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i }2i=0

(solid lines) are shown. The TN position estimate in this case, ex-

pressed in meters, is[5.73,5.63]. . . . . . . . . . . . . . . . . . . . 121

5.6 The values of (a.)vPeak0, (b.) vPeak1, and (c.)vPeak2 are shown. . 122

5.7 The ANs (coloured stars) and the metal obstacle in the second sce-

nario (black rectangle) are shown. . . . . . . . . . . . . . . . . . . 124

5.8 All the considered TN positions (black dots) are shown. The ANs

(coloured stars) and the obstacle (black rectangle) are also shown. . 140

5.9 Values ofdavg relative to different TN positions for (a.) Algorithm 1

and (b.) Algorithm 2. . . . . . . . . . . . . . . . . . . . . . . . . . 141

5.10 The values of (a.)vPeak0 and (b.)vPeak1 are shown. . . . . . . . . 142

5.11 The values of (a.)vPeak2 and (b.)vPeak3 are shown. . . . . . . . . 143



List of Tables

2.1 Optimal values ofδ predicted by (2.44) as the heightζ of the ANs

varies between 0 m and 10 m, and the widthω of the corridor varies

between 2 m and 5 m. . . . . . . . . . . . . . . . . . . . . . . . . 33

2.2 Optimal values ofδ numerically evaluated using the TSML-TDoA

method, as the heightζ of the ANs varies between 0 m and 10 m and

the widthω of the corridor varies between 2 m and 5 m. . . . . . . 41

3.1 Numbers of multiplications and additions (per iteration and total) of

the PSO and HPSO algorithms as functions of the number of TNsN,

the number of particles in the swarmS, the number of ANsM, and

the number of iterations (N(PSO)
iter andN(hPSO)

iter , respectively). . . . . . 70

3.2 Comparison between PSO and HPSO algorithm, withN = 21,M = 4.

Two possible values for the swarm sizeSare considered: 30 (which

corresponds toN(PSO)
iter = 53 andN(hPSO)

iter = 4) and 60 (which cor-

responds toN(PSO)
iter = 36 andN(hPSO)

iter = 3). The numerical values

predicted by the last two rows of Table 3.1 are shown. In the last row,

the simulation run times are also shown. . . . . . . . . . . . . . . . 71

4.1 The values of̄νk (second column) andσk (third column) as functions

of the distancesrk. . . . . . . . . . . . . . . . . . . . . . . . . . . 83

4.2 The average and the maximum distances between the true TNposi-

tion and its estimates with (̂davg, d̂max) and without (ďavg, ďmax) the
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Introduction

In recent years, the increasing importance of context- and location-dependent in-

formation has led to a growing interest in location-based applications and services.

Among many interesting scenarios, accurate localization and real-time tracking of

objects in indoor environments have many applications in various areas, such as:

monitoring of people and goods in airports, subways, high security areas, and shop-

ping malls; monitoring of patients in hospitals; and locating people and vehicles in

industrial warehouses.

While the problem of outdoor localization is usually solvedby the Global Posi-

tioning System (GPS) or other more accurate techniques, indoor localization is still

a challenge. GPS is useless in indoor environments, since the signals from satellites

cannot penetrate through walls and its typical accuracy is too poor for indoor local-

ization applications. Moreover, the accurate localization of targets in indoor environ-

ments is particularly difficult because signal propagationinside buildings is affected

by various phenomena, such as non-line-of-sight and multipath, caused by walls and

obstacles. This dissertation focuses on the study and design of indoor localization

techniques which are aimed at locating targets inside buildings. Throughout the dis-

sertation, Ultra Wide Band (UWB) signaling is considered. In general terms, all sce-

narios involve a few nodes with known positions, denoted as Anchor Nodes (ANs),

which properly cooperate, through collaborative signal processing, to estimate the

(unknown) positions of target nodes (each equipped with a UWB sensor).

