod when the TN moves
along a straigh line (a.) in the middle of the corridor= 0.5) and (b.) near a wall
(c = 0.9). In both cases the width of the corrider= 3 m and the height of the ANs
{ =5 m. As expected, the lowest average MSE is reached Whed*, the optimal
value ofd predicted by (2.44). For comparison purposes, in Figuré thé& average
CRLB (over the entire path) is also shown, as a functiod.of



Chapter 3

A Swarm Intelligence Approach to
Static Localization

Tristis eris si solus eris

— Publius Ovidius Naso

3.1 Introduction

This chapter focuses on the localization of static TNs agsyno know the exact
positions of a few ANs. More precisely, we consider a setatichodes laying on a
plane, which may be the floor or the ceiling of an indoor enwinent, and we assume
to know the position of some of them which are considered As.number of ANs
should be small in order to reduce costs, but sufficientlydan guarantee reliable
position estimates of each TN.

Recall the PI algorithm [59] and the TSML-TDoA algorithm [Bitroduced in
Chapter 1. We remark that in this chapter we consider bid&io@al versions of
such algorithms. Both these algorithms deal with solvimgdir or non-linear sys-
tems of equations, whose coefficients contain the coomsnat ANs and the range
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estimates between them and the current tag. In some particages, for instance, if
the considered ANs are on the same line, the matrices invaivéhe aforementioned
algorithms might become ill-conditioned, thus leading tarang position estimate
of the TN. To avoid this kind of problems, it is possible toimgerpret the geometric
localization problem as a minimization problem. More psety, the initial system of
eqguations of the TSML-TDoA algorithm can be written in terafsan optimization
problem and solved through the use of Particle Swarm Opditioiz (PSO), as in
[41]. The PSO algorithm is a soft computing technique intatl in [31]. The idea
behind it is to obtain computational intelligence by exfilmj simple analogues of
social interactions, rather than purely individual colyeitabilities.

In this chapter, various scenarios and different ANs pmsdtiin each scenario are
considered. The impact of the number of ANs and of distanetgden nodes is eval-
uated by simulation. Direct comparison of the performarfogeometric algorithms
(i.e., the Pl or the TSML-TDoA methods) with that of the PS@agithm shows that
the latter can significantly outperform the formers.

A novel improved version of the PSO algorithm, which extetids hybrid ap-
proach in [42], is then proposed and its performance is coetpwith that of the
standard PSO algorithm. In particular, the number of itenst that are needed to
achieve a given error tolerance in the position estimateviestigated. Simulation
results show that the proposed hybrid version of the PSQittigo guarantees, at a
significantly reduced computational cost, faster conuezgen all considered scenar-
ios, making it very attractive from an applicative viewptoin

3.2 Use of PSO in Localization

As anticipated in Section 3.1, all considered static nodessapposed to be on the
same plane, e.g., on the ceiling of a large indoor envirotntenr this reason, un-
like in Chapter 1 and Chapter 2, the coordinates of all theea@de represented by
bidimensional vectors.

A set ofM nodes{s }M, with known positions, namely the ANs, is used to esti-
mate the position of the remaining nodes with unknown parsiti namely the TNs.
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All the TNs are estimated in sequence. The true position efcilrrently consid-
ered TN is indicated as= [x,y]", while the obtained position estimate is denoted as
0= [%,9]". Following the notation introduced in (1.3), we assume thatestimated
distances can be expressed as a function of the true onesliaccto (1.4). All the
results presented in this chapter are obtained assuminthéhdistance error has the
same statistics defined in (2.3), (2.4), and (2.35).

The starting point for the TSML-TDoA algorithm is system28), where we
nowneglect the third column c@l and the third component @1 as the considered
scenario is bidimensional. Through simple algebraic maatfns, this system can
be rewritten as

[l0o
[l

=1 (3.1)

where, using the notation defined in (1.20) and (1.5)

X12 Y12 F5—fi+af—a
02 22 2 2
X13 Y13 ~ rs—ri+ajij—as
B=-2 f= (3.2)
XM Yim Fin — F1+af —a)

Note that with the new formulation (3.1), the measuremeffected by noise
only appear in vector, while matrixB only contains known parameters. Instead of
directly solving the system (3.1), we reinterpret it as atiroization problem, with
solutionu expressed as

0= argmin,F (u) (3.3)

where the fitness functiof(-) is the following
F(u) = [[—Bul|. (3.4)

Among all possible optimization algorithms which could tsed to solve (3.1),
we now consider the PSO algorithm, originally introduced3h]. The use of soft
computing techniques for the localization of nodes in WSHs been already pro-
posed in the literature [2, 67].



48 Chapter 3. A Swarm Intelligence Approach to Static Localtation

According to the PSO algorithm, the set of potential sohgiof an optimization
problem can be modeled as a swarm of particles, whose positice randomly ini-
tialized in the region of interest, and which are guided tasahe optimal solution
by exploiting social interactions among them. In the follogy the size of the swarm
is denoted a$. It is assumed that every partidlen the swarm, at each iteration step
t (t €{0,1,..., Tmax}), is associated with a positiof(t) (within the region of inter-
est) and with a velocity'(t), which are both randomly initialized with valug0)
andV (0) and which are updated at each iteration [15]. Moreover,stiigposed that
the entire system has a global memaory, which allows eaclclgatd know, at every
iteration, not only its own best position according to thevdst value of the fithess
function (3.4), but also the best position among the oneshiezhby any other particle
in the swarm. Each patrticle also keeps track of the valuebeofitness function in
correspondence to both its best position and the globaldws#ion. All such values
are used to iteratively update the velocity and the posiiogvery particle.

From [61], the update rule for the velocity of particle {1,...,S} is

V(t+1) = wt)V () +caRa(t)(y (t) =X (1)) +C2Re(t) (y(t) =X (1)) (3.5)

wherew(t) is a weight called inertial factog; andc;, are positive real parameters
called cognition parameter and social param&gt,) andR,(t) are independent ran-
dom variables uniformly distributed in [@], whose realizations are drawn at each
iteration step. Finallygi (t) is the position of the—th particle with the best objective
function andy(t) is the position of the particle with the best (among all @ée8) ob-
jective function reached until iteratidr{54]. For the considered minimization prob-
lem (3.3), such positions can be expressed as follows

y) = argmin. o o),...x0 1)} F (2 (3.6)
yt) = argmin, e ysw;F2)- 3.7)
The rationale behind the update rule (3.5) is to add to thecitylat the previous

iteration (which is weighed by a multiplicative factor) achastic combination of the
direction to the best position of the-th particle and to the best global position. The
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velocities of population(t = 0)

l

Evaluate the fitness function for each partlc}e

I

Update velocity of each particle using the ———]
global best and the local best, according to (@

{ Generate initial positions and J

I

Update positions of particles according to (3}8)

l

Evaluate new population and find new global
best and personal best of each patrticle

I

Stopping
criterion
met?

no

Figure 3.1: Block diagram of the PSO algorithm.

velocity calculated in (3.5) is then added to the currenitjoos in order to update
the position of the corresponding particle, according &orthie

X+ =xXt)+vV(t+1) ie{1....Sh. (3.8)

This process is iterated until a stopping criterion, suchdcseving a satisfactory
value of the fithess function or reaching a maximum numbetear&iions, is met.
The solution of (3.3) will then correspond to the positiontted particle which best
suits the optimization requirements in the last iteratié8]][ The steps of the PSO
algorithm are summarized in the block diagram in Figure 3.1.
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3.3 Comparison with Geometric Methods

In this section, the performance of the swarm intelligerugreach described in Sec-
tion 3.2 is compared with the performance of geometric mathoamely the TSML-
TDoA algorithm and the PI algorithm introduced in Subsettio3.3 and Subsec-
tion 1.3.4, respectively. We compare, through simulatighe performance of the
aforementioned algorithms, considering the impact of tmalmer of ANs and of the
distance between ANs and TNs.

All the simulation results presented in this section areiolgid by a Matlab sim-
ulator compliant with the propagation model introduced é@tt®n 2.2, in which we
implemented the two geometric localization methods andR8© algorithm. The
performance is evaluated in terms of the RMSE between trdeeatimated posi-
tions. In the following, 100 independent simulation runs g@enario are considered.

In order to obtain the simulation results presented in thigien, the PSO al-
gorithm is implemented with a population &= 40 individuals and with a stop-
ping criterion corresponding to the achievement of 50 P&@tions. We consider
c; = Cp = 2, in order to make both the averages of the weights for sani@kognition
contributions equal to 1 [45]. The initial positions of dilet particles are randomly
initialized over the entire region of interest. The choidette inertial factorc(t)
deserves some more comments. From (3.5), it can be obsdratthis parameter
guantifies the ability of the swarm to explore new areas. Mweeisely, a relatively
large value ofc(t) improves the exploration ability of the swarm, which is a doo
feature to avoid local optima in global optimization prahk For this reason, the
inertial factorcw(t) is chosen to be a decreasing function of the number of itersiti
in order(i) to guarantee low dependence of the solution on the initipufation and
(i) to reduce the exploration ability of the algorithm. This ideomakes the method
simliar to a local search as the number of iterations inee#81]. In the following
simulations, it is assumed that the initial value of thetiaéfactor iscw(0) = 0.9 and
that it decreases linearly to4) reached at the last iteration.

First, we investigate how the obtained localization accyichanges as the num-
ber of ANs reduces. The number of ANs should be as small ashp@si order to
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Figure 3.2: AlImost uniform distribution of nodes inside ami@ide square with (a.) 8
ANs and (b.) 4 ANs.

reduce the implementation costs, but also large enoughdcagtee accurate esti-
mates for the positions of TNs [47]. Several scenarios wiffiergnt configurations
of ANs are considered.

The first scenario we consider is shown in Figure 3.2, wheaekbsquares rep-
resent the ANs while blue circles represent the TNs. In tbiffiguration, 36 nodes
are almost uniformly placed in the region of interest, nagnsebkquare with 10 m-
long sides. In particular, in Figure 3.2 (a.) the positioh8 out of the total number
of nodes are assumed to be known, while in Figure 3.2 (b.) timber of ANs is
halved, i.e., the positions of only 4 nodes are known. EachisTassociated with a
number, denoted as TN index.

In Figure 3.3 the RMSE corresponding to the scenarios inrBi§u is shown
as a function of the TN index. In all cases, the RMSE is conmputgEng the three
considered algorithms, namely the TSML-TDoA algorithng Bl algorithm, and the
PSO algorithm.

Figure 3.3 (a.) shows the RMSE relative to each TN in the seemepresented
in Figure 3.2 (a.), i.e., when the number of ANs is 8. In thise;aby comparing
the RMSE of the three algorithms, it can be noticed that tleeesno significant
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Figure 3.3: RMSE obtained with the TSML-TDoA algorithcy&n squares the Pl
algorithm @reen triangle} and the PSO algorithmr(agenta asterisksvhen con-
sidering (a.) the scenario in Figure 3.2 (a.) and (b.) theade in Figure 3.2 (b.).

differences in the order of magnitude of the error and theetfalgorithms guarantee
an accurate position estimate of all the TNs. Similarly, iguFe 3.3 (b.) the RMSE
corresponding to each TN in the scenario in Figure 3.2 (lshdsvn. In this case, the
number of ANs is 4 and they are used to estimate the positibtieeaemaining 32
TNs. Both the TSML-TDoA and the Pl algorithms lead to a faci#rate localization
estimate for many TNs.

On the contrary, the accuracy obtained when using the PStithiq is still sat-
isfactory. Moreover, a comparison between Figure 3.3 (a)Rigure 3.3 (b.) shows
that the performance of the PSO algorithm when using only 4 gNarantees the
same performance obtained when using 8 ANs, as the order ghitade of the
RMSE is the same in both cases.
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Figure 3.4: Distribution of nodes along a corridor 40 m lond & m wide with (a.) 16
ANs and (b.) 4 ANs.

We now consider a different scenario where 44 nodes aregdeddng a corridor
40 m long and 5 m wide, as shown in Figure 3.4, where black sguapresent the
ANs and blue circles represent the TNs. In particular, iruFég3.4 (a.) the number
of ANs is 16, while in Figure 3.4 (b.) the number of ANs is only 4

In Figure 3.5 (a.) the RMSE relative to the scenario in Figu#e(a.) is shown as
a function of the TN index. A comparison between the RMSE efttiiee algorithms
shows that they guarantee the same performance. On thehathey Figure 3.5 (b.),
relative to the scenario in Figure 3.4 (b.), shows that whalniing the number of
ANSs, the TSML-TDoA algorithm and the PI algorithm lead todnarate estimates
for many TNs, while the PSO algorithm still guarantees attsry results.

It can be concluded that in both scenarios shown in FigureaB®2Figure 3.4,
the reduction of the number of ANs leads to a significant diggian in the accuracy
of the TSML-TDoA algorithm and of the PI algorithm, but it dorot influence the
performance of the PSO algorithm.
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Figure 3.5: RMSE obtained with the TSML-TDoA algorithityén squares the Pl
algorithm @reen triangle}y and the PSO algorithnmagenta asterisksvhen con-
sidering (a.) the scenario in Figure 3.4 (a.) and (b.) theade in Figure 3.4 (b.).

We now introduce a slight modification of the PSO parameteesiiso far. Re-
call that the fitness function in the considered minimizatiwoblem is expressed in
terms of an Euclidean norm. Hence, the fithess function hasaab minima, i.e. the
minimization problem is convex.

Recalling that large values of increase the ability of the swarm to explore new
areas of the solution space, one canagt = 0, as proposed in [69]. This choice,
besides accelerating the speed of convergence, also eetheeeomputational cost
of the algorithm. As a matter of fact, since the first addenthatright hand side of
(3.5) is no longer considered, there is no need to initisdimd compute velocities.
The update rule for the positior{g‘}?: , of particles becomes

X (t+1) =X (t) + Ry (t)(y' (1) — X (1)) + CR() (y(t) = X (1)).  (3.9)
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Figure 3.6: Almost uniform distribution of nodes inside ar2@ide square with (a.) 8
ANs and (b.) 4 ANs.

All the simulation results in the remainder of this sectioa abtained under this
assumption, maintaining the same values of all the otheempeters involved in the
PSO algorithm. Moreover, we now consider different scesarwhere we assume
that 49 nodes are placed in a square whose edges are 20 m losgrv® that in
these scenarios the density of nodes is lower than that girh@ously considered
scenarios. Two spatial distributions of the 49 nodes arsidered, and for each one
of them two configurations of ANs are investigated.

First, we consider the scenarios shown in Figure 3.6, winer@ddes are almost
uniformly placed in the region of interest. In particular,Higure 3.6 (a.) the number
of ANs is 8: 4 ANs are near the corners of the considered regibiie the remaining
4 ANs are near the center of the square. In Figure 3.6 (b.)ntimeber of ANs is
halved and only the 4 nodes at the vertices of the square ase AN

In Figure 3.7, the RMSE corresponding to each node is shovane Mrecisely,
Figure 3.7 (a.) refers to the scenario in Figure 3.6 (a). it lo@ noticed that, in this
case, the TSML-TDoA algorithm, the Pl algorithm, and the RE&f@rithm guarantee
the same performance in the position estimate of each naué¢hécontrary, when
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Figure 3.7: RMSE obtained with the TSML-TDoA algorithcy&an squares the Pl
algorithm @reen triangle} and the PSO algorithmr(agenta asterisksvhen con-
sidering (a.) the scenario in Figure 3.6 (a.) and (b.) theade in Figure 3.6 (b.).

reducing the number of ANs, thus considering the scenarkigore 3.6 (b.), it can
be seen from the results in Figure 3.7 (b.) that the TSML-TRdégforithm and the Pl
algorithm do not guarantee a reliable position estimateHermajority of nodes. In
particular, the RMSE obtained with the TSML-TDoA algorithsrhighly fluctuating
(from 10~* m to nearly 18 m). At the opposite, the accuracy of the PSO algorithm
is similar for all TNs and it is still good. Moreover, the ordef magnitude of the
RMSE is analogous to the case with 8 ANs.

In the scenario shown in Figure 3.8, the same number of nodesaadomly
placed on a square with the same area of the one in Figure &elyp a square
whose edges are 20 m long. As in the previous case, the pwsitibthe nodes in
Figure 3.8 (a.) and in Figure 3.8 (b.) are the same, but inrEi@B (a.) the number
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Figure 3.8: Random distribution of nodes inside a 20 m sideusgwith (a.) 8 ANs
and (b.) 4 ANs.

of ANs is 8, while in Figure 3.8 (b.) there are only 4 ANs. Ndtattthe ANs have
different positions inside the square with respect to thesadn Figure 3.6. In partic-
ular, in Figure 3.6 (b.) the 4 ANs are no longer near the carbat they are closer to
the center of the square.

Observe that in the configuration shown in Figure 3.8 sombehbdes are very
close to each other. For example, in Figure 3.8 (a.) nodes1@@2 nearly overlap,
and nodes 1 and 7 are very close to one of the ANs. Similarkigare 3.8 (b.) node
28 is very close to node 35, and nodes 1 and 8 are nearby one ANS.

Looking at Figure 3.9 (a.) it can be noticed once again thalN8 Are sufficient to
guarantee accurate position estimates for each node, anthéne are no significant
differences in the performance of the three algorithms. l@nother hand, consider-
ing the scenario in Figure 3.8 (b.), it can be seen from theltesm Figure 3.9 (b.)
that halving the number of ANs does not allow the TSML-TDogalthm and the
P1 algorithm to obtain a reliable position estimate for theonity of the nodes, while
the PSO algorithm still guarantees the same order of matgibé the error. In par-
ticular, the RMSE of the TSML-TDoA and of the Pl methods hasdicant peaks in
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Figure 3.9: RMSE obtained with the TSML-TDoA algorithcy&an squares the Pl
algorithm @reen triangley and the PSO algorithnmagenta asterisksvhen con-
sidering (a.) the scenario in Figure 3.8 (a.) and (b.) theade in Figure 3.8 (b.).

correspondence to some nodes, such as nodes 2 and 14. Tleis thaluse of such
algorithms impractical because RMSE peaks are three ofdesignitude higher than
the average of the remaining values.

A performance degradation when using the TSML-TDoA or thealgbrithm
can be noticed from the previous simulations, as the numb&Ns is reduced. This
phenomenon is due to the fact that a small number of rangeuregasnts may not
give enough independent data to get accurate positionastimMathematically, this
means that some of the matrices involved in the solution @tdbalization problem
are ill-conditioned, thus leading to wrong results. At tipposite, the PSO algorithm
only involves the evaluation of a function at different psirthus avoiding the solu-
tion of systems which may be ill-conditioned.
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Figure 3.10: Configuration with 6 ANs and 8 TNs laying on cirdarences with
radius (a.) 2 mand (b.) 5 m.

We now investigate the impact of the distance between ANsT&&lon the re-
sulting position estimates. For this purpose, we constueiwo scenarios described
in Figure 3.10, where 6 ANs (i.e., the 6 black squares closghe center of the
square) are used to estimate the positions of the 8 TNs, eldastblue circles, which
are placed on two circumferences centered in the baricehtee ANs and with dif-
ferent radii. In particular, in Figure 3.10 (a.) the distarizetween the TNs and the
baricenter of the ANs is.8 m, while in Figure 3.10 (b.) the TNs are positioned on a
circumference centered in the baricenter of the ANs whodiegds 5 m.

Simulation results in Figure 3.11 show that, in both cades,RSO algorithm
outperforms the TSML-TDoA and PI algorithms by nearly ondesrof magnitude.
Moreover, from a comparison between Figure 3.11 (a.) andr€ig.11 (b.) it can
be observed that, as the distance between ANs and TNs irstehs performance
of the TSML-TDoA and PI algorithms significantly degrades & matter of fact,
the RMSE increases by almost an order of magnitude when diesraf the circum-
ference to which the TNs belong doubles. At the oppositeatitairacy of the PSO
algorithm does not change.
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3.4 A Hybrid PSO

Many different versions of the PSO algorithm have been studh the literature,
known as binary particle swarm [32], adaptive particle swfrl], bare bones par-
ticle swarm [30], and hybrid particle swarm [25]. In this Bex, a hybrid version of
the PSO algorithm, denoted as HPSO, is proposed. The maimptsns behind the
standard PSO algorithm still hold, but we introduce a new@ssing step, at each
iteration, after the computation of the new estimated st of the particles and
the corresponding values of the fitness function. To be mareige, among all th8
particles, we consider tHe 2 |S/2| ones which have the worst (namely, the higher)
values of the fitness function and we move them in a neighlomartof the particle
which has the best (namely, the lowest) value of the fitnesstifon.
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Figure 3.12: Block diagram of the proposed HPSO algorithm

The proposed HPSO algorithm is summarized in the block diragn Figure 3.12
and it can be described as follows.

At each iterationt of the PSO algorithm, given the current fithess function chea
particle, we consider a permutatic# in the set of indiceg1,...,S}, such that

F?Mn) <Fx”Ut)) if i<,
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In other words, we order the indices of all particles in asaan order, starting
form the one with the best fitness value (whose positior?i8)) to the one with the
worst value of the fitness function (whose position89).

Then, for every indek € {1,..., T}, we replace the positions of the particles with
indices{Z[T + K]}, (i.e., the worst ones) with positions close to the parsicigth
smaller values of the fitness function. In Section 3.5 twtedint rules for this reloca-
tion of particles are proposed and they are applied in diffelocalization scenarios.
After this relocation, the fithess function of tlejust moved particles is evaluated,
and, from then, the proposed algorithm continues follovilmgsteps of the standard
PSO algorithm.

The changes introduced in the hybrid version of the PSO idtigorare meant to
speed up the convergence to the optimal solution. As a ntfact, the effect of the
additional step is to rapidly push the swarm towards theréaily) best solution. We
remark that this idea is effective when the PSO algorithnpdiad to the considered
localization problem because the fitness function in (Z4pnvex and, therefore, the
minimization problem described in (3.3) has no local minitG&nerally speaking,
since the PSO algorithm is usually applied to global optation problems, the effect
of the proposed modification could make the algorithm caywdo a local minima,
thus leading to a suboptimal solution.

3.5 Comparison between PSO and HPSO

Itis worth observing that the introduction of the additibsigp in Figure 3.12 implies
that the computational cost of each iteration of the HPSOrdhgn is approximately
1.5 times the cost of each iteration of the PSO algorithm bexatithe relocation and
the revaluation of the fitness function of half of the paescIHowever, in this section
it will be shown that, from a global computational viewpgittie HPSO algorithm
turns out to be significantly more efficient than the PSO dtigor.

In order to evaluate the convergence speed, instead ofdwimgy, as a stop-
ping criterion, a fixed number of iterations (as in SectidB)3we now consider the
achievement of a fixed (maximum) RMSE. Two tolerance valoeshie RMSE are
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Figure 3.13: Two possible configurations of nodes inside anl€ide square with
(a.) random distribution and (b.) almost uniform distribat

considered, namely 16 m and 5 102 m. In particular, in Section 3.5.1 we inves-
tigate the impact of the number of iterations, whereas irni@e8.5.2 the impact of
the swarm size is investigated. Finally, in Section 3.5.8marison of the compu-
tational costs of the PSO and the HPSO algorithms is presdente

The simulation results that follows are relative to the sci&s in Figure 3.13.
When considering the scenario in Figure 3.13 (a.) the rétmtaule for the particles
with indices{ 2[T +K|}}_, is the following

)_(L@[T—&-k](t) H)_(9”“(] (t)_|_r(k)(t) ke {17--~7T} (3.10)

wherer ¥ (t) ~U (0,1) and{r(t)} are independent. In this way, the particles whose
index is{Z[T +K},_; is moved in a neighbourhood of the particle whose index is
{2y

Instead, when considering the scenario in Figure 3.13 lfle.yéplacement rule

for the particles with indice$ [T +k]}[_, is the following:
X7 —x”lt)y+rMt)  ke{1,...,T} (3.11)

wherer ¥ (t) ~ U (—0.5,0.5) and{r(t)} are independent.
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Figure 3.14: Averages of the minimum number of iterationadhieve an error tol-
erance of (a.) 10' m and (b.) 51072 m, for each TN in the scenario shown in
Figure 3.13 (a.), when using the PSO algorithmafienta asterisksand when using
the HPSO algorithmvjolet triangles.

3.5.1 Accuracy versus Number of Iterations

We now present some simulation results concerning the mimimumber of iter-
ations required by the PSO algorithm to achieve a given ealerance. The pop-
ulation size and all the other parameters are kept equaletmties already set in
Section 3.3, except, as indicated above, for the stoppiitgrion. The value of the
inertial factor isw(t) = 0. We compare the minimum number of iterations needed
to obtain the same performance when using the PSO algoritithwaen using the
proposed hybrid version.

Figure 3.14 refers to the scenario in Figure 3.13 (a.), wiBefdNs are used to
locate 12 TNs (in sequence). Recall that in this case theatitm rule for the worst
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half of the particles is (3.10). In Figure 3.14 the averagaiper of iterations is shown

as a function of the TN index in the cases with (a.) tolerargqpeakto 101 and (b.)
tolerance equal to 3.02. In both cases, the PSO and the HPSO algorithms are con-
sidered. For every TN index the HPSO algorithm convergesfan amaller number

of iterations. Moreover, when the HPSO algorithm is used,aherage number of
iterations does not significantly change for different Thisjt does when using the
PSO algorithm.

Comparing the results in Figure 3.14 (a.) with the ones infeg.14 (b.), it can
be observed that, as expected, the number of iterationseddedneet the stopping
criterion for the smallest tolerance is larger than whers@aring a higher value of
the maximum tolerable RMSE.

Figure 3.15 refers to the scenario in Figure 3.13 (b.), wHefdNs are used to
locate, sequentially, 21 TNs. As stated in Section 3.5, imgbenario, the relocation
rule for the worst half of the particles is (3.11).

First, we set the maximum acceptable RMSE to1. The simulation results,
obtained by averaging over 100 independent runs, are showigure 3.15 (a.).
It can be observed that the number of iterations needed fievackhe given error
tolerance when using the HPSO algorithm is far smaller thanohe needed when
using the PSO algorithm. To be precise, the average (ov&Na) minimum number
of iterations needed to achieve an RMSE equal to1® is 25, while this value
decreases to 3 when using the proposed HPSO algorithm.

Then, we reduce the error tolerance tdl6 2 m: the corresponding results, are
shown in Figure 3.15 (b.). Once again, the number of itematiteeded to achieve the
given tolerance decreases when using the HPSO algoritheahef the PSO algo-
rithm. In this case, the average minimum number of iteratio@eded to achieve the
given tolerance is: 37 when using the PSO algorithm and 4 wikamy the proposed
HPSO algorithm.

As expected, a comparison between Figure 3.15 (a.) andd-gyab (b.) shows
the number of iterations needed when the tolerance is smasllarger than when
considering a higher value of the maximum tolerable RMSE.
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Figure 3.15: Averages of the minimum number of iterationadhieve an error tol-
erance of (a.) 10! m and (b.) 5102 m, for each TN in the scenario shown in
Figure 3.13 (b.), when using the standard PSO algorithmagenta asterisksand
when using the HPSO algorithraiélet triangles.

3.5.2 Impact of the Population Size

In the following, considering the same scenario shown infg.13 (a.), and setting
the error tolerance to-30~2 m, we evaluate, as a function of the s&ef the swarm,
the number of iterations needed, on average, to achievadieimnce. Besides the
already considered valug= 40, we also consider its half, nameB~= 20, and its
double, namelys= 80.

The simulation results relative to such valuesafe shown in Figure 3.16. More
precisely, Figure 3.16 (a.) refers to the PSO algorithm JeMRigure 3.16 (b.) refers
to the HPSO algorithm. In both cases, as expected, the nurhlterations decreases
as the population size increases.
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Figure 3.16: Averages of the minimum number of iterationsdeel to achieve an
error tolerance of 510-2 m are represented, for each of the 21 TNs, when using (a.)
the PSO algorithm and when the population siz84s20 (cyan hexagramsS= 40
(magenta asterisksandS= 80 (yellow plug and (b.) the HPSO algorithm and when
the population size iS= 20 (blue hexagranjs S= 40 (violet triangleg, andS= 80
(orange plus.

Comparing the results in Figure 3.16 (a.) with those in Fegrl6 (b.) shows
that, regardless of the swarm size, the HPSO algorithm allobtaining the same
performance in a smaller number of iterations. Wisea 20, the average number of
iterations with the PSO algorithm is 95, but it reduces to &whsing the HPSO
algorithm. WherS= 40, the average number of iterations with the PSO algorighm i
37, and it is only 4 when using the HPSO algorithm. The numibé@emtions with
the PSO and the HPSO algorithms reduces to 14 and 3, resggctisenS = 80.
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The impact of the population size on the convergence spaxekdy highlighted
in Figure 3.17, where the average number of iterations rieedachieve a maximum
tolerable RMSE of (a.) 10" m and (b.) 5102 m is shown as a function of the pop-
ulation sizeS (varying from 5 to 80 individuals). Figure 3.17 shows thag ffnoposed
HPSO algorithm allows obtaining the required accuracy witar smaller number of
iterations, especially if the population size is small. Thavergence of the HPSO is
very fast even when the population size is small (6g-,20 orS= 30), making it a
very attractive choice also for real-time dynamic localiza
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3.5.3 Computational Cost

We now show that, in spite of the additional step in (3.10Yanih (3.11), the HPSO
algorithm is computationally less expensive than the Pg0rithm. This gain comes
mainly from the fact that the number of iterations neededttoeve a given accuracy
is, as previously shown, far smaller with the HPSO algorithm

Let us denote abl the number of TNs and agigfq and Niggrpsq the numbers
of iterations required by the PSO and the HPSO algorithmsneerge, respectively.
From the results in Figure 3.17, it can be concluded uﬁ&fq can be roughly ap-
proximated as 100, i.e., the swarm siz8 needs to be very large to guarantee fast
convergence. At the opposittatlig';PSQ is an approximately constant function 8f
typically assuming values between 5 and 10 (the only exaefiteing the case with
a tolerance of 51072 m andS= 5, i.e., with a very small population size, where
Nigr ) =17).

At each iteration, the computational cost is associatel twio operations carried
out for each particle of the swarm at each Ti)lthe evaluation of the fithess function
and(ii) the position update.

Considering the PSO algorithm, the evaluation of the fitfiesstion defined in
(3.4) for a single particle in the swarm involvés — 2 additions andvl — 1 mul-
tiplications. Moreover, from (3.5) and (3.8) it follows thdne position update of a
single particle in the swarm involves 5 additions and 5 mlittations. Hence, for
each particle in the swarm, at each iteration one needs tpu®iv + 3 additions
andM + 4 multiplications. The computational cost over the entik@rsn for the po-
sition estimate of a single TN is then obtained by multipfythe above numbers by
S obtainingS(M + 3) additions andS(M + 4) multiplications.

When considering the HPSO algorithm, the number of operstiovolved in the
evaluation of the fitness function for the entire swarm i<enthat of the PSO algo-
rithm: as a matter of fact, at each iteration, the fitnesstfanmf each of the worst
particle is evaluated twice. This leads t&63(M — 2) additions and BS(M — 1) mul-
tiplications for the evaluation of the fitness function fdir @articles of the swarm.
The position update of each particle involves the same nisnifeoperations as in

the PSO algorithm, withS/2| supplementary additions, due to the relocation of half
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| | PSO | HPSO |
Multiplications/iterations NSM +4) NS3/2M+7/2)
Additions/iterations NSM +3) N[S(3/2M +2) + |S/2]]
Total number of multiplicationg NSM + 4)NiirSQ NS(3/2M + 7/2)Ni§;'rps‘Q
Total number of additions | NSM + 3)N{P>9 | N[S(3/2M + 2) + | S/2[ NSO

Table 3.1: Numbers of multiplications and additions (peration and total) of the
PSO and HPSO algorithms as functions of the number of NNthe number of
particles in the swarr, the number of AN$/, and the number of iterationkxlife'iSq

and Niggf SQ, respectively).

of the particles given in (3.11), leading t&5 |S/2| additions and S multiplica-
tions for the entire swarm at a TN. It can then be concluded #teeach iteration,
the HPSO algorithm requireS(3/2M + 2) + [S/2| additions andS(3/2M +7/2)
multiplications for the position estimate of each TN.

Therefore, one obtains the computational costs in termsiofers of multipli-
cations and additions summarized in Table 3.1. The first tmsrefer to the compu-
tational costs per iteration (obtained by multiplying theypously explained results
by the number of TNHN), whereas the last two rows of Table 3.1 refer to the total
costs, obtained taking into account proper numbers oftiters for the considered
algorithms.

We now refer to the node configuration in Figure 3.13 (b.), etibe number of
TNsisN = 21. We first consider a swarm composedbsef 30 particles at each of the
N = 21 TNs. According to the results in Figure 3.17, in this casartumbers of itera-
tions needed to achieve an accuracy df® 2 m areNigePqu = 53 andNiﬂ:rPSQ = 4,
respectively.