In particular, in Chapter 1 the localization problem is introduced and the UWB

technology is described. In Chapter 2, the impact of ANs positioning on the local-



2 Introduction

ization accuracy of a moving target in a specific scenario is investigated. In Chap-

ter 3, a comparison between the performances of geometric and optimization-based

approaches to the localization of static targets is performed. While the results pre-

sented in Chapters 2 and 3 are obtained through analytical framework and computer

simulations, in Chapter 4 experimental results obtained with the PulsON 410 Rang-

ing and Communications Modules (RCMs) produced by the company Time Domain

(www.timedomain.com) are presented. This experimental investigation is expe-

dient to derive a novel statistical model for range estimates between pairs of UWB

sensors, which is then applied to improve the performance offew illustrative localiza-

tion algorithms in various scenarios. In Chapter 5, a realistic scenario for indoor lo-

calization is presented and two efficient localization algorithms are investigated with

PulsON 410 RCMs. Finally, a summary of the results is presented and conclusions

are drawn.



Chapter 1

Survey of the Literature and

Motivations

Nos esse quasi nanos

gigantium humeris insidentes

– Bernardus Carnotensis

1.1 Introduction

Wireless Sensor Networks (WSNs) allow collecting measuresof physical quantities

and processing them through smart sensors. The main featureof this type of sensors

is that they can monitor environmental parameters and process the collected data

locally and convey the obtained information to one or more central nodes [14]. Smart

sensors are typically low-power devices which can measure avariety of mechanical,

thermal, biological, chemical, optical, and magnetic properties of the environment.

They typically consist of a processor (with limited computing power), a memory, and

short-range transmitter/receiver.
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Thanks to the availability of small, cheap, and smart sensors, the attention of the

scientific community towards WSNs is increasing because they represent a leading

choice to address some of the most interesting challenges, such as smart environ-

ments and the Internet of Things (IoT). A large number of applications can be ad-

dressed with WSNs, including: assisted living; security area surveillance; medical

and biomedical monitoring; traffic control and safety; search and of victims in emer-

gency situations; environmental monitoring; smart homes;localization and tracking

of people, vechicles, and goods [1].

Wireless localization plays a key role among all the above interesting and chal-

lenging topics. As a matter of fact, in many applications theposition of sensors must

be known in order to make sure that their data is meaningful. Moreover, the position

itself can be the data that needs to be monitored in many applications, for example

in: military security [26]; home surveillance and assistedliving [37]; medical super-

vision [9]; smart homes [56]; logistics [34]; and industrial monitoring [68, 70].

Localization systems can be categorized, depending on the target environment,

as indoor or outdoor. For outdoor localization, Global Navigation Satellite Systems

(GNSS) such as the Global Positioning System (GPS) can be used in a wide range

of applications including tracking and asset management; transport navigation and

guidance; synchronization of telecommunications networks; and geodetic survey.

Unfortunately, GPS does not perform well in indoor environments, as the radio signal

strength is too weak to penetrate through walls. Moreover, the accuracy of GPS local-

ization is usually around 10 m and this is typically too poor for indoor localization,

which often requires higher accuracy [16].

To address the inadequacy of GPS for the localization of targets inside buildings,

proper indoor localization techniques and technologies are needed. Many application

requirements (such as scalability, energy efficiency, cost, and required accuracy) in-

fluence the design of indoor localization systems [52]. Based on such requirements,

the localization task can be solved by means of a variety of technologies based on

inertial, optical, acoustic, and magnetic properties [16]. Moreover, different wireless

technologies can be used to identify targets positions. Among them, Infrared Radi-

ation (IR) localization systems are very common, since IR technology is available
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in various devices, such as televisions, printers, and mobile phones. Moreover, IR

devices are usually small and lightweight. However, IR-based localization systems

have some limitations since they suffer from interference from fluorescent light and

sunlight and they need Line-of-Sight (LoS) communication between transmitters and

receivers. Moreover, the coverage range per infrastructure device is limited [20].