Then, we consider a swarm composedsef 60 particles at each of tHé = 21
TNs. According to the results in Figure 3.17, in this caserttmbers of iterations
needed to achieve an accuracy oflt6 2 m are Nii:rsq = 36 andNiig'rpSQ = 3,
respectively.
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PSO HPSO ||

S 30 60 30 60
Total number of multiplications 267120| 362880| 23940 | 35910
Total number of additions | 233730| 317520 21420| 32130
Simulation run time 2.08s | 2.68s | 0.20s | 0.31s

Table 3.2: Comparison between PSO and HPSO algorithm, Mih21, M = 4.
Two possible values for the swarm si&eare considered: 30 (which corresponds
to N\PS9 — 53 andN{""S9 — 4) and 60 (which corresponds N}isrs’q = 36 and

iter iter
Négf S9 _ 3). The numerical values predicted by the last two rows olerakl are

shown. In the last row, the simulation run times are also show

In Table 3.2, the corresponding values of the total numblemsuttiplications and
additions are shown. It can be observed that, in both casespmputational cost of
the HPSO algorithm is around 10% of that of the PSO algorithm.

The last row of Table 3.2 shows the simulation execution simegjuired by the
considered algorithms to estimate the positions of the 24 ifiNhe aforementioned
scenario using Matlab on Mac OS 10.5.8, with a 2 GHz Intel QoBrio processor.
The obtained execution run times confirm the analytical iptesh of Table 3.1.






Chapter 4

Experimental Characterization for
UWB Distance Estimates

Exitus acta probat

— Publius Ovidius Naso

4.1 Introduction

All the localization algorithms investigated in ChaptertlaChapter 3 receive, as
their input, a set of estimated distances. Therefore, ngakisingle distance estimate
more accurate is likely to have a positive impact on the perémce of any of the
considered algorithm. The goal of this chapter is, indeediralyze the impact of
an accurate statistical model for distance estimation erldbalization accuracy of
practical UWB systems. Our experimental characterizadmased on the use of a
particular type of UWB sensors, namely the PulsON 410 Rangimd Communica-
tions Modules (RCMs) produced by Time Domaw. t i medonai n. con).

The characterization of radio propagation channel is ingpdito ensure satisfac-
tory performance of a wireless communication system [10¢ &xisting models can
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be classified into two major classes: statistical modelsghvtely on measured high-
level data, and site-specific propagation models, baselott@magnetic wave prop-
agation theory [63]. In this chapter, a novel statisticaldeldor distance estimates
based on experimental measurements between pairs of UVgBrsean derived.

Different kinds of experimental UWB channel models in vagscenarios, have
been proposed in the literature. In [53] the RSS between Udids is modeled on
the basis of an experimental campaign performed in an indogronment and the
collected data are used to improve the accuracy of the cenesldocalization system.
Results of experimental measurements in a typical officalaceshown in [7]. In this
scenario, the path loss, the amplitude distribution flumgtand the temporal correla-
tion between adjacent multipath components are analyzidtatistical distributions
for all such parameters are given. The UWB channel in diffenedoor scenarios,
namely, a factory hall, is investigated in [29] both in LoSia¥LoS conditions. The
propagation of UWB signals has been investigated also idamutenvironments, in
LoS and NLoS conditions [55]. In [66] a characterization lué path loss for UWB
communication in parking areas is given, while the resuita measurement cam-
paign in a snowy environment, which may be useful in case albaxehes, are shown
in [13]. Finally, a path loss model for UWB Body Area NetworfANS), obtained
by analyzing the signal propagation around the human bsdydposed in [58].

4.2 Time Domain PulsON 410 RCMs

The PulsON 410 RCM is a single-board UWB radio module interdée integrated
into users’ electronic devices to enable high precisiotadise measurement coupled
with wireless communications. The main feature of the PNISD0 RCMs is that
they provide accurate and reliable measures of inter-selistances at a high update
rate. Two different range measurement techniques are gegpmamely: Two-Way
(TW) ToF ranging technique, which provides Precision Ravigasurement (PRM),
i.e., highly precise range measurements with high updaée aad Coarse Range
Estimation (CRE) technique, according to which the rangienase is obtained from
the signal strength.
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Figure 4.1: A PulsON 410 RCM.

The frequency transmission of the PulsON 410 RCMs is cethtaré3 GHz, and
a bandwidth of more than 1 GHz is guaranteed, as the RF band gpa 31 GHz to
5.3 GHz. Each sensor is composed of a single small board (witlemions 6 cm
x8.0 cm x 1.6 cm) and it needs to be connected to a power source (12 Valth E
PulsON 410 RCM can support up to two UWB antennas [64]. A PhNIgQ0 RCM
is shown in Figure 4.1.

Usually, the communication architecture encompasses alsON 410 RCMs
and at least one host, connected to at least one module viaddBection. The
requests are always originated from hosts and the RCMsgw@dnfirmations for all
requests. More precisely, the interface between host addR0nsists of six request
messages from host to RCM with their associated confirm rgessén addition, info
messages are sent to the USB-connected host every time a @dékBts received
from other RCMs.
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Configuration P410
I> RCM HOST
Range/Data Request
HOST P410 RF P410
(PC or microP) Range Measurement RCM Channel RCM
. Data Received P410
< req HOST
User Upper OSI Layers P410 UWB Link & Physical Layer

Figure 4.2: A typical PulsON 410 RCM communication arcHitee.

Each RCM can communicate, on the UWB channel, to all the RCQMise con-
sidered environment, and each message exchange is asdavitht a message identi-
fier. Each RCM is associated with an ID and communicationsdsen pairs of RCMs
can be performed either as broadcast or by directly adaigessgiven ID. A typical
communication architecture is shown in Figure 4.2 [64].

The TW-ToF technique is packet-based and it involves soppssFirst, the re-
questing RCM (which is connected to a host) transmits a tquecket, i.e., a long
packet of pseudo-randomly encoded pulses. Once another ieEes the packet,
it transmits a response packet to the requester, which camhe precise time delay,
with picoseconds accuracy, between the request packsnitission and the response
packet reception.

The distance, in millimiters, between the two consideredVR@ then estimated
by the receiver RCM by properly processing the time delayrede, taking into ac-
count the antenna delay offsets. After the reception of a UMdEket, the requester
RCM communicates all received data to its host, which cange®it. In the follow-
ing, a pair of PulsON 410 RCMs is used to derive a statisticadehfor the estimated
distances between them.
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Listing 4.1: List of C library function prototypes

1 int remflnit(remfType ifType, char *destAddr);

2 void rcm fd ose(void);

3

4 int rcenBit(int *status);

5 int rcmOpMdeSet (i nt opMbde);

6 int rcntl eepMdeSet (i nt sl eephbde);

7 int rcnConfigGet(rcnConfiguration *xconfig);

8 int rcnmConfigSet(rcnmConfiguration *xconfig);

9 int rcnttatuslnfoGet(rcmvsg Get St at usl nfoConfirm=c);
10 int rcnDataSend(int node, int size, char xdata);
11 int rcnRangeTo(unsi gned | ong dest Nodel d, int node,
12 int size, char xdata, rcnvsg Rangel nfo *rangel nfo,
13 rcmvsg_Dat al nfo +dat al nf o,
14 rcnmvsg_Scanl nf o *scanl nf o,
15 rcmvsg_Ful | Scanl nfo *=ful | Scanl nf o) ;

The PulsON 410 RCM can be programmed using C or Matlab lisasivhich
provide functions to support host-RCM communications viaBJand serial. Here,
we focus on the main C library functions, which are enumeraid.isting 4.1.

The first two functions manage the communications betweerhtst and the
connected module. More precisely

e rcmd flnit(): opens communication with the module. ThieType can be
rcm f Serial orrcm f Usb and thedest Addr depends on the chosen type
(e.g.:/ dev/ usbrmodent 01 for USB communications in MacOS 10.5.8).

e rcrd f C ose() : closes the communications channel.

Once the communication channel is open, the library previde following functions
to wrap messages between the host and the RCM module

e rcnBit () : performs a built-in test of the module and returns ¢hat us of
the module. Ifst at us equalstK, the module passed the built-in test.
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r cmOpModeSet () : sets the operation mode. It can be used to make sure that
the device is configured in the proper operation mode amoagatailable
modes. Only the RCM mode is used in the presented expertiment

r cnBl eepModeSet () : sets the energy saving mode. This can be used to en-
sure that the device is awake or to force a low consumpion mode

rcConf i gGet () : retrieves the current configuration of the module and fills
theconfi g structure. For instance, this function can be used to readdde
ID of the device ¢onfi g. nodel d).

rcrConfi gSet () : sets the configuration of the module with thenfi g
structure. For instance, this function can be used to sendige ID of the
device.

rcnbt at usl nf oGet () : retrieves informations about the installed hardware
and firmware, and also about the current measured temperatur

r cnDat aSend() : can be used to send applications-specific data to the device
All RCM within range will receive the data and promiscuousgnd this data

to their respective host (if attached). This function pdes a mean to send
data, over the UWB channel, to all devices and hosts in range.

rcmRangeTo( ) : this function is used to get range informations from a TN
(dest Nodel d). If dest Nodel d equalsBROADCAST _NODE_I D, then all de-
vices within range respond but only the first received replprocessed. Ob-
serve that, by definitiorBROADCAST_NODE_| Dis equal to- 1. The most im-
portant return information is in theangel nf o structure, which provides three
types of range measurements in millimeters. Other infanmah scanl nf o
andf ul | Scanl nf o is tagged as debug-only by the official documentation. It
is worth noting that together with the range request, thgam can also send
application-specific data which is received by all hostsaimge, as in the case
of r cmDat aSend.
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We have defined a modified version of the functiamRangeTo() which takes
the ID of the requester node as an additional input paramiter function is denoted
asr cnrRangeToEx() and will be used in Chapter 5.

The functions previously described use data structureads parameters and to
receive values. All such structures use platform indepeindata type

e rcm_ui nt 32_t : unsigned 32-bit integer
e rcm_ui nt 16_t : unsigned 16-bit integer
e rcm ui nt 8_t : unsigned 8-bit integer

A detailed list of the data structures that the C library jleg can be found in offi-
cial documentation [65]. For the sake of simplicity, we oshow some of the main
parameters afcmveg_Rangel nf o, as they will be used in the following. Such mes-
sage is sent by the local requesting RCM to its host at the adutl UWB ranging
conversation.

rcm.ui nt 16_t mnsgl d: identifier to correlate range requests with informa-
tion messages.

rcm ui nt 32_t responder | d: ID of the responding module.

rcmui nt 8_t rangeSt at us: status/error codes for the range conversation.

rcm ui nt 8_t ant ennaMode: specifies the antenna to be used during this
conversation.

rcm.ui nt 16_t st opwat chTi me: how long the range conversation took, in
milliseconds.

rcm ui nt 32_t preci si onRangeMn distance in millimeters between a pair
of UWB modules based on a TW-ToF measurement (PRM).

rcm ui nt 32_t coar seRangeMnr coarse distance in millimeters based on
direct path signal strength (CRE). Note that this value ¢alibrated to the
PRM value each time a PRM of the link is measured.
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-rcmuint32_t filteredRangeMn filtered distance in millimeters based
on the combination of PRM and CRE values passed through esireeoptimal
Kalman estimator with two state variables.

- rcmouint 16_t vPeak:the absolute maximum value in the leading edge win-
dow of the received waveform. This value is used to deternfiaeCRE.

- rcm.uint32_t ti mestanp: milliseconds since the module boot at the time
of the range conversation.

In the experimental results shown in this dissertation)dbelization algorithms
are performed on the basis of the distances ui nt 32_t preci si onRangeMm
We remark that/Peak is a quality metrics which accompanies any range message.
ThevPeak is a measure of the maximum absolute value of the amplitudesuned
just after the leading edge offset. The leading edge offsatparameter associated
with the direct sequential scan of the pulse waveform. Maeeipely, the leading
edge offset is the index in the scan where the system detesrttie ToA of the pulse.
The parameterPeak is an improved form of RSS and it rarely suffers from multipat
fading [65].

4.3 Distance Estimate Model

In this section, on the basis of an extensive experimentakorement campaign, we
derive a statistical model for the distance estimate, imseof its average value and
its standard deviation. We assume that the following eqodiblds

F=r+v(r) (4.1)

wherer andr”represent the true and estimated distances, respectaredy (r) is
the error. We model the error as a random variable and we asthahits statistical
distribution depends on the true distance between the twsidered sensors. The va-
lidity of this assumption will be shown later in this sectjday analyzing the collected
experimental data.



4.3. Distance Estimate Model 81

Figure 4.3: The scenario considered in the experimentspdiséion of the sensor

connected to the host is showpufple sta) and the 15 positions of the second sensor
are shownf§lue dot3.

In order to derive a statistical model for the distance estimwe perform dis-
tance measurements between two RCMs. We connect one of tiamely, the re-
quester) to a host, while the second one (nhamely, the ragdés/@ot connected to
any host. We take distance estimates every meter, congideistances from 1 m to
15 m. For every considered distance, we take 1000 (indepéndistance estimates.
All the data are collected in a corridor whose width is 2 m arebge height is 5 m.
The considered scenario is shown in Figure 4.3, where theegieesents the position
of the requester and the dots represent the consideredeepesitions.
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Let us denote ag, k € {1,...,15}, the true distances between the two sensors,
namely,ry = k m and asfj) the distance estimate relativeripin the j—th iteration,
j € {1,...,1000}. Assuming that the distance estimates are affected byiesldit
noise, for each distanag and for each iteratioi, one can then write

F = re+ o) 4.2)

where ) is the distance error realization in the-th iteration. For a given value
of ry, it is reasonable to assume tf{é&ij)}}g{o are independent and identically dis-
tributed realizations, as they are relative to independ&tance measurements.

Let us define agvi }i>, and{ok}i>, the average value and the standard deviation
of the distance estimates based on the data collected irD@teiterations

_ 1 1oooA(J_)
1 1000 ) —\2
A = ~)
o £\ gg9 2, (W) (4.4)

The values off v }i°, and{aoi}¢>,, corresponding to the distancés}i>,, are
shown in Table 4.1. It can be observed that for distamgesom 1 m to 10 m the
average errovy is negative, meaning that the estimated distanﬁéar‘e, on average,
shorter than the true ones. At the opposite, for distanecgerdhan 10 m the average
error v assumes positive values, which means that the true distamegon average,
overestimated.

More generally, from Table 4.1 it can be noticed that the ayererrorvy tends
to be an increasing function of the distangebetween the two sensors. In order to
derive a simple statistical model for the valugg}}°,, we consider the following
linear approximation

v"S ~an +b. (4.5)

The coefficient& andb that appear in (4.5) can be found by solving the linear system

1>

t=v (4.6)
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| retml | v [mm] | oy [mm] ||

1 -151.7 29.8
2 -71.8 18.1
3 -89.1 20.1
4 -135.0 12.2
5 -76.9 22.2
6 -40.2 31.8
7 -19.0 8.1
8 -43.3 20.5
9 -30.9 24.1
10 -12.4 25.2
11 4.4 23.2
12 90.5 65.4
13 127.9 66.1
14 88.1 23.5
15 27.7 47.5

Table 4.1: The values afy (second column) andy (third column) as functions of
the distancesy.

whereA is a 15x 2 matrix with thek—th element of the first column given by
and the elements of the second column all equal to 1ktié element ofv is vy,
expressed in meters, and- [a,b]" is the solution vector. SincA is a rectangular
matrix, the system (4.6) can be solved through the LS tecienifjhe LS solution of

the system (4.6) is
0.016
t~ 4.7
—0.150

so that the average errgg, can be modeled as
("% = 0.016r¢ —0.150 (4.8)

where itis assumed th&{">}15, and{r}1%, are expressed in meters.
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Figure 4.4: The values, in millimiters, of errok (blue squaresand of its linear
approximationVéLS) (red triangleg are shown as a function of the true distamge
between the two sensors.

A graphical representation of the average ewjoand of its approximationVliLS)
obtained in (4.8) is shown in Figure 4.4. The blue squareeesgmt the values of
Vk, expressed in millimiters, while the red triangles repngsiee values of the linear
approximation\7,£"s) .

From Figure 4.4 it can be observed that the linear approximas accurate. As
a matter of fact, the absolute value of the difference betwgeand \7&3) is, on
average, 30 mm and it is always smaller than 70 mm.