Radio Frequency (RF) technologies are commonly used in localization systems.

For instance, Bluetooth-based localization systems can beconsidered [62]. The bene-

fit of using Bluetooth for exchanging information between devices is that this technol-

ogy guarantees a high security with low cost, low power, and small device size. Each

Bluetooth tag has a unique identifier, which can be used for locating the Bluetooth

tag. The accuracy of a Bluetooth-based localization systemis typically between 2 m

and 3 m, which may not be sufficient for some applications [20]. Another drawback

of using Bluetooth technology for localization purposes isthat a device discovery

procedure needs to be run for each location update. This is the reason why Bluetooth

devices have a latency unsuitable for real-time applications [27].

WiFi-based localization systems are commonly used, as theytypically have a

low cost, owing to the availability of a large number of WiFi devices in the majority

of indoor environments [28]. Moreover, LoS between transmitter and receiver is not

required in WiFi-based localization systems. Despite these good properties, WiFi-

based localization systems also have some weaknesses. As a matter of fact, they can

interfere with other devices operating on the same carrier,namely 2.4 GHz. More-

over, the accuracy of the final position estimates is typically greater than 1 m and

it can considerably increase because of signal attenuationdue to Non-Line-of-Sight

(NLoS) and multipath, caused by walls and obstacles [20]. Such phenomena are the

major sources of errors in indoor environments and a good localization system should

be able to handle them.

To overcome the problems of the aforementioned technologies, Ultra Wide Band

(UWB) technology is a good candidate for indoor localization systems, as it can theo-

retically reduce the impact of these sources of errors [35].Localization systems based

on UWB signaling offer various advantages, in terms of accuracy and scalability, over

other localization technologies, as discussed in next section.
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1.2 Ultra-Wide Band Technology

The acronym UWB was coined by the US Department of Defense in the late 1980s,

and it became popular after the Federal Communications Commission (FCC) allowed

the unlicensed use of UWB devices in February 2002 subject toemission constraints

[57]. A UWB signal is characterized by very large bandwidth with respect to the

conventional, also known as narrowband, systems. According to the FCC [57]:

• UWB signals with carrier frequencyfc higher than 2.5 GHz must have an

absolute bandwidth larger than 500 MHz;

• UWB signals with fc lower than 2.5 GHz must have a fractional bandwidth

larger than 0.2.

The absolute bandwidth of a signal is calculated as the difference between the upper

frequency fH and the lower frequencyfL of the−10 dB emission points, namely

B = fH − fL; the fractional bandwidth is defined asBfrac = B/ fc [18].

In 2004, the IEEE established standardization group IEEE 802.15.4a aimed at

defining a new physical layer for the already existing IEEE 802.15.4 standard for

Wireless Personal Area Networks (WPANs). The new IEEE 802.15.4a standard, re-

leased in 2007, provides a physical layer for short-range low data rate communica-

tions and for high-precision ranging with low-power and low-cost devices, suitable

for many applications [6].

According to the IEEE 802.15.4a standard, a UWB device can transmit in one or

more of the following bands

• 250-750 MHz (sub-GHz)

• 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 they represent a promising

technology in many fields and some UWB localization devices are already avail-

able, produced by companies such as Decawave (www.decawave.com), Ubisense

(www.ubisense.net), and Time Domain (www.timedomain.com).

One of the good properties which makes the UWB technology attractive in the

context of WSNs is the low-power consumption which charachterizes UWB devices.

As a matter of fact, since UWB signals occupy a very large portion in the spectrum

and, at the same time, they need to coexist with other wireless technologies, it is

necessary to impose low-power transmission for UWB systemsin order to avoid

interference problems with other devices operating in the same frequency spectrum.

More precisely, the power spectral density must not exceed−41.3 dBm/MHz over

the frequency band from 3.1 GHz to 10.6 GHz and must be even lower outside this

band, depending on the specific application [18].