Generalizing (4.8), one can write

v(-S)(r) = 0.016r —0.150 (4.9)
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Given that the linear approximation d"s) as a function ofy fits well the exper-
imental datavy, the generic expression of the distance ew¢r) in (4.1) can be
replaced withv-S) (r) given by (4.9) and the estimated distamazaf be modeled as

F~r+vS(r)=1.016 —0.150 (4.10)

From Table 4.1 it can be observed that the standard devigtialways smaller
than 70 mm and it is, on average, 29 mm. Such small values dfttmelard devi-
ation guarantee accurate distance estimates. As doneef@avérage value, we now
consider the following linear approximation for the stactideviation{ o }+>,

alfLS) ~ Ml + Q. (4.12)

The coefficientsnandqg in (4.11) can be found by solving the system
Av=o0 (4.12)

whereA is the same matrix as in (4.6), the-th element ofa is ok, expressed in
meters, and = [m,q]" is the solution vector. The system (4.12) can be solved once
again through the LS technique. The LS solution of the sy$te?) is

0.002
Ve (4.13)
0.012
so that the standard deviatiaR, can be modeled as
a."% = 0.002r, +0.012 (4.14)

where it is assumed tha’éLS) andry are expressed in meters.
The standard deviatiogy and its approximatioméLS) are shown in Figure 4.5.
The cyan triangles represent the valuegigfexpressed in millimiters, while the ma-
genta squares represent the values of the linear apprcim'mq&LS). From Figure 4.5
it can be observed that the linear approximation is accufetea matter of fact, the
absolute value of the difference betwemnand aéLS) is, on average, 11 mmand it is

always smaller than 28 mm.
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Figure 4.5: The values, in millimiters, @k (cyan triangle¥ and its linear approxima-
tion alﬁLS) (magenta squarésare shown as a function of the true distancbetween
the two sensors.

Generalizing (4.14), one can write
o"S = 0.002r +0.012 (4.15)

To summarize, we can conclude that the distance erforintroduced in (4.1)
can be modeled as a random variable, whose average walné standard deviation
o depend of the true distancébetween the two considered sensors, according to

(r) ~ vt =0016 —0.150 (4.16)
a(r) ~ o5 =0.002+0.012 (4.17)

where all the quantities are expressed in meters.
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4.4 Localization

In this section, we describe the localization setup whichsed to validate the sta-
tistical model derived in Section 4.3 and to obtain the tsssthown in Section 4.5.
More precisely, we consider four PulsON 410 RCMs in a bidisi@mal scenario.

Assuming to know the positions of three of them (namely, tiNsA we aim at find-

ing the (unknown) position of the remaining one (namely, TN}. We denote the
coordinates of the ANs as

s&x.y]  i€{1,23} (4.18)
while the coordinates of the TN are indicated as
u=xyl. (4.19)

In order to gather experimental results, we connect thedNIK10 RCM which
corresponds to the TN to a host. Proper Matlab libraries sed tor the communica-
tion between the TN and its host. First, the TN collects tmgeaestimates from the
three ANs by directly interrogating, in sequence, the IDgasponding to each of
the three ANs. Once the TN receives the range estimates fitdheaANs, recalling
that the coordinates of the ANs are known, it can computedsitipn by means of
proper localization algorithms.

In the following, two localization scenarios are descrilaed, for each of them,
two localization algorithms are considered, namely: the@nference Intersection
(CI) algorithm, described in Subsection 4.4.2, and the TSMA algorithm, de-
scribed in Subsection 1.3.2.

4.4.1 Indoor Localization Scenarios

The experimental results which will be shown in Section 4éralative to two dif-
ferent scenarios. The main difference between the two sicsnia that in the first
case the TN lies inside the convex hull of the three ANs, winilthe latter the TN
lies outside the convex hull of the three ANs.
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Figure 4.6: The position of the TNblack sta)) is shown, together with the positions
of three ANs gquarey. The distance$r;}2 , are also shown.

First, we consider a scenario where the coordinates of the, ANpressed in
meters, are

$=[-10 $=[14 s=[-13 (4.20)
while the position of the TN is identified by
u=[1,1]. (4.21)
From (4.20) and (4.21), the values of the distanggl>_;, expressed in meters, are
rn=v5 =3 r3=2v2 (4.22)

In Figure 4.6 the considered scenario is shown: colouredrsgurepresent the
positions of the three ANs, while the position of the TN isritited by the black
star. The (true) distance{ssi}?:1 between each AN and the TN are also shown.
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Figure 4.7: The position of the TNblack sta)) is shown, together with the positions
of three ANs équarey. The distance$r;}> ; are also shown.

Then, we consider a scenario where the coordinates of theafd\s
s =[—2,2.5 s, =[3,3.5] Ss;=[1,—0.5] (4.23)

and the position of the TN is the same as in (4.21), so thatahees of the distances
{ri}?:l, expressed in meters, are

rn==v5 rp= VAL r3=15. (4.24)

In Figure 4.7 the considered scenario is shown: colouredrsgurepresent the
positions of the three ANs, while the position of the TN isritited by the black
star. The (true) distance{ssi}?:1 between each AN and the TN are also shown.

In order to statistically characterize the accuracy of th&tpn estimates for both
the scenarios, we consider 1000 location estimations.dtidfiowing, we denote as
fi(” the estimated distance betweghN; }2_;, and the TN in thg —th iteration and as
o) 2 %) y())] the estimated TN coordinates in theth iteration,j € {1,...,1000}.
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4.4.2 Circumference Intersection (CI) Algorithm

In this subsection, a simple localization algorithm, dedods Circumference Inter-
section (CI), is presented. A similar approach is introdute[49]. We choose to
start from this algorithm because it is one of the most iiveliand it can be extended
to more elaborate algorithms.

In order to better explain the Cl algorithm, let us make a fewrgetric consider-
ations on the considered problem. The knowledge of the auaties of the ANs and
of the true distance{.ri}i:*:l would allow obtaining the true position of the TN. As a
matter of fact, the TN lies on each of the circumferenggg? |, centered ifs }2 ,
and with radii{r;}2_, identified by the following equations

2
1

(X—%)2+ (Y—y2)? =13 (4.25)
2
5

Hence, the TN coordinatas= [x,y] could be found as the (unique) point where the
three circumferencefs; }2_, intersect.

Since the true distances; }2_; are unknown, one can only rely on their estimates
{fi(j) 3 ,i€{1...,1000;. For this reason, at each stggE {1,...,1000}, equations
(4.25) are replaced by

=
=
[—
N

(x—x2)2+ (y—y2)? = [¢{

j r (4.26)

=

(=2 + (y—¥2)? = [f}

(= xa)+ (y—ya2 = [9'].

Equations in (4.26) refer to the three circumferences, Mh&s{(é(” i3:11 centered

in {53, with radii {f"’}3 ;. While the three circumferencd&}3 , intersect in a

unique point (which corresponds to the true TN positiong thuthe errors that affect
the range estimate@r“i(” 3 |, the three circumference[:%’fi(j)}i3:1 may not intersect
in a unigue point.
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Figure 4.8: The three ANssQuare$ Figure 4.9: A zoom of Figure 4.8 in a
and the TN black sta) are shown. neighbourhood of the TN is shown. The
The three circumference{gfi(l)}f’:1 ob- intersections between pairs of circum-
tained in the first iteration are shownferences are emphasized, and the ob-
(solid lineg together with the circum- tained position estimateragenta plus
ferences(%;}2_; (dashed lines is shown.

In Figure 4.8, the circumference{%}f’:1 defined in (4.25) and referred to the
scenario in Figure 4.6 are shown (dashed lines). As anréltig¢ example, the cir-
cumferences{fi(l) 3 | relative to the distance estimat&él) 3 ., (i.e., the distance
estimates obtained in the first iteration) are also showiid(oes). The TN position
is denoted as a black star.

Even if, from Figure 4.8, the circumferences (4.25) withiiradual to the true
distances(r;}2_, may seem very similar to the corresponding circumferen¢esy
with radii equal to{fi(l) 3 | (i.e., corresponding tg = 1), Figure 4.9, which repre-
sents a zoom of Figure 4.8 in a neighbourhood of the TN, shbatsthere is indeed
a relevant difference. As a matter of fact, as expected,réig9 shows thafi) the
position of the TN coincides with the (unique) intersectimween the three circum-
ferences defined in (4.25) arfid) the three circumferences defined in (4.26) do not
intersect in a single point.
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In order to find the TN position estimate in teth iteration, which is denoted as
) = [x0) y())], itis therefore necessary to consider a proper localimatjsproach:
instead of looking for the intersection of the three circarahces (4.26), we intersect
pairs of them (namel;@) = 3 pairs).

More precisely, for each iteratione {1,...,1000}, let us define the following
three sets (each of which contains two points), obtainednisrsecting the three
different pairs of circumferences

lh={P»0,} = ) né) (4.27)
l2={p3 05} = @) néy (4.28)
l3={Pyy0ps} = 4. (4.29)

We then choose a point from each of the three sets, name@yll, p,€ l,, and
P, € 13, s0 that the three selected points are the nearest oneshooter. More
precisely, since such points belong to circumferencesdettions, it can be shown
that they can be chosen as

[P, =Byl = mingey, ger, || p—d| (4.30)
[P, = P,ll = mingei,|[p, —dlf- (4.31)

With reference to the configuration in Figure 4.8, such thyemts are shown in
Figure 4.9. In particular, in Figure 4.9 the orange squareesponds to one of the
two intersections betweéﬁl(l) and%?z(l), the green asterisk corresponds to one of the
two intersections betweeﬁa?l(l) and%%(l), and the violet triangle corresponds to one
of the two intersections betweaé(1> and%%(l).

Finally, the TN position estimate (magenta plus in Figur@) 4s found as the
baricenter of these three points.

We remark that the intersection between two circumferemoesd also be an
empty set. In this case, the TN position estimate is founddbam the remaining
intersections. A modified and improved version of this alhon is explain in detail
in Chapter 5 for a different scenario.
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4.5 Application of the Statistical Model

In this section, the statistical model for the distancenestiés derived in Section 4.3
is applied to practical localization problems, namely theintroduced in Subsec-
tion 4.4.1, in order to analyze the impact of the statistiteracterization of the range
estimation error on the accuracy of the obtained posititimese.

Observe that, from the statistical model for the distancerg@t.10), the true
distancer between a pair of RCMs can be expressed as a function of timeatsdl
distancer according to

f+0.150
~ 71016
It is then of interest to investigate what happens if, indtefapplying the local-
ization strategies with the distanceﬁm 3 | (namely, the ones estimated from the
RCMs), we apply them to the following distances, obtained:b@recting{fi“) i3:1
with formula (4.32)

(4.32)

() » fiY +0.150

i 1.2 3L, 4.
¢ 1016 i€{1,2,3} (4.33)

We show how the statistical model for the distance estimdézived in Sec-
tion 4.3 is effective in improving the performance of the sidered localization al-
gorithms, namely the CI localization algorithm, explairiacthe previous section,
and the TSML-ToA algorithm.

These algorithms take as input the estimated distancesbantthe ANs and the
TN and, therefore, the localization accuracy strongly degeon the quality of such
distance estimates.

In the following, for each scenario we first apply the considelocalization
strategies with the distance{sﬁi(j) 3 | estimated from the RCMs. For each config-
uration of the nodes, 1000 distance estimates between ddemdthe TN are taken
and they are then used in the aforementioned localizatgorighms to obtain 1000
position estimates of the TN. Let us denote such positiomasts as

[ SR [)‘((J')’y(i)] j€{1,...,1000}.
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Then, we do the same with the distance correcti{frﬁQ }2 | defined in (4.33),
obtained by applying to the same distance estim{xté%}?:l the statistical model
(4.10), thus obtaining 1000 TN position estimates, denagd

ui 2 [)“((J')’y(i)] j€{1,...,1000}.

We then compare the accuracy of the position estimatesnautavith the dis-
tf:lnces{r](j)}?:1 with the accuracy of the position estimates obtained widirtbor-
rections{r“i(j) 3 |. The comparison is based on the average distance and theoraxi
distance between the TN position estimates and the true Eigrn

In particular, denote ad()) the distance between the true TN position and its
estimate in thg—th iteration without taking into account the statisticaldebof the
range error and we denoted dld) the distance between the true TN position and its
estimate in thg —th iteration when using the proposed statistical model.réfoee,

one can write
di) 2 HU— g(J)H
. - (4.34)

Then, the average values (over the 1000 iterations) of gtamies between true
and estimated TN positions defined in (4.34) can be defined as

~ 1 1000 D)
4 _= J
davs = 1000 ,Zl d
) 1 oo (4.35)

Finally, we also define the maximum values of the distancésdmn true and esti-
mated TN positions defined in (4.34), namely

e

Omax 2 {1ma1)f>00}d(1)
je{L,
4.36
Onax2 max  dib, (4.36)
je{1,....1000}

The following experimental results are relative to the twersrios introduced in
Figure 4.6 and Figure 4.7 in Section 4.3.
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Figure 4.10: The 1000 position estimates obtained with thedalization algorithm
(magenta plusand the 1000 position estimates obtained when taking iotount
the statistical model for range estimatesegn circley are shown. The TNijack
star) is also shown.

45.1 First Scenario

The results in this subsection refer to the scenario showigiare 4.6, hence the one
in which the TN lies outside the convex hull of the three AN fi¥st consider the
Cl algorithm. In Figure 4.10, we directly compare the true pdsition (black star)
with the position estimates obtained in 1000 measuremeitis(green circles) and
without (magenta pluses) the correction (4.33). From KEgudo, it is apparent that
the proposed statistical model allows improving the penfamce accuracy of the CI
localization algorithm. As a matter of fact, the TN positiestimates obtained with
the distance corrections (4.33) are closer to the true THipos
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Figure 4.11: PMFs of the distance errorsrigure 4.12: CDFs of the distance errors
in the scenario in Figure 4.10 (a.) with-in the scenario in Figure 4.10 (a.) with-

out and (b.) with the statistical model. out and (b.) with the statistical model.

In Figure 4.11, the Probability Mass Functions (PMFs) ofdistances between
the true TN position and its estimates are shown. More pbcifigure 4.11 (a.)
concerns the position estimates obtained without thesstati model for the distance
estimates. In this case, the distances between the true 3itlopoand its estimates
are almost always greater than 10 cm. Figure 4.11 (b.),adstefers to the position
estimates obtained with the statistical model. In this csedistances between the
true TN position and its estimates are never greater thamlO c

In Figure 4.12, the Cumulative Distribution Functions (GDBf the distances
between the true TN position and its estimates are shownré&@ 12 (a.) is relative
to the position estimates obtained without the statisticatiel and Figure 4.12 (b.)
is relative to the position estimates obtained by applyheydorrection (4.33). Fig-
ure 4.12 shows that, when applying the proposed correctiendistance error is
smaller than 7 cm more than 95% of the times. At the oppoditthei statistical
model for the distance estimates is not used, the distamoeiemever smaller than
8 cm. Moreover, in order to guarantee that the distance e&rsmaller than a given
threshold 95% of the times, one needs to increase the déstareshold to 19 cm.
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Figure 4.13: The 1000 position estimates obtained with tBMI-ToA localization
algorithm (nagenta plusand the 1000 position estimates obtained when taking into
account the statistical model for range estimatgedn circle} are shown. The TN
(black staj is also shown.

We now consider the TSML-ToA algorithm in the scenario shawRigure 4.6
and we apply it to the same range estimd&$ 12 , and {13 , used with the ClI
algorithm. In Figure 4.13, the results obtained with the TSMA localization al-
gorithm are shown. The position estimates obtained in 1688gendent runs of the
TSML-ToA algorithm with (green circles) and without (magepluses) the distance
correction (4.33) are shown. The true TN position (black)staalso shown for com-
parison purposes. The results are analogous to those ettiaifrigure 4.10 with the
Cl algorithm. As a matter of fact, from Figure 4.13 it can bs@lved that the use of
the proposed statistical model improves the performanceracy of the TSML-ToA
localization algorithm as well.
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Figure 4.14: PMFs of the distance in theFigure 4.15: CDFs of the distance errors
scenario in Figure 4.13 (a.) without andin the scenario in Figure 4.13 (a.) with-
(b.) with the statistical model. out and (b.) with the statistical model.

In Figure 4.14 and Figure 4.15, the PMFs and the CDFs of thardies between
the true TN position and its estimates (obtained accordintpé¢ TSML-ToA algo-
rithm) are shown.

In particular, Figure 4.14 (a.) shows the PMF of the distareteveen the true TN
position and its estimates obtained without taking intcoact the statistical model
for the distance estimates. At the opposite, Figure 4.)4lmws the PMF of the dis-
tance between the true TN position and its estimates olataimen considering the
distance correction (4.33). These PMFs are both simildrdsd shown in Figure 4.11
obtained with the CI algorithm.

Figure 4.15 (a.) shows the CDF relative to the position esttnerror obtained
without the statistical model for the distance estimatdslenFigure 4.15 (b.) is rel-
ative to the position estimates obtained using the coomed#.33). The two CDFs
are similar to those in Figure 4.12 and the distance erronvelpplying the proposed
correction turns out to be smaller than 9 cm more than 95%eofithes. At the op-
posite, if the model for the distance estimates is ignofeel distance error is never
smaller than 9 cm and it is smaller than 10 cm only 1% of thedime
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H Scenario 1‘ Cl Algorithm | TSML-ToA Algorithm H

davg [M] 0.126 0.131
davg [M] 0.041 0.046
Omax [M] 0.366 0.514
Omax [M] 0.229 0.322

Table 4.2: The average and the maximum distances betwe&mé¢heN position and
its estimates withdayg, dmax) and without @ayg, dmax) the use of the statistical model.
The Cl algorithm and the TSML-ToA algorithms are considered

Let us now consider Table 4.2, where the values of the avetistgnce and the
maximum distance between the true TN position and its estisnare shown. The
second column of Table 4.2 refers to the CI algorithm while third column of
Table 4.2 refers to the TSML-ToA algorithm.

From the second column of Table 4.2, it can be observed thatdt of the values
of the distancegf;}3_;, obtained with the correction (4.33), instead of valueshef t
distances(fi }2_, directly estimated by the nodes, allows reducing the aeeragge
error. As a matter of fact, the value 6;\,9 is 85 cm lower thardAa\,g (corresponding
to a reduction of 67%). Similarly, the maximum range ertipgy, Obtained using
{Fi}21, is 14 cm shorter (corresponding to a reduction of 37%) thenmaximum
range errodmax obtained usindF; ?:1.

The third column of Table 4.2 shows that, as already obsetheddistance cor-
rection (4.33) also improves the performance of the TSME-@atgorithm. As a mat-
ter of fact, it can be observed that also in this case the \afldg,q is 8.5 cm smaller
(corresponding to a reduction of 64%) thégq,g, while the value oftmay is nearly
19 cm (corresponding to a reduction of 37%) smaller thag.

The performances of the two algorithms are then similarimseof the average
distance between the true TN position and its estimatedewte values 0blmay and
Omax are larger when using the TSML-ToA algorithm with respecthtose obtained
with the CI algorithm.
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Figure 4.16: The 1000 position estimates obtained with thedcalization algorithm
(magenta plusand the 1000 position estimates obtained when taking iotoumnt
the statistical model for range estimatgsegn circle¥ are shown. The TNblack
star) is also shown.

45.2 Second Scenario

The results presented in this subsection refer to the sceshown in Figure 4.7

where the TN lies inside the convex hull of the three ANs. VWetdiy considering

the Cl algorithm. In Figure 4.16, we directly compare theffiN position (black star)

with the position estimates obtained over 1000 measurenvéttt (green circles) or
without (magenta pluses) the correction (4.33). From Kgul6, it is apparent that
the proposed statistical model allows improving the penfamce accuracy of the CI
localization algorithm.
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Figure 4.17: PMFs of the distance errorg=igure 4.18: CDFs of the distance errors
in the scenario in Figure 4.16 (a.) with-in the scenario in Figure 4.16 (a.) with-
out and (b.) with the statistical model. out and (b.) with the statistical model.

In Figure 4.17 and Figure 4.18, the PMFs and the CDFs of thardiss between
the true TN position and its estimates are shown.

Figure 4.17 (a.) shows the PMF of the distance between teeTiuposition and
its estimates when the statistical model for the distantenates is not used, while
Figure 4.17 (b.) concerns the PMF obtained when taking intmant the statistical
model defined in (4.33). Observe that these distributioesdifferent from those
in Figure 4.11, which are relative to the scenario in Figu& More precisely, the
values of the distances between the true TN position andtitmates in Figure 4.17
are smaller than those in Figure 4.11.

Figure 4.18 (a.) shows the CDF relative to the position estt® obtained with-
out the statistical model for the distance estimates, witgire 4.18 (b.) is relative
to the position estimates obtained applying the propose@cion (4.33). From Fig-
ure 4.18, it can be observed that, when applying the proposedction, the distance
error is smaller than 5 cm more than 95% of the times. At theoejpg, if the statis-
tical model for the distance estimates is not used, therdist@rror is smaller than
5 cm only 1% of the times.
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Figure 4.19: The 1000 position estimates obtained with tBMI-ToA localization
algorithm fnagenta plusand the 1000 position estimates obtained when taking into
account the statistical model for range estimatgedn circle} are shown. The TN
(black staj is also shown.

In Figure 4.19, the performance of the TSML-TOA localizati@gorithm in the
scenario in Figure 4.7 is investigated. The true TN posifldack star) is compared
with the position estimates obtained over 1000 iteratioitls (green circles) or with-
out (magenta pluses) the correction (4.33). From Figur@ # dan be observed that,
once again, the use of the proposed statistical model ineprihe performance accu-
racy of the TSML-ToA localization algorithm. However, iridttase the improvement
is limited if compared to the results in Figure 4.16 obtaiirethe same scenario with
the Cl algorithm.



4.5. Application of the Statistical Model 103

4 5
d[em] dfem]

(b.) (b.)

6 7

Figure 4.20: PMFs of the distance errorsrigure 4.21: CDFs of the distance errors
in the scenario in Figure 4.19 (a.) with-in the scenario in Figure 4.19 (a.) with-
out and (b.) with the statistical model. out and (b.) with the statistical model.

In Figure 4.20, the PMFs of the distances between the true dditipn and its
estimates are shown. More precisely, Figure 4.20 (a.) coadbe results obtained
without the statistical model in (4.33), while Figure 4.20) (s relative to the results
obtained with the statistical model for distance estimatassobserved when consid-
ering the Cl algorithm, the values of the distances betwkerrtie TN position and
its estimates in Figure 4.20 are smaller than those in Figuré obtained with the
same algorithm in the scenario in Figure 4.6. This suggkatsatconfiguration of the
nodes where the TN lies inside the convex hull of the three ANwore favorable
for both localization approaches.

In Figure 4.21, the CDFs of the distances between the truedBNipn and its es-
timates (obtained according to the TSML-ToA algorithm) stiewn. More precisely,
Figure 4.21 (a.) is relative to the position estimates ole@iwithout the statistical
model for the distance estimates, while Figure 4.21 (b#lstive to the position es-
timates obtained using the correction (4.33). Unlike Fégdrl8, the two CDFs are
very similar and, in both cases, the distance error turngoobe smaller than 6 cm
more than 95% of the times.
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H Scenario 2‘ Cl Algorithm | TSML-ToA Algorithm H

davg [M] 0.090 0.040
davg [M] 0.028 0.026
Omax [M] 0.166 0.104
Omax [M] 0.129 0.096

Table 4.3: The average and the maximum distances betwe&mé¢heN position and
its estimates withdayg, dmax) and without @ayg, dmax) the use of the statistical model.
The Cl algorithm and the TSML-ToA algorithm are considered.

In Table 4.3, the values of the average distance and the roaxidistance be-
tween the true TN position and its estimates (relative tostheond scenario) are
shown. The second column of Table 4.3 refers to the CI alguritvhile the third
column refers to the TSML-ToA algorithm.

From the second column of Table 4.3, it can be observed tliag tise values
of the distancegr;}3_,, obtained with the correction (4.33), instead of the valfes
the distancesf; }?:l directly estimated by the nodes, reduces the average rarmge e
As a matter of fact, the value cofavg is 6 cm lower thard:,,“,g (corresponding to a
reduction of 68%). Moreover, the maximum range ethax,, obtained usingfi}2 ,
is 4 cm shorter (corresponding to a reduction of 22%) thamtagimum range error
dmax Obtained usingfi}2 ;.

From the third column of Table 4.3, instead, it can be obskthat the value of
Ja\,g is only 14 cm smaller (corresponding to a reduction of 35%) tﬁ@g while the
value ofdmay is only 8 mm (corresponding to a reduction of 8%) shorter thag.



Chapter 5

A Localization Algorithm for
Realistic Scenarios

Difficile est tenere quae acceperis
nisi exerceas

— Gaius Plinius Secundus

5.1 Introduction

In this chapter, we propose a realistic localization alyoni which tackles the is-
sues of real-world indoor localization and we also show sexperimental results
obtained with the PulsON 410 RCMs in an indoor scenario wiiktacles between
ANs and a TN. The algorithm uses multiple distance measuntsrte obtain TN
position estimates also in the presence of NLoS phenomena.

In our experimental setup, three or four RCMs are used as ANgley are all
connected to the same host, namely a Raspberry Pi, on whizlvaviants of the
proposed localization algorithm are implemented. AnoBREM is then used as TN.
Even though the performance of the proposed localizatigordhm is shown in the
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presence of a static TN, the proposed algorithm can alsodzkinglynamic real-time
localization scenarios. The ANs and the TN are positionethersame plane.

We first consider a scenario with three ANs and then a scenattifour ANs. In
each scenaridy; (independent) range estimates from each AN are taken,e¢hdgig
to N¢ position estimates of the considered TN. Denoting as|x, y] the true position
of the TN and asit) = %), §())] its estimate in thg—th iteration, j € {1,...,Nc},
the distance (namely, the error) between the true TN posé#itd its estimate in the
j—th iteration can be expressed as

4 2 \/(X_>2<j>)2+(y_y<j>)2, (5.1)

In order to evaluate the performance of the proposed |at#diz algorithm, the
average distancgy,g over a sufficiently large numbe\. of iterations is defined

N
a1l

= 5 db), 5.2
N 2, (5.2)

c‘avg
In the following sections, some variants of the proposedillration algorithm
are explained and their performances, in termd,@f, are shown.

5.2 Algorithm with Three ANs

In this section, three RCMs are considered as ANs. We rerhatkhree is the min-
imum number of ANs that allows finding the position of a TN in idilmensional
scenario. We assume that the coordinates of the ANs in theidemed coordinate
system are

=0l =[-V.0 £=V0 (5.3)

whereL andV are setting parameters. We also assume the presence oftanlebs
namely a large metal infrastructure, which introduces Npb8&nomena.

The considered scenario is shown in Figure 5.1, where thek bectangle rep-
resents the metal obstacle, the three ANs are denoted wlithred stars, and the
values of the parametetsandV in (5.3) are set to 2 m and®m, respectively (as in
the experimental scenario described in Section 5.3).
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Figure 5.1: The ANsdoloured stary and the metal obstacle in the first scenario
(black rectanglg are shown.

The TN positionu can be found as the intersection of the circumferedegs?
X4 (y—L)?=r§
(X+V)?+y*=rf (5.4)
(x=V)*+y* =13
centered in{s }2_, with radii {r;}2, equal to the true distances between the TN and
thei—th AN. Assuming that such distances are unknown, the lamiidiza must be
based on their estimates. Let us denotqﬁg}io the estimates ofr;}2, in the

j—th iteration. Hence, the position estimaté in the j—th iteration has to be found
on the basis of the set of circumferenr{ﬁ(’) 25

G R+ (y— L) =[PP
GV (x+ V)2 4y =[P (5.5)

where the true distancds; }2 , in (5.4) are replaced by their estimat{e%j) 2
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Two variants of the proposed localization algorithm arecdbsd in the remain-
der of this section. The first one only relies on the estimatisthnces between the
ANs and the TN and it is an improved version of the ClI algoritthescribed in Sub-
section 4.4.2. The second one can be considered as an irdprexson of the first
one, as it also uses the valuesvefak?® provided by the RCMs, in order to decide
if a distance measurement is reliable or not. Both algordtiean be divided into two
steps: the first one corresponds to the acquisition of thartdis estimates between
each AN and the TN; the second one performs the localizatiothe basis of the
data collected in the first step.

The algorithms are explained in detail in the two followingbsections. For the
sake of simplicity, while explaining the algorithms we orthié superscriptj), used
to denote thg —th iteration, and we simplify the notation writirjg] instead of[;]
even if the considered quantities are estimates. We rerhatktis notation does not
introduce ambiguity because the algorithm only makes usstihated quantities.

5.2.1 A Distance-based Localization Algorithm

In this subsection, a distance-based localization alyoris explained. A pseudocode
of the algorithm, which is implemented on the host (namdig, Raspberry Pi con-
nected to the three RCMs) is shown in Listing 5.1. In the feifag, we refer to this
algorithm as Algorithm 1.

In the first part of the algorithm, the distance estimatesvbeh each AN and
the TN are acquired. First, the nodes AAhd AN, are put in the sleep mode and
the node AN performs a range request in broadcast, so that each RCivhwihge
can reply (line 5 of Listing 5.1). As soon as a node replies, dbtained distance
estimate angel nf 0. pr eci si onRangeMmis saved irrg and the ID of the replying
noder angel nf o. responder | d is passed to ANand ANy, which are waken up
sequentially to directly interrogate the replying nodeds 7 and 10 of Listing 5.1).
Observe that, since a metal obstacle is placed among the R&Nsand/or AN
may be in NLoS with the RCM which replied to ANDue to propagation errors, it

1A definition of v Peak is given in Section 4.2.
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Listing 5.1: Pseudocode of Algorithm 1 for three ANs.

procedure algorithm1

for cyclee {1,...,Nc}

statug < 0, status <0

r crRangeToEx( ANg, BROADCAST_NCDE | D)

ro < rangel nf o. preci si onRangeMn

i f (rcnmRangeToEx(AN1, rangel nfo.responderl d) #ERR)
statug «— 1
ri — rangel nfo. preci si onRangeMn

i f (rcmRangeToEx( AN,, rangel nfo. responder|d)#ERR)
status <+ 1
r, — rangel nfo. preci si onRangeMn

i f (statug=1Astatus=1)
findTarget Position

el se if (statug = 1Astatus =0)
findTar get Positi onNoS2

el se if (statug =0Astatus =1)
fi ndTar get Posi ti onNoS1

el se if (statug=O0Astatus =0)

U<« [oo,oo]

is then possible that the enquired TN does not reply to thgeaaquest from one
or both of them. In this case, the valuesstditug and/orstatus are kept equal to
0, otherwise they are set to 1 and the distance estimatesyeed ér; and/orr,,

respectively.

In the second part of the program, on the basis of the distastimates pre-

viously obtained, localization is performed. Dependingtiom number of available
range estimates, three different localization strategiesonsidered.

Before analyzing in detail these localization strategi¢®se pseudocodes are

shown in Listings 5.5, 5.6, and 5.7, we describe three fretiyi@sed functions.
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Listing 5.2: Pseudocode of functidm ndNear er .

1 function | = findNearer(AB)
2 input: A={p,p,} coordinates of two points
3 B={q,.q,} coordinates of two points
4 output: |={p,q} coordinates of the two nearest points
5 fromA and B
6
7 choose peA, ge€B: ||E—9||Zmif\,je{o,l}HEi—ng
8 I—{pa}
Listing 5.3: Pseudocode of functiomxAbsci ssa.
1 function u = maxAbsci ssa(l)
2 input: |={p,=[X.Yol,p, =[x, y1]} coordinates of two points
3 output: u chosen point
4
5 if (Xo<x)
6 Uepy
7 else
8 u—p,

The functionf i ndNear er defined in Listing 5.2 takes as inputs two sets (say
A andB), each of which contains the coordinates of two points, a&drns the two
nearest points from the two sets, namplg A andg € B which satisfy

|[p—gl| = Minaecapes||a—bj|. (5.6)

The functionmaxAbsci ssa defined in Listing 5.3 takes as input a set contain-
ing the coordinates of two points and it returns the cootdird the point with the
greatest abscissa.

Similarly, the functionmi nAbsci ssa defined in Listing 5.4 takes as input a set
containing the coordinates of two points and it returns therdinate of the point
with the smallest abscissa.
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Listing 5.4: Pseudocode of function nAbsci ssa.

1 function u = minAbscissa(l)

2 input: |={p,=[X,Yo],p, =[x1,y1]} coordinates of two points
3 output: u chosen point

4

5 if (X<x)

6 U—p,

7 else

8 Uu—=p

We can now describe the position estimate phase in ListihgV8e remark that
every time the TN positiom cannot be estimated, in the pseudocode we denote it as
u= [e0,]. Four cases are identified, on the basis of the number ofdlaitistance
estimates.

Case 1 If statug = 1 andstatus = 1 (line 14 of Listing 5.1) the localization al-
gorithm is described in the procedurendTar get Posi ti on in Listing 5.5. In this
case, the three distance measureménig_, are available and the final position esti-
mate can be obtained from the intersection of pairs of cifeveces. More precisely,
let us define the following two sets (lines 3 and 4 of Listing)5.

| =%N%1 J=%oN%>. (5.7)

Each set can either contain the coordinates of two pointee considered circum-
ferences intersect or it can be empty if the circumferenceasad intersect.

If both pairs of circumferences intersect (line 5 of Listb&), we choose the two
nearest points frorh andJ, according to Listing 5.2, and the final position estimate
is found as the baricenter of these two points (line 7 of high.5).

If $o and%> intersect but is empty (line 8 of Listing 5.5), we look for the two
nearest points oy and 1. The reason for doing so is th&f and 41 may not
intersect just because of small errors on the range essmgéadr;. In order to find

2The two points would coincide in case of tangent circumfeesn
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Listing 5.5: Pseudocode of procedirendTar get Posi ti on.