Due to their very large bandwidth, UWB systems transmit veryshort duration

pulses, usually on the order of nanoseconds, with a low duty cycle. In other words,

the ratio between the pulse duration and the average time between two consecutive

pulses is usually kept small, leading to low energy consumption.

One of the most promising aspects of UWB signals is their potential for high-

precision localization. As a matter of fact, short time duration pulses guarantee ac-

curate Time of Flight (ToF) estimation of signals travelling between nodes. This im-

plies that the distance between a transmitter and a receivercan be accurately deter-

mined, yielding high localization accuracy. At the opposite, pulses received via mul-

tiple paths in narrow band systems can easily overlap, causing wrong ToF estimates,

hence wrong range estimates [72].

Furthermore, UWB signals are characterized by the capability of penetrating

through obstacles, due to the large frequency spectrum thatcharacterizes them, which

includes both low- and high-frequency components [21]. Finally, it is worth observ-

ing that a UWB system can be implemented in baseband and this easies the design of

transmitters and receivers, hence reducing the cost of the system [57].

Such unique aspects make the UWB technology a good candidatefor accurate,

low-cost, and low-power localization systems.
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1.3 Localization Techniques

Many localization algorithms for WSNs have been proposed toprovide per-node

location information. With regard to the mechanisms used for location estimation,

WSN localization approaches can be divided into two main categories: range-free

and range-based [22]. Range-free approaches do not requirethe availability of range

estimates between nodes. These techniques can be further divided into local tech-

niques, such as the centroid algorithm [4] or the Approximate Point In Triangulation

(APIT) algorithm [22], and hop-counting techniques, such as the Distance Vector

Hop algorithm [51]. At the opposite, range-based approaches rely on the knowledge

of inter-node ranges or angles.

Range-based localization techniques can be classified intoactive and passive

[35]. In active techniques, all nodes are equipped with smart sensors which send in-

formation to a central localization system. Passive localization, instead, relies on the

fact that wireless communications strongly depend on the surrounding environment.

The scattering caused by small targets during signal propagation and the variance of

measured signals can be used to detect and locate static targets or to track a moving

targets [12].

In this dissertation, we focus on range-based algorithms with active tags. More

precisely, we consider two-step localization techniques,where the first step consists

in the estimation of signal parameters, such as the ToF, the Angle of Arrival (AoA),

or the Received Signal Strength (RSS). The position of a target is then estimated in

the second step, which relies on proper processing of the signal parameters estimated

in the first step [46].

Range-estimation techniques based on AoA rely on the measurements of angles

between nodes, which are usually taken by means of antenna arrays. However, the

installation cost of antenna arrays can be high, thus reducing the advantage of low-

cost UWB transceivers. Moreover, the number of paths of UWB signals may be very

large, making accurate angle estimation very challenging,especially in indoor envi-

ronments where the presence of many objects can cause relevant scattering [19]. For

these reasons, the AoA approach is not suitable for UWB localization systems.
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In the presence of a relation between the received power of a signal travelling

between two nodes and their distance (as is the case for LoS transmissions), the latter

can be estimated from the RSS measurement at the receiver node assuming that the

transmitted signal power is known. The path loss during propagation is characterized

by the following Friis formula (in the logarithmic domain) [18]

P̄(d) = P0−10β log10
d
d0

(1.1)

where:P0 is the (known) power at the reference distanced0; β is the path loss ex-

ponent; andP̄(d) is the average received power at the distanced. From (1.1), it can

be observed that the knowledge of the path loss exponent is crucial to correctly esti-

mate the distanced, given the average received power. Moreover, wireless channels

are affected by shadowing effects which cause signal power variations. Therefore,

channel knowledge is a strong requirement to accurately estimate the distance, but its

estimate in realistic (indoor) environments is a great challenge as well.

Time-based localization techniques rely on measurements of the ToF of signals

travelling between nodes. If two synchronized nodes communicate, the node receiv-

ing the signal can determine the Time of Arrival (ToA) of the incoming signal from

the timestamp of the sending node. If the nodes are not synchronized, Time Differ-

ence of Arrival (TDoA) techniques can be used. They are basedon the estimation of

the difference between the arrival times of signals traveling between pairs of nodes.

The use of a time-based localization algorithm allows taking advantage of the features

of UWB signals. As a matter of fact, it is known that, when using a time domain-

based approach, the accuracy of the position estimate can beimproved by increasing

the effective bandwidth of the signal [50].

Given the range-difference measurements, various localization techniques have

been proposed in the literature. Iterative techniques—such as Taylor series expansion

[17], Gauss-Newton, steepest descent, Levenberg-Marquardt algorithm [36], graph-

based methods [73], and methods based on metaheuristics [38]—require an accurate

initial position estimate (which is often not available) and are computationally ex-

pensive. Therefore, various closed-form solutions have been proposed in the litera-

ture [60]. Among them, this dissertation mainly focuses on:two techniques based
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on a Two-Stage Maximum-Likelihood (TSML) approach, namelythe TSML-ToA

[23] and the TSML-TDoA methods [8], and the Plane Intersection (PI) method [59].

These algorithms have been implemented to obtain simulation and experimental re-

sults presented later in this dissertation. As these methods have been the starting point

from the existing literature, in the remainder of this section we summarize them.

1.3.1 Localization Scenario and Notation

Let us consider a three-dimensional environment—of course, similar considerations

can be made in a two-dimensional space. We assume to know the positions ofM

nodes, denoted as Anchor Nodes (ANs), and we denote them as follows

si = [xi ,yi ,zi ]
T i ∈ {1, . . . ,M}. (1.2)

We then assume to have a given number of Target Nodes (TNs), either static or mov-

ing, with unknown positions. Our goal is to estimate their positions, given the known

coordinates of the ANs. Let us denote asu = [x,y,z]T the true (unknown) position of

a generic TN and as ˆu = [x̂, ŷ, ẑ]T its estimated position. It is worth noting that, in

this dissertation, the notation̂[⋆] denotes the estimated value of[⋆].

The true and the estimated distances between thei−th AN and the considered TN

can be expressed as

r i , ||u−si||=
√

(u−si)
T(u−si) i ∈ {1, . . . ,M}

r̂ i , ||û−si||=
√

(û−si)
T(û−si) i ∈ {1, . . . ,M}.

(1.3)

In the following, we assume that the errors which affect the range measurements

{r̂ i}Mi=1 can be modeled as independent additive random variables{νi}Mi=1, namely

r̂ i = r i + νi i ∈ {1, . . . ,M}. (1.4)

Let us define asν the vector whosei−th element isνi and let us denote asQ its

covariance matrix.

We also denote asai the Euclidean norm of the coordinate vector of thei−th AN,

namely

ai , ||si||=
√

x2
i +y2

i +z2
i i ∈ {1, . . . ,M}. (1.5)
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The estimated distances between the ANs and the TN lead to thefollowing system

of equations














(x̂−x1)
2 +(ŷ−y1)

2 +(ẑ−z1)
2 = r̂2

1

. . .

(x̂−xM)2 +(ŷ−yM)2 +(ẑ−zM)2 = r̂2
M.

(1.6)

The system (1.6) is a quadratic system ofM equations in the three unknowns ˆx, ŷ,

and ẑ. Among the variety of approaches which can be used to solve system (1.6) in

the following we describe three algorithms which are well known from the literature,

namely:(i) the TSML-ToA method [60];(ii) the TSML-TDoA method [8]; and(iii)

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 based on Maximum-Likelihood

(ML) technique can be considered. This method has been proposed in [60] and we

refer to it as TSML-ToA. The first stage relies, preliminarly, on introducing the new

variable

n̂ , ||û||2 = x̂2 + ŷ2 + ẑ2 (1.7)

so that system (1.6) can be rewritten, in matrix notation, as

G
1

ω̂1 = ĥ1 (1.8)

where

G
1
=−2











x1 y1 z1 −0.5
...