1 procedure findTargetPosition

2

3 |<7{£)O,_pl}:%0ﬂ(€1

4 JH{go,gl}Z%oﬂ%Z

5 if(1#0AJ#D)

6 {p.,q} «+ findNearer(l,J)

7 u—3(p+a)

8 else if(l=0AJ#£0)

9 A—CoNHo, B—C1N%o1, | = {90’91}‘_ fi ndNear er (A,B)
10 it ([lpy—pyll < dm)

11 {p,q} — findNearer(1,J), u—3(p+q

12 el se

13 u«+ maxAbsci ssa(J)

14 else if(1£0AJ=0)

15 A— CoNPHyr B— EoNZoo, J={90,91}<— fi ndNear er (A B)
16 Hf([19,—all < dm)

17 {p,q} < findNearer(l,J), u— 3(p+0q

18 el se

19 u« m nAbsci ssa(l)

20 else if(1=0AJ=0)

21 A—CN%Hy, B—C1N%o1, | = {90’91}‘_ fi ndNear er (A B)
22 A— GCoNPp2, B«— E>NZo, J:{go,gl}H fi ndNear er (A B)
23 di — [[py— Py, d2 |9y —q,ll

24 if (di<dmAdy<dm)

25 {p,q} — findNearer(1,J), u—3(p+q

26 else if (dy<drhAdy>d)

27 u—3(py+p,)

28 else if (dy>dmmAdy <d)

29 U 3(dy+)
30 el se

w
=

U« |00, 00]
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the two nearest points &y and %1, we need to intersect both these circumferences
with the lineZp1 which goes through their centers, whose equation is

L
Hor: Y= \—/x+ L. (5.8)

Each of the two intersectiorigy N Zp1 and %1 N Zp1 returns two points and the two
nearest points oty and%; can be found according to the function defined in List-
ing 5.2. If the distance between the points is below a givetadce thresholdy
(line 10 of Listing 5.5), then is redefined as the set containing these two points and
the localization is performed as in the first case. Othenitisgreasonable to assume
that the distance estimateg is far inaccurate and this may be likely due to the fact
that the TN and AN are in NLoS. For this reason, in order to be coherent with the
fact that AN is obscured by the obstacle, the final position estinidtedefined as
the point inJ with the greatest abscissa (line 13 of Listing 5.5).

Similar considerations hold #5 and%; intersect butl is empty (line 14 of List-
ing 5.5). In this case, the two nearest point&paind%, can be found by intersecting
the two circumferences with the li#y, which goes through their centers

L
KoY = —\—/x+ L. (5.9

If the distance between these two points is below the distdhiesholddy, (line
16 of Listing 5.5), then] is redefined as the set containing the two points and the
localization is performed as in the first case. Otherwisegesithe points i are
symmetric with respect to the lin#y, defined in (5.8), the final position estimate
is the point inl with the smallest abscissa (line 19 of Listing 5.5), in orttlemake
sure that AN is obscured by the metal obstacle.

Finally, if both | andJ are empty (line 20 of Listing 5.5) we look for the two
nearest points &y and%: and the two nearest points @ and%>. If the distances
between both these pairs of points is beldwy (line 24 of Listing 5.5), then andJ
are redefined as the sets containing these two pairs of perictshe localization is
performed as in the first case. If the distance between theneaoest points oty
and % is belowdr, and the distance between the two nearest pointyaind 6>
is above that threshold (line 26 of Listing 5.5), the TN piositestimate is obtained
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Listing 5.6: Pseudocode of procedurendTar get Posi ti onNoS2.

1 procedure findTarget Positi onNoS2
2

3 1—{p,p}t=2%N%

4 if(1#£0)

5 U<« m nAbsci ssa(l)

6 elseif(l=0)

7 A—GNZo1, B—C1NZHo1

8 I ={p, p,} — findNearer(A,B)
9 it (llpy—p,ll < dm)

10 U= 3P+ Py)

11 el se

12 U<+ [oo,oo]

as the baricenter of the first pair of points. Similarly, iéttlistance between the two
nearest points o0&y and % is abovedr, while the distance between the two nearest
points of 65 and %> is belowdr, (line 28 of Listing 5.5), the TN position estimate
is obtained as the baricenter of the second pair of pointsei@ise, the TN position
cannot be estimated.

Case 2 If statug = 1 andstatus = 0 (line 16 of Listing 5.1) the localization
algorithm is described in the proceddriendTar get Posi t i onNoS2 in Listing 5.6.
In this case, since the range estimate frompAd\hot available, we can only consider
%o and%1 and their intersectioh defined in (5.7).

If I is not empty (line 4 of Listing 5.6), the TN position estimi&dhe point inl
with the smallest abscissa, for the same considerationst #ihe 19 of Listing 5.5.

If 1 is empty (line 6 of Listing 5.6), we look for the two nearestrjs of 6 and
%1 (as done in the case in line 8 of Listing 5.5). If their dis@below the distance
thresholddr, the TN position estimate is defined as the baricenter of soahmtg
This choice is due to the fact that the distance estimate fdip is not available
and, therefore, we cannot rely on the 3éunlike in the case in line 8 of Listing 5.5).
Otherwise, the available range estimates do not allow efitignthe TN position.
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Listing 5.7: Pseudocode of procedurendTar get Posi ti onNoS1.

1 procedure findTarget PositionNoS1
2

3 J—{0y,9,} =%N%

4 if(31+40)

5 u«— maxAbsci ssa(J)

6 elseif(J=0)

7 A—CNHo2, B—C2NHo2

8 J={0,,9,} — findNearer(AB)
9 if 11y — gyl < dm)

10 u—3(9+)

11 el se

12 U+ [oo,oo]

Case 3 If statug = 0 andstatus = 1 (line 18 of Listing 5.1) the localization
algorithm is described in the procedudrendTar get Posi t i onNoS1 in Listing 5.7.

In this case, we can only consider the intersectloof %y and %> defined in (5.7)
since the range estimate from Al not available.

If Jis not empty (line 4 of Listing 5.7), the TN position estimé&ehe point inJ
on the other side of ANwith respect to the metal obstacle, namely the one with the
greatest abscissa.

If Jis empty (line 6 of Listing 5.7) and the distance between the mearest
points of 6y and%5 is below the distance threshalkl,, then the TN position estimate
is defined as the baricenter of the two points. OtherwiseTgosition cannot be
estimated.

Case 4 If statug = 0 andstatus = 0 (line 20 of Listing 5.1) the range estimates
from AN; and AN, are both unavailable. Hence, since only one distance dstima
(namely,rg) is known, the position estimate cannot be obtained. As #emat fact,
the knowledge of only one distance estimate does not allgrieimenting any local-
ization strategy. The only available information is tha fiN position estimates lie
on a circumference centeredgpnwith radiusro.
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Listing 5.8: Pseudocode of proceddriendTar get Posi t i onVPeak.

procedure findTarget Positi onVPeak

i f (vPealk > vPeakyAvPeak > vPeaky)
findTarget Position
el se
i f (vPealk > vPeak)
findTar get Positi onNoS2
el se
findTar get Positi onNoS1
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5.2.2 A Localization Algorithm Based on Distances and Peak

In this subsection, an improved version of Algorithm 1 idimoed in Subsection 5.2.1
is presented. In particular, the quality of the range estsifri}2, is evaluated in
terms of the corresponding values wfeak obtained by the RCMs. Since, as ex-
plained in Section 4.2;Peak measures the RSS, large values/Btak are likely
relative to LoS paths while small values wiPeak are relative to NLoS paths. For
this reason, denoting gwPeak}2 , the values of/Peak relative to{AN;}2_,, the
greatest issPeak, the most reliable is the distance estimatdn the following, we
refer to this algorithm as Algorithm 2.

The algorithm is the same as in Listing 5.1, except for the flaat in the lo-
calization phase the proceduréndTar get Posi ti on (line 14) is substituted by
findTar get Posi ti onVPeak explained in Listing 5.8. If botlvPealk andvPeale
are above a given threshol®eak, (line 3 of Listing 5.8), then the localization is per-
formed as in Listing 5.5. I¥Peak or vPeak are below the thresholdPeak, (line 5
of Listing 5.8), then the localization is performed relyiagly on the range estimate
from the node with the greatesPeak, regardless of the fact that this is above or
below the thresholdPeaky. We remark that, ivPeak andvPealk are both below
the threshold/Peaky,, we still consider the range estimates from the RCM with the
largest value of Peak (otherwise the TN position estimate could not be performed)
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10}

Figure 5.2: All the considered TN positionblgck doty are shown. The ANs
(coloured staryand the obstacléb{ack rectanglg are also shown.

5.3 Results Obtained with Three ANs

In this section, we show some results relative to the sced®scribed in Section 5.2.
Asin Figure 5.1, the values of the parameteendV in (5.3) are setto 2 m and®m,
respectively, so that the coordinates of the ANs, expressatbters, are

$=[02 s=[-050 s,=[050. (5.10)

All the results are obtained with the distance threslhibigdset to 05 m and the
vPeak thresholdvPeak, set to 5000. The choice of these parameters is due to ex-
perimental calibration.

We assume that range measurements from the three ANs ar¢ousktiin the
position estimates of a static TN. We consider 66 differeNtpbsitions which are
shown in Figure 5.2.
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Figure 5.3: Values oflyq relative to different TN positions for (a.) Algorithm 1 and
(b.) Algorithm 2.

For each of the TN positions in Figure 5.2, Algorithm 1 ddsed in Listing 5.1 is
applied withN; = 100. Once the 100 position estimates are given, the knowletlg
the true TN position allows evaluating the average dist@nam dag defined in (5.2).
Then, Algorithm 2 is applied to the same range estimates wabadAlgorithm 1 and
the average distance ermy,q is evaluated for each TN position.

The results, in terms af,g, are shown in Figure 5.3. In particular, Figure 5.3 (a.)
is relative to Algorithm 1. Each TN position is associatedhve different colour, de-
pending on the corresponding valuedfg. More precisely: red squares correspond
to values ofdayg Smaller than 20 cm; orange squares correspond to valuksqdie-
tween 20 cm and 40 cm; yellow squares correspond to valugggibetween 40 cm
and 60 cm; green squares correspond to valudg,gbetween 60 cm and 80 cm; blue
squares correspond to valuesigfg between 80 cm and 1 m; and violet squares cor-
respond to values af,g larger than 1 m. Figure 5.3 (b.) can be similarly interpreted
but for the fact that it refers to the results obtained witkg@ithm 2.
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From the results in Figure 5.3 one can deduce that Algorithisy fhdeed, an
improvement of Algorithm 1. As a matter of fact, Figure 5.3) (hows that when
using Algorithm 1, the value al,ygis below 20 cm only in 3 (over 66) TN positions,
corresponding to 5% of the cases. When using Algorithm 2, instead, the value of
davg is below 20 cm in 11 TN positions, corresponding to 16% of thses, namely
4 times the percentage obtained with Algorithm 1.

Furthermored,,g obtained with Algorithm 1 is below 40 cmin 28 TN positions,
as shown in Figure 5.3 (a.). This corresponds to a percentag®, which is nearly
10 times the percentage relativedgg smaller than 20 cm. However, in more than
a half of the considered TN positions, the average distarmoe @, is greater than
40 cm. At the opposite, when using Algorithm 2, the valuelQf; is below 40 cm in
40 TN positions, namely in 60% of the cases.

Moreover, when using Algorithm 1, the value dg,q is larger than 1 min 4 TN
positions, while if Algorithm 2 is used this happens only enc

Even if, generally speaking, Algorithm 2 improves the parfance of Algo-
rithm 1, a comparison between Figure 5.3 (a.) and Figuretb)3lows that there is
one TN position where the value df,4 obtained with Algorithm 2 is greater than
that obtained with Algorithm 1. This happens when the TN dowtes, expressed
in meters, aras = [—2,—2]. This is due to the fact that, in this case, some range
estimates are accurate even if they are associated with gahads ofvPeak. Al-
gorithm 2 ignores such range estimates, leading to a peafscendegradation with
respect to Algorithm 1.

However, in many TN positions, the value @, obtained with Algorithm 1 is
analogous to that obtained with Algorithm 2 (for instancethie TN positions on the
left of the metal obstacle) and in 16 TN positions the valud,gf obtained with Al-
gorithm 2 is smaller than that obtained with Algorithm 1. Timproved performance
of Algorithm 2 is particularly evident in some TN positions.

As an illustrative example, let us consider the TN positidmose coordinates,
expressed in meters, ave= [—3,8]. In this case, Figure 5.3 shows that the improve-
ment of Algorithm 2 is particularly noticeable as it allovesiucingdayg below 20 cm
while, according to Algorithm 1gl,q is larger than 1 m.
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Figure 5.4: TN position estimates with (a.) Algorithms 1 ghgd 2.

All the 100 position estimates are shown in Figure 5.4, wharg shows the
position estimates obtained with Algorithm 1 and (b.) shdies position estimates
obtained with Algorithm 2. From Figure 5.4 (a.) it can be afeed that the position
estimates with Algorithm 1 can be very inaccurate. To beipegd 6 position esti-
mates (among the obtained 100) are nearly 9 meters fromubdd position. This
is due to the fact that, in this scenario, AN in NLoS with the TN, leading to wrong
estimates of ; which can have a big impact on the final position estimate.

Anillustrative example is shown in Figure 5.5, where theuninferences{iﬁ}i2:0
centered in(s }2_, with radii {r;}2_, are shown (dashed lines) together with the cir-
cumfer(ances{Céi(zg)}i2:0 obtained with the range estimatés(zg)}?:o in the 29-th
iteration. It can be observed that the estimatesqodndr, are sufficiently accu-
rate and the TN is near one of the two points(é’ﬁg) m(él(zg). At the oppositef,
is underestimated by nearly 1 m. Due to this fact, the two tgoim which ‘692(29)
intersects%%zg) are far from the true TN position and, moreover, one of them is
near to the wrong intersection betwe‘e%wzg) andcél(zg). Referring to the procedure
findTar get Posi ti on, we are in the case shown in line 5. When looking for the
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Figure 5.5: The circumference{@ﬁ}ﬁzo (dashed linesand their estimates obtained
from the range estimates in the-2h iteration{(éi(zg) ?:0 (solid lineg are shown.
The TN position estimate in this case, expressed in mets73,5.63).

two nearest points dfandJ we find that they are the ones on the right of the figure,
which turn out to be the wrong ones. The proceduredTar get Posi t i onVPeak
used in Algorithm 2 can overcome this problem. As a matteraof, fin the 29-th
iteration the value ofPeak is below the thresholdPeak, so that the localization
estimate is performed according to the procedinedTar get Posi ti onNoS2, i.e.,
ignoring the range estimate from ANind choosing as a final position estimate the
point in %%29) mcél(zg) with the smallest abscissa, namely the one which is actually
nearer to the TN.

The previous example shows how the value$witeak}Z ; can be useful to im-
prove the localization performance. These values in theidered TN positions are
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Figure 5.6: The values of (avPeal, (b.) vPeak, and (c.)vPeak are shown.

shown in Figure 5.6. More precisely, Figure 5.6 (a.) refergRealg, Figure 5.6 (b.)
refers tovPeak, and Figure 5.6 (c.) refers wPeak. Figure 5.6 (a.) shows that, as
expected, if we consider TN positions with ordinate gretitan 2 m (so that the TN

is in LoS with ANp), the values of/Pealy are large and they gradually decrease as
the distanceg between the TN and AfNincreases. At the opposite, if the obstacle is
between the TN and Af\ the values of/Pealy are small because of the signal atten-
uation due to the presence of the metal obstacle. Concevifieglk, Figure 5.6 (b.)
shows that its values are often large, since the majoritii@fiN positions are on the
same side of the metal obstacle with respect to AN the opposite, Figure 5.6 (c.)
shows that the values oPealk are often small, especially in correspondence to TN
positions with ordinate greater than 2 m. Once again, thikuesto the presence of
the metal obstacle between the TN and AN

Figure 5.6 shows that three ANs are not sufficient to have @ gowerage, in
terms ofvPeak, in all the considered TN positions. For this reason, ainahgn-
proving the results in Figure 5.3, in next sections we carsidsimilar scenario with
four ANs.
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5.4 Algorithm with Four ANs

In this section, aiming at improving the performance ol#dimvith the localization
setup described in Section 5.2, four ANs are considerednDgfiwo parameterk
andV, we assume that their coordinates are

o=Vl s=NMU $=[-V0 s=[-VL] (5.11)

The considered scenario is shown in Figure 5.7, where thok Ipéctangle repre-
sents the metal obstacle, the four ANs are denoted with oedostars, and the values
of the parameterk andV in (5.11) are set to 2 m and®m, respectively.