...
...

...

xM yM zM −0.5











ω̂1 =















x̂

ŷ

ẑ

n̂















ĥ1 =











r̂2
1−a2

1

...

r̂2
M−a2

M











.

(1.9)
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While (1.8) might look like a linear system, it is not, since the fourth element

of the solution vector̂ω1 depends on the first three according to (1.7). The solution

ω̂1 of the system (1.8) can be determined through an ML approach.In particular, as

suggested in [60], let us define the error vector

ψ
1
, ĥ1−G

1
ω1. (1.10)

Given a positive definite matrixW
1
, the weighted Least Square (LS) solution of (1.8)

that minimizesψT
1
W

1
ψ

1
is

ω̂1 = (GT
1

W
1
G

1
)−1GT

1
W

1
ĥ1. (1.11)

The simplest choice of the weighting matrixW
1

is the identity matrix. In [60] it is

shown that the choice ofW
1

which minimizes the variance of̂ω1 is

W
1
, Cov[ψ

1
]−1 = (4BQB)−1 (1.12)

whereQ is the covariance matrix of the ToA range measurements{r i}Mi=1, B is a

diagonal matrix whose elements are{r i}Mi=1, and the last equality follows from the

fact that, from (1.4) and (1.9),ψ
1

can be written as

ψ
1
= ĥ1−h1 = 2Bν + ν⊙ν ≃ 2Bν (1.13)

where⊙ denotes the entrywise product and the last approximation isobtained ne-

glecting second order perturbations. With this choice of the weighting matrix one

obtains that Cov[ω̂1] = (GT
1

W
1
G

1
)−1.

The second stage of the algorithm is meant to take into account the dependence

of n̂ on the other unknowns of (1.8) and it involves the solution ofthe system

G
2

ω̂2 = ĥ2 (1.14)

where

G
2
=















1 0 0

0 1 0

0 0 1

1 1 1















ω̂2 =













x̂2

ŷ2

ẑ2













ĥ2 =















[ω̂1]
2
1

[ω̂1]
2
2

[ω̂1]
2
3

[ω̂1]4















(1.15)
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and[ω̂1] j denotes thej−th component of̂ω1. The linear system (1.14) can be solved,

once again, through the ML technique. Defining the error vector

ψ
2
, ĥ2−G

2
ω2 (1.16)

the weighted LS solution of (1.14) that minimizes the weighted norm ofψ
2

with a

positive definite matrixW
2

is

ω̂2 = (GT
2

W
2
G

2
)−1GT

2
W

2
ĥ2. (1.17)

As considered to solve (1.8), the simplest choice of the weighting matrixW
2

is the

identity matrix. In [60], it is shown that the choice ofW
2

which minimizes the vari-

ance ofω̂2 is

W
2
, Cov[ψ

2
]−1 = (4B

2
Cov[ω̂1]B2

)−1 (1.18)

whereB
2
= diag(x,y,z,0.5). Finally, the position estimate can be expressed as

û = U
[

√

[ω̂2]1,
√

[ω̂2]2,
√

[ω̂2]3

]T
(1.19)

whereU = diag(sign(ω̂1)) [60].

1.3.3 Two-Stage Maximum-Likelihood Time Difference of Arrival

We preliminarily remark that, using a TDoA approach, it is known that the TSML

method can reach the Cramer-Rao Lower Bound (CRLB), which isa generic lower

bound for the variance of an estimator [24]. We refer to this algorithm as TSML-

TDoA. In order to keep the notation tractable, let us define

x1 j , x j −x1 y1 j , y j −y1 z1 j , zj −z1 ∀ j ∈ {2, . . . ,M}. (1.20)

Similarly, let us denote the differences between thej−th and first range measure-

ments, and their estimates, as

∆1 j , r j − r1 ∆̂1 j , r̂ j − r̂1 ∀ j ∈ {2, . . . ,M}. (1.21)

From (1.4) one can then write

∆̂1 j = ∆1 j + ν j −ν1 ∀ j ∈ {2, . . . ,M}. (1.22)
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Let us define

ν1 , [ν2−ν1, . . . ,νM−ν1]
T (1.23)

and let us denote asQ its covariance matrix. Taking the difference between thej−th

and the first equations of (1.6), one obtains a system ofM−1 equations in the three

unknowns ˆx, ŷ, andẑ. The derivation of the solution begins by defining an auxiliary

vector

φ̂
1
, [x̂, ŷ, ẑ, r̂1]

T . (1.24)

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

can be derived [24]

Ĝ
1

φ̂
1
= ĥ1 (1.25)

where

Ĝ
1
=−2











x12 y12 z12 ∆̂12

...
...

...
...

x1M y1M z1M ∆̂1M











φ̂
1
=















x̂

ŷ

ẑ

r̂1















ĥ1 =











a2
1−a2

2+ ∆̂2
12

...

a2
1−a2

M + ∆̂2
1M











.

(1.26)

Observe that the system of equations (1.25) is non-linear because, according to (1.3),

the fourth element of the solution vector depends on the firstthree ones. As in Sub-

section 1.3.2, the system (1.25) can be solved in two steps. Ignoring the dependence

of r̂1 on x̂, ŷ, andẑ, the system (1.25) can be solved as if it were a linear one, by using

the ML technique. In particular, defining the error vector

ψ
1
, ĥ1− Ĝ

1
φ

1
(1.27)

the weighted LS solution of (1.25) that minimizes the weighted norm ofψ
1

is

φ̂
1
= (Ĝ

T

1
W

1
Ĝ

1
)−1Ĝ

T

1
W

1
ĥ1 (1.28)
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whereW
1

is a positive definite matrix. The simplest choice of the weighting matrix

W
1

is the identity matrix. In [24], it is shown that the choice ofW
1

which minimizes

the variance of̂φ
1

is

W
1
, Cov[ψ

1
]−1 (1.29)

Observe that, from (1.27), using (1.22),ψ
1

can be written as

ψ
1
= ĥ1−h1 +2r1ν1 (1.30)

and inserting (1.26) into (1.30) one obtains

ψ
1
= 2Bν1 + ν1⊙ν1≃ 2Bν1 (1.31)

whereB is a(M−1)× (M−1) diagonal matrix whose elements are{r i}Mi=2 and the

last approximation is obtained neglecting second order perturbations. Hence, it can

be concluded that

W
1
= (4BQB)−1 (1.32)

whereQ is the covariance matrix of the TDoA distance measurements.With this

choice of the weighting matrix one obtains that Cov[φ̂
1
] = (Ĝ

T

1
W

1
Ĝ

1
)−1.

Given the solutionφ̂
1
, the second step is meant to take into account that the

elements of the solution vector are not independent, ratherthey are related to each

other according to

[φ̂
1
]24 = ([φ̂

1
]1−x1)

2 +([φ̂
1
]2−y1)

2 +([φ̂
1
]3−z1)

2. (1.33)

In order to take this dependence into account and to improve the TN position estimate

accuracy, the following system of equations can be derived

G
2

φ̂
2
= ĥ2 (1.34)

whereG
2

is the same as in (1.15) and

φ̂
2
=













(x̂−x1)
2

(ŷ−y1)
2

(ẑ−z1)
2













ĥ2 =















([φ̂
1
]
1
−x1)

2

([φ̂
1
]
2
−y1)

2

([φ̂
1
]
3
−z1)

2

[φ̂
1
]
2

4















. (1.35)
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Defining the error vector

ψ
2
, ĥ