The knowledge of the coordinates of the four ANs and of the ulistances
{ri}2_, between the TN and ttie-th AN allows deriving the circumferencd;}?2 ,
centered in(s}2

(5.12)

(x=V)?+(y-L)?=r3
the intersection of which corresponds to the TN positionc8ithe true distances are
supposed to be unknown, the TN localization in {heh iteration can only be based
on their estimates, hence on the set of circumferet{n@g B

((x+V)2+ (y—L)2 = [f)?
(X+V)24y? = [fgi)]z
(X—V)24y? = [fgi)]z (5.13)
(X—V)2-|- (y_ L)Z _ [féj)]Z

\

centered in{s }2_, and whose radii are the estimated distar{cfég}?zo.

In the remainder of this section, the two localization allfpons described in Sec-
tion 5.2 are rearranged to the case of four ANs. The algordbtails are given in the
two following subsections. As in Section 5.2, in the pseudigcthe superscrigt) is
omitted and we simplify the notation writing] instead oﬂ;] even if the considered
gquantities are estimates.
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Figure 5.7: The ANsdoloured stars and the metal obstacle in the second scenario
(black rectanglg are shown.

5.4.1 A Distance-based Localization Algorithm

In this subsection, Algorithm 1 introduced in Subsectidh bis extended to the case
of four ANs. A pseudocode of the algorithm implemented onfthst (namely, the
Raspberry Pi connected to the four RCMSs) is shown in Listigg 5

The first part of the algorithm involves the acquisition of tilistance estimates
between each AN and a TN. The first range request is perforindatdadcast) by
ANy (line 5 of Listing 5.9) and, as soon as a TN replies, the remgiANs directly
enquire (in sequence) that TN (lines 8, 12, and 16 of Listir).3f, due to the
presence of a metal obstacle in the considered scenarioatige requests are not
successful, the values sfatug, status and/orstatug are kept equal to 0, otherwise
they are set to 1 and the distance estimdtefs® ; and the values ofvPeak}? ; are
saved. The values divPeak}? , are saved because, even if we do not use them to
improve the localization accuracy, we rely on them to selduth triplet of range
estimates must be used if all the four estimates are availabl
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Listing 5.9: Pseudocode of Algorithm 1 for four ANSs.

procedure algorithm1

for cyclee {1,...,Nc}

statug <+ 0, status < 0, statug+« 0

r cnRangeToEx( ANg, BROADCAST_NODE | D)

ro<— rangel nfo. preci si onRangeMn

vPealg — rangel nf 0. vPeak

i f (rcmRangeToEx( AN1, rangel nfo. responder|d)#ERR)
statug <+ 1
ri — rangel nfo. preci si onRangeMn
vPealkk — rangel nf 0. vPeak

i f (rcmRangeToEx( AN, rangel nfo. responderld)#ERR)
status «+— 1
r, — rangel nfo. preci si onRangeMn
vPeal — rangel nf 0. vPeak

i f (rcmRangeToEx( AN3, rangel nfo. responder|d)#ERR)
statug <+ 1
r3 < rangel nf o. preci si onRangeMm
vPealg — rangel nf 0. vPeak

i f (statug =1Astatus = 1Astatug=1)
findTarget Positi on4d

el se i f (statug = 1Astatus = 1Astatug = 0)
findTar get Positi onNoS3

el se if (statug=1Astatus = 0Astatug=1)
findTar get Posi ti onNoS2

el se if (statug=0Astatus = 1Astatug=1)
findTar get Positi onNoS1

el se i f (statug = 1Astatus = 0Astatug = 0)
findTar get Positi onS0S1

el se if (statug=0Astatus = 1A statug = 0)
findTar get Positi onS0S2

el se if (statug =0Astatus =0)

U« [00, 00]




126 Chapter 5. A Localization Algorithm for Realistic Scenaios

Listing 5.10: Pseudocode of functiomxOr di nat e.

1 function u = maxOrdi nate(l)
2 input: |={p,=[X,Yo],p, =[x1,y1]} coordinates of two points
3 output: u chosen point
4
5 if (yo<wi)
6 Uue—=p
7 else
8 U—p,
Listing 5.11: Pseudocode of functiom nOr di nat e.
1 function u = minOrdinate(l)
2 input: |={p,=[X,Yo].p, =[x1,y1]} coordinates of two points
3 output: u chosen points
4
5 if (yo<wi)
6 U—p,
7 else
8 Ue=p,

As a matter of fact, even if four range estimates are avai)ailleast one of them is
not reliable because in the considered scenario at leasANris in NLoS with the
TN. To be coherent with the considerations made in Sectidm®g. assume that the
most inaccurate range estimate is the one with the smalfestk.

As in the case with three ANs, the second part of the algorithdedicated to the
TN localization, on the basis of the parameters obtainetigrfitst part. Depending
on the number of available range estimates, different ipatibn strategies can be
considered.

In these localization strategies, the functidnsidNear er , maxAbsci ssa, and
mi nAbsci ssa defined in Listing 5.2, Listing 5.3, and Listing 5.4, respegdly, are
used. Moreover, two additional functions are used in thieviohg.
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Listing 5.12: Pseudocode of proceddiiendTar get Posi ti on4.

procedure findTargetPosition4d

i f (vPealg < vPeak AvPealy < vPeak AvPealy < vPeak)
findTar get Posi ti onNoSO

el se if (vPeak <vPeakAvPeak < vPeak AvPeak < vPealg)
fi ndTar get Posi ti onNoS1

el se i f (vPeak <vPeak AvPeak < vPeak AvPeak < vPealg)
findTar get Posi ti onNoS2

el se i f (vPeak <vPeak AvPeak < vPeak AvPeak < vPealg)
fi ndTar get Posi ti onNoS3
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The functionmaxOr di nat e in Listing 5.10 takes as input a set containing the
coordinates of two points and returns the coordinate of thietith the greatest
ordinate.

Analogously, the functiomi nOr di nat e defined in Listing 5.11 takes as input a
set containing the coordinates of two points and returnctioedinate of the point
with the smallest ordinate.

We can now describe the position estimate phase in ListidgEight cases are
identified on the basis of the number of available distanteates and of the values
of vPeak.

Case 1 If statug = 1, status = 1, andstatug = 1 (line 21 of Listing 5.9) the
localization algorithm is described i ndTar get Posi ti on4 in Listing 5.12. Ob-
serve that in the considered scenario, shown in Figure Br7edch possible TN
position at least one AN is in NLoS with the TN, due to the pneseof the metal
obstacle. For this reason, even if four range estimatesvaitable, in the proposed
algorithm one of them is always discarded. More precisetydigcard the range esti-
mate associated with the smalle§eak, as it is likely associated with a NLoS path,
and, consequently, can be far inaccurate. Hence, in Litihg the position estimate
is made according to the procedures described in Listint3-5.17, depending on
the values of/Peak.
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Listing 5.13: Pseudocode of proceddiiendTar get Posi t i onNoSO.

1 procedure findTarget Positi onNoSO
2

3 I —{pyp}=%1N%

4 J—{0p0,} =41Ne

5 if(1£0AI+£0)

6 {p,q} — findNearer(l,J)

! u—3(p+a

8 else if(l=0AJ#0)

9 A—G1NA13, B C3N%13

10 I ={p,p,} — findNearer(A,B)
11 it (I[P~ Pyl < drn)

12 {p.q} — findNearer(l,J)
13 u—3(p+a

14 el se

15 u«— maxAbsci ssa(J)

16 else if (J=0)

17 fi ndTar get Posi ti onS1S3

Case 2 If statug = 1, status = 1, andstatug = 1 and assuming thatPealg is
the minimum value of/Peak (line 3 of Listing 5.12), the localization algorithm is
described in the procedufé ndTar get Posi t i onNoSO0 in Listing 5.13.

Ignoring the range measurement from AMe can consider the sets

| =6NE J=6N% (5.14)

If both | andJ are not empty (line 5 of Listing 5.13), the functidm ndNear er
defined in Listing 5.2 is used to obtain the two nearest padfitsandJ. The TN
position estimate is then found as the baricenter of theggtints.

If €1 and %, intersect butl is empty (line 8 of Listing 5.13), we look for the
two nearest points g&1 and %3, which can be obtained by intersecting both such
circumferences with the ling?;3 which goes through their centers, namely

H13:x=V. (5.15)
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Listing 5.14: Pseudocode of proceddiiendTar get Posi t i onS1S3.

procedure findTargetPositionS1S3

if(l£0)
u<« maxAbsci ssa(l)
else if(l=0)
A—C1NJH13, B— C3NA13
I ={p, p,} — findNearer(A,B)
it (1P — Pyl < dm)
u—3(Ry+py)
el se

U« [oo,oo]
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The two nearest points froffi, N %13 and %3N %13 can be found using the function
defined in Listing 5.2. If their distance is below a given #ield dr, (line 11 of
Listing 5.13)I is redefined as the set containing the two points and theizatiain is
performed as in the first case. Otherwigés defined as the point iliwhich is on the
other side of the metal obstacle with respect tapAhamely the one with the greatest
abscissa (line 14 of Listing 5.13). As a matter of fact, sinBealg is the smallest
value ofvPeak, it is reasonable to assume that the metal obstacle is betdig
and the TN.

If ¥1 and%> do not intersect, so thakis empty (line 16 of Listing 5.13), the
localization is performed using the procedfiiendTar get Posi t i onS1S3 defined
in Listing 5.14.

If the two circumference®’ and %3 intersect, the two obtained points are sym-
metric with respect to the ling?13 defined in (5.15). The TN position estimate is
chosen as the point on the same side of the metal obstacle aamNAN;, namely
the one with the greatest abscissa. Instead;ifand ¥3 do not intersect the two
nearest points of such circumferences are found and if tlisiance is below the
thresholddyy, the TN position is estimated as their baricenter. Otherwiseposition
estimate cannot be performed.
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Listing 5.15: Pseudocode of proceddiiendTar get Posi t i onNoS1.

1 procedure findTarget PositionNoS1
2

3 1 —{pyp}=%N%

4 J=—{0,q}=%N%

5 if(140AJ#0)

6 {p,q} — findNearer(l,J)

! u—3(p+a

8 else if(l=0AJ#0)

9 A—CGNHo2, B— C2NHo2

10 I ={p,p,} — findNearer(A,B)
11 it (I[P~ Pyl < drn)

12 {p.q} — findNearer(l,J)
13 u—3(p+a

14 el se

15 u«— m nAbsci ssa(J)

16 else if(J=0)

17 findTar get Posi ti onS0S2

Case 3 If statug = 0, status = 1, andstatug = 1 (line 27 of Listing 5.9),
or if statug = 1, status = 1, statug = 1, andvPeak is the minimum value of
vPeak (line 5 of Listing 5.12) the localization algorithm is debed in the procedure
findTar get Posi ti onNoS1 in Listing 5.15.

In this case, the range measurements from, AdNignored (either because it is
unknown or because it is the one associated with the smalkesik in case that all
the range estimates are available). We can then define

| =%oN%> J=%yN%3 (5.16)

as in lines 3 and 4 of Listing 5.7.

If both pairs of circumferences intersect (line 5), the tvaarest points fronh
andJ are found using the functiohi ndNear er defined in Listing 5.2 and the TN
position estimate is the baricenter of these two points.
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Listing 5.16: Pseudocode of proceddiiendTar get Posi t i onNoS2.

1 procedure findTarget PositionNoS2
2

3 I —{pyp}=%1N%

4 J—{0p0;} =%0Nes

5 if(1£0AI+£0)

6 {p,q} — findNearer(l,J)

! u—3(p+a

8 else if(l=0AJ#0)

9 A—G1NA13, B C3N%13

10 I ={p,p,} — findNearer(A,B)
11 it (I[P~ Pyl < drn)

12 {p.q} — findNearer(l,J)
13 u—3(p+a

14 el se

15 u«— maxAbsci ssa(J)

16 else if(J=0)

17 fi ndTar get Posi ti onS1S3

If %o and%3 intersect but is empty (line 8 of Listing 5.7), the two nearest points
of ¢ and%> are found by intersecting these circumferences with tre#m, which
goes through their centers

Hoz - X=-V. (5.17)

If the distance between the two points is below a given tholestlry, (line 11 of
Listing 5.7)1 is redefined as the set containing these two points and théZation
is performed as in the first case. Otherwise, it is reasonabéessume that the TN
position estimate corresponds to the pointliwith the smallest abscissa, so that it
is on the other side of the metal obstacle with respect to tReagsociated with the
lowestvPeak, namely AN (line 14 of Listing 5.7).

If o and%3 do not intersect, so thakis empty, the localization is performed
using the procedurki ndTar get Posi t i onS0S2 defined later in Listing 5.19.
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Listing 5.17: Pseudocode of proceddiiendTar get Posi t i onNoS3.

1 procedure findTarget PositionNoS3
2

3 1 —{pyp}=%N%

4 J—{0p0,} =41Ne

5 if(140AJ#0)

6 {p,q} — findNearer(l,J)

! u—3(p+a

8 else if(l=0AJ#0)

9 A—CGNHo2, B— C2NHo2

10 I ={p,p,} — findNearer(A,B)
11 it (I[P~ Pyl < drn)

12 {p.q} — findNearer(l,J)
13 u—3(p+a

14 el se

15 u«— m nAbsci ssa(J)

16 else if(J=0)

17 findTar get Posi ti onS0S2

Case 4 If statug = 1, status = 0, andstatug = 1 (line 25 of Listing 5.9),
or if statug = 1, status = 1 statug = 1, andvPeak is the minimum value of
vPeak (line 7 of Listing 5.12) the localization algorithm is deibed in the procedure
findTar get Posi ti onNoS2 in Listing 5.16.

The localization scheme is analogousftondTar get Posi t i onNoSO imple-
mented in in Listing 5.13 and can be obtained from it by sttt %7 with %3,
%> with %5, and%é3 with €.

Case 5 If statug = 1, status = 1, andstatug = 0 (line 23 of Listing 5.9),
or if statug = 1, status = 1, statug = 1, andvPeak is the minimum value of
vPeak, (line 9 of Listing 5.12) the localization algorithm is deded in the pro-
ceduref i ndTar get Posi ti onNoS3 in Listing 5.17.

The localization can be derived frofri ndTar get Posi ti onNoS1 defined in
Listing 5.15 by substitutingp with %>, 6> with %5, and%3 with €3.
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Listing 5.18: Pseudocode of proceddiiendTar get Posi t i onS0S1.

1 procedure findTargetPositionS0S1
2

3 1—{p,p}t=2%N%

4 if(1#£0)

S u«— maxOrdi nate(l)

6 else

7 A—GoNZo1, B—C1NZo1

8 I ={p,p,} — findNearer(A,B)
9 it (llpy—p,ll < dm)

10 u—3(p+p)

11 el se

12 U<+ [oo,oo]

Case 6 If statug = 1, status = 0, andstatug = 0 (line 29 of Listing 5.9) the
procedurd i ndTar get Posi t i onS0S1 described in Listing 5.18 is used to perform
the localization. In this case, since the range estimatea &N, and AN; are not
available, only two circumferences can be derived, naraglgnd4;.

If they intersect, the two obtained points have the sameisgzs@nd different
ordinates since they are symmetric with respect to thedgewhich goes through
the centers of the circumferences, whose equation is

Ho1:y=L. (5.18)

Since the range requests from Alnd AN; were not successful, it is reasonable to
assume that the TN position can be estimated as the pointhvéthreatest ordinate,
namely the one further from ANand AN; and nearer to Apland AN;.

If o and %1 do not intersect, we look for the two nearest points of such ci
cumferences. If their distance is below the threshilgithe TN position is defined
as the baricenter of the two points. Otherwise, the avaladhge estimates do not
give enough information to estimate the TN position and dwalization cannot be
performed.
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Listing 5.19: Pseudocode of proceddiiendTar get Posi t i onS0S2.

1 procedure findTarget PositionS0S2
2

3 1 —{p,p}=%N%

4 if(1#£0)

5 U<« m nAbsci ssa(l)

6 else

7 A—GoNZo2, B—C2NZ%o2

8 I ={p,p,} — findNearer(A,B)
9 it (llpy—p,ll < dm)

10 u—3(p+p)

11 el se

12 U<+ [oo,oo]

Case 7 If statug = 0, status = 1, andstatug = O (line 31 of Listing 5.9) the
localization algorithm is described in the procedtiraidTar get Posi ti onS0S2 in
Listing 5.19, which is similar téd i ndTar get Posi ti onS0S1 in Listing 5.18. This
procedure is also used in Listing 5.15 and Listing 5.174 0.

If the two circumference®, and %> intersect, the two obtained points are sym-
metric with respect to the lingy, which goes through their centers, defined in (5.17).
The TN position is then estimated as the point with the sreiafibscissa, which is,
for the geometry of the problem, the point on the same sidbefrietal obstacle as
ANg and AN,.

If 6o and%, do not intersect, we look for the two nearest points of theahiin
their distance is below the threshalg, the TN position is estimated as their baricen-
ter. Otherwise, the position estimate cannot be perfornrezk ¢he available range
estimates do not give enough information.

Case 8 If statug = 0, status = 0 (line 33 of Listing 5.9) the TN position cannot
be estimated, regardless sihtug. Even if statug = 1 and%pN %3 # 0 we have no
sufficient information to decide which of the two interseatipoints corresponds to
the TN position estimate.
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Listing 5.20: Pseudocode of proceddiiendTar get Posi t i on4VPeak.

procedure findTarget Positi ond4VPeak

i f (vPealg < vPeak AvPealy < vPeak AvPealy < vPeak)
findTar get Posi t i onNoSOVPeak

el se if (vPeak <vPeakAvPeak < vPeak AvPeak < vPealg)
fi ndTar get Posi ti onNoS1VPeak

el se i f (vPeak <vPeak AvPeak < vPeak AvPeak < vPealg)
findTar get Posi ti onNoS2VPeak

el se i f (vPeak <vPeak AvPeak < vPeak AvPeak < vPealg)
fi ndTar get Posi t i onNoS3VPeak

© 00 ~NO Ul WDN P
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5.4.2 A Localization Algorithm Based on Distances andPeak

In this subsection, the analogous of the algorithm in Sulses.2.2 is explained. It
is an improved version of the algorithm explained in the jmes subsection, where
the values{vPeak}?_, which correspond to thePeak of {AN;}3_, are used to ana-
lyze the quality of the range estimatgs}? .

The distance acquisition step in the algorithm is the sanie laisting 5.9, while
in the position estimate step some procedure are changedénto take into account
the values of/Peak.

In particular, ifstatug = 1, status = 1, andstatug = 1, we substitute the pro-
ceduref i ndTar get Posi ti on4 by the proceduréi ndTar get Posi ti on4VPeak
defined in Listing 5.20, where the four procedufésdTar get Posi t i onNoSx are
changed intd i ndTar get Posi t i onNoSxVPeak defined in the respective listings.

In the proceduréi ndTar get Posi t i onNoSOVPeak, defined in Listing 5.21, if
all the values oi{vPea@»?:l are above the thresholdPeakh, (line 3 of Listing 5.21),
then the position estimate is performed accordingjitadTar get Posi t i onNoSO
as in Algorithm 1. IfvPeak is below the thresholdPeaky and it is the smallest
value ofvPeak (line 5 of Listing 5.21), the position estimate is performedly-
ing only on the distance estimates from ARnd ANs, according to the procedure
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Listing 5.21: Pseudocode of proceddiiendTar get Posi t i onNoSOVPeak.
procedure findTarget Positi onNoSOVPeak

1
2
3 if (vPeak >vPeaknAvPeak > vPeakhAvPealk > vPeaky)
4 fi ndTar get Posi ti onNoSO

5 else if (vPeak < vPeakAvPeak < vPeak)

6 | — {90,91} =%>N%3

7 fi ndTar get Positi onS2S3

8 else if (vPeak <vPeak AvPeak < vPeak)

9 | — {90,91} =61N%3

10 fi ndTar get Positi onS1S3

11 else if (vPeak < vPeak AvPeak < vPeal)
12 | {90’91} =61N%6>

13 if(l#0)

14 u«+ maxAbsci ssa(l)

15 el se

16 U« [oo, 00]

fi ndTar get Posi ti onS2S3 defined in Listing 5.25. Similarly, i/Pealk is below
vPeaky, and it is the smallest value efPeak (line 8 of Listing 5.21), the position
estimate is performed using the procedfirexdTar get Posi t i onS1S3 defined in
Listing 5.14. Finally, ifvPeak is belowvPeaky and it is the smallest value @Peak

(line 11 of Listing 5.21) the localization estimate is penfied using only the range
measurements from AMNand ANb. If the associated circumferences intersect, the po-
sition estimate is chosen as the point with the greatesistas(.e., the one further
from ANp), otherwise the position estimate cannot be obtained.

In proceduré i ndTar get Posi ti onNoS1VPeak in Listing 5.22 the localization
scheme is the same as the one in the procefdundTar get Posi t i onNoSOVPeak,
beside the fact that now the unavailable or ignored rangmat is the one rela-
tive to AN;. If all the values ofvPeak are above the thresholPeaky, (line 3 of
Listing 5.22), then the position estimate is performed aélgorithm 1 according
tofi ndTar get Posi ti onNoS1. If vPealg is below the threshol@Peaky, and it is
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Listing 5.22: Pseudocode of proceddiiendTar get Posi t i onNoS1VPeak.

procedure findTarget Positi onNoS1VPeak

1
2
3 if (vPealg>vPeaknAvPeak > vPeakhAvPealk > vPeaky)
4 fi ndTar get Posi ti onNoS1

5 else if (vPealg< vPeakAvPealy < vPeak)

6 | — {90,91} =%>N%3

7 fi ndTar get Positi onS2S3

8 else if (vPeak < vPealg/AvPeak < vPeak)

9 | — {90,91} =%N%G3

10 if(l#0)

11 u« m nAbsci ssa(l)

12 el se

13 U« |00, 00]

14 else if (vPealk < vPealAvPeak < vPealk)
15 | — {EO’El} =%oN%2

16 findTar get Posi ti onS0S2

smaller tharvPeak andvPealk (line 5 of Listing 5.22) the TN position estimate is ob-
tained using i ndTar get Posi ti onS2S3. If vPeak is below the thresholaPeak,
and it is the smallest value aPeak (line 8 of Listing 5.22), the localization estimate
is performed relying only on the range measurements frorg &Nl ANs. If the as-
sociated circumferences intersect, the position estinsatbosen as the point with
the smallest abscissa, otherwise the position estimateotde obtained. Finally, if
vPeak is below the thresholdPeak, and it is the smallest value ePeak (line 14 of
Listing 5.22) the position estimate is performed udingdTar get Posi t i onS0S2
defined in Listing 5.19.

In procedurd i ndTar get Posi t i onNoS2VPeak defined in Listing 5.23 the lo-
calization scheme is analogous to the one in Listing 5.21Ldstthg 5.22, except for
the fact that the unavailable or ignored range estimatevisthe one relative to AN

The proceduré i ndTar get Posi ti onNoS3VPeak in Listing 5.24 is similar to
the previous ones, beside the fact that we discard the restigeate relative to AhL
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Listing 5.23: Pseudocode of proceddiiendTar get Posi t i onNoS2VPeak.
procedure findTarget Positi onNoS2VPeak

1
2
3 if (vPealg > vPeaknAvPeak > vPeakhAvPealk > vPeaky)
4 fi ndTar get Posi ti onNoS2

5 else if (vPealg< vPeakAvPealy < vPeak)

6 | — {90,91} =61N%3

7 fi ndTar get Positi onS1S3

8 else if (vPeak < vPealg/AvPeak < vPeak)

9 | — {90,91} =%N%G3

10 if(l#0)

11 u«+ maxAbsci ssa(l)

12 el se

13 U« |00, 00]

14 else if (vPealk < vPealAvPeak < vPeak)
15 I<—{£)0,£)1}:%m<51

16 findTar get Posi ti onS0S1

Finally, let us describe the procedudrendTar get Posi t i onS2S3 used in List-
ings 5.21 and 5.22. This procedure is analogous$itadTar get Posi ti onS0S1
defined in Listing 5.18, but, in this case, ordy and%3 can be derived. If they inter-
sect, the two obtained points are symmetric with respedigdihe %,3 which goes
through their centers, whose equation is

Haz:y=0. (5.19)

Since the range requests from ABInd AN, were not successful, it is reasonable to
assume that the TN position can be estimated as the poihefurom them, namely
the one with the smallest ordinate 4% and%3 do not intersect, we look for the two
nearest points of them and if their distance is below thestioteld, the TN position

is estimated as their baricenter. Otherwise, the positimate cannot be performed.
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Listing 5.24: Pseudocode of proceddiiendTar get Posi t i onNoS3VPeak.

procedure findTarget Positi onNoS3VPeak

1
2
3 if (vPealg>vPeaknAvPeak > vPeakhAvPeak > vPeaky)
4 fi ndTar get Posi ti onNoS3

5 else if (vPealg< vPeakAvPealy < vPeak)

6 | — {90,91} =61NG

7

8

9

if(l=#£0)
u« m nAbsci ssa(l)

el se
10 U« |00, 00]
11 else if (vPeak < vPealAvPeak < vPeal)
12 | — {EO’El} =%oN%6>
13 fi ndTar get Posi ti onS0S2
14 else if (vPeak < vPealAvPeak < vPeak)
15 I<—{£)0,£)1}:%m<51
16 findTar get Posi ti onS0S1

Listing 5.25: Pseudocode of proceddiiendTar get Posi t i onS2S3.

procedure findTargetPositi onS2S3

if(l1#£0)
U« mnOrdinate(l)
el se
A—CrNA23, B— C3N%23
I ={p, p,} — findNearer(A,B)
it ([lpy—p,ll < dm)
g<—%<90+91)
el se

U« |00, 00]
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10}

Figure 5.8: All the considered TN positionbldck doty are shown. The ANs
(coloured staryand the obstacléb{ack rectanglg are also shown.

5.5 Results Obtained with Four ANs

In this section, we show some results relative to the sced&scribed in Section 5.4.
As in the case with three ANs in Section 5.3, the values of drameterd. andV

in (5.3) are set to 2 m and® m, respectively, so that the coordinates of the ANS,
expressed in meters, are

S =[—0.5,2] s, =[0.5,2] s, =[-05,2] s3=[—05,2]. (5.20)

All the results are obtained with the distance threshdiglsset to 05 m and the
vPeak thresholdvPeaky set to 5000 as in Section 5.3. We consider the same TN
positions as in Section 5.3 in order to be able to comparedhermances of the lo-
calization algorithms with three ANs, derived in Sectio8, wvith those obtained here
with four ANs. Such positions are shown in Figure 5.8, togethkith the positions of
the four ANs and the metal obstacle among them.
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Figure 5.9: Values ofl,q relative to different TN positions for (a.) Algorithm 1 and
(b.) Algorithm 2.

For each of the 66 TN positions in Figure 5.8 we apply Algarith described
in Listing 5.9 withN; = 100 and we evaluate the average distance ekgrdefined
in (5.2), averaged over the 100 position estimates. Thegothm 2 described in
Subsection 5.4.2 is applied to the same range estimatesaitedlgorithm 1 and
the average distance ermy,q is evaluated for each TN position.

The values ofly g are shown in Figure 5.9. In particular, Figure 5.9 (a.) iatieé
to Algorithm 1. Each TN position is associated with a diffgreolour, depending on
the corresponding value ofyg.

As in Figure 5.3: red squares correspond to valued.@f smaller than 20 cm;
orange squares correspond to valuedy@fbetween 20 cm and 40 cm; yellow squares
correspond to values a4 between 40 cm and 60 cm; green squares correspond to
values ofdayg between 60 cm and 80 cm; blue squares correspond to valuigyof
between 80 cm and 1 m; and violet squares correspond to vallgg, greater than
1 m. Figure 5.3 (b.) is analogous to Figure 5.9 (a.) but itrezfe the values oflayg
obtained with Algorithm 2.
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Figure 5.10: The values of (arPealy and (b.)vPeals are shown.

In this case, the improvement brought from Algorithm 2 widspect to Algo-
rithm 1 are less evident. As a matter of fact, Algorithm 2 ioyws the performance
of Algorithm 1 only in 5 cases.

It is then of interest to compare the results in Figure 5.I38tike to the configura-
tion with three ANs, with those in Figure 5.9. More preciselyomparison between
Figure 5.3 (a.) and Figure 5.9 (a.) shows that the use of ati@ua AN allows ob-
taining more accurate position estimates in various TNtjoos. As a matter of fact,
in the scenario with four ANs, the valuesayf,g are below 40 cm in 54 points, namely
81% of the times. This percentage in nearly twice the ongivelto Figure 5.3 (a.).
Moreover, the comparison between Figure 5.9 (a.) and Figudréb.) shows that Al-
gorithm 1 applied in the scenario with four ANs outperformigdithm 2 relative to
the configuration with three ANs. As a matter of fact, in Fig&.3 (b.) the values
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Figure 5.11: The values of (avPeak and (b.)vPealk are shown.

of dayg are below 40 cm only in 40 points, which is less than 20% lean th Fig-
ure 5.9 (a.). Finally, Figure 5.9 (b.) shows that Algorithnag@lied in the scenario
with four ANs allows keepingla,g below 40 cm nearly 90% of the times. When ap-
plying Algorithm 2 to the case with three ANs, the same petag is obtained if
values ofd,yg up to 80 cm are tolerated.

Finally, the values of vPeak}? , in the considered TN positions are shown in
Figure 5.10 and Figure 5.11. More precisely, Figure 5.1préders tovPealy and
Figure 5.10 (b.) refers toPeaky, while Figure 5.11 (a.) refers tePeak and Fig-
ure 5.11 (b.) refers taPeak. Comparing these results with those in Figure 5.6 shows
that four ANs guarantee a better coverage in all the consii€N positions, as con-
firmed by the results in Figure 5.9.






Conclusion

In this dissertation, the localization of targets in indeavironment by means of the
Ultra Wide Band (UWB) technology has been investigated feoralytical, simula-
tive and experimental points of view.

In Chapter 1, the motivations of the importance of indoorl@ation are pre-
sented and an overview of the literature on this topic ismgivevariety of approaches
suitable to address this problem is described and the aalyesbrought by the UWB
technology in this context are emphasized.

Aiming at finding strategies to improve the localization @ecy, the presented
work initially focuses on optimized placement of Anchor NeqANS) used for target
localization. In particular, in Chapter 2, an analyticapagach to optimized ANs
placement for UWB-based localization of a target movinglarge indoor scenario is
proposed. Imposing (realistic) constraints on the ANstim® and assuming that the
target moves along a straight line in the middle of a corridatosed-form expression
for the optimal distance between consecutive ANs is deriiére validity of the
analytical framework is confirmed by simulations, whichoedsow that the proposed
placement strategy is effective even when the TN followsegerpaths.

However, in practical application scenarios it is not ale/gpssible to decide
the ANs positions. For this reason, to overcome the linttetiof geometric tech-
niques, which can suffer from ill-conditioning, an optimion-based approach to
localization is proposed. More precisely, in Chapter 3g¢happroaches to UWB-
based localization of nodes are considered: two stem frangdometry-oriented
localization literature and one originates from the sofhpating literature, namely
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the Particle Swarm Optimization (PSO) algorithm. The otgdiresults show that the
PSO approach guarantees, with respect to the other algsrith better accuracy in
the position estimate. Furthermore, an improved versiagh@PSO algorithm is pro-
posed. Simulation results show that the convergence sgidlee ilmproved algorithm
is significantly higher than that of the PSO algorithm, |egdio a relevant reduction
of the total computational cost.

In order to perform a more realistic analysis of the locdicraaccuracy, exper-
imental results are then considered. In Chapter 4, a statishodel for the distance
estimates in Line-of-Sight (LoS) conditions is derived ba basis of an experimental
campaign of range measurements obtained using Time Dons®R 410 Rang-
ing and Communications Modules (RCMs). The range estimabe between pairs
of RCMs is statistically analyzed and the results show ttsadverage and standard
deviation are well approximated as linearly increasingcfioms of the true distance
between the considered pair of nodes. The derived stalistiodel is applied to
correct the predictions of two illustrative localizatioly@rithms in two realistic lo-
calization scenarios. Results show that the distance a@mns introduced by the
proposed model allow improving the performance of the aersid algorithms, thus
confirming the validity of the model.

In Chapter 5, a real-world scenario is considered, wher@tésence of a metal
obstacle introduces Non-Line-of-Sight (NLoS) effects imgklocalization harder.
First, two variants of a geometrically inspired algorithon the localization of a tar-
get by means of three ANs are proposed. The results obtairad experiments with
PulsON 410 RCMs are shown for different target positionsritthe adopted local-
ization algorithm is rearranged for the case of four ANs.uUReshow that the use of
an additional AN allows improving the performance of thedlization in terms of
the average distance between the true target positionsaidestimates.

In conclusion, the possibility of using UWB technology facarate indoor local-
ization is investigated in this dissertation. The obtaineslilts show that it is indeed
possible to achieve 2-3 cm accuracy if all nodes are in LoS28~40 cm accuracy in
NLoS scenarios.
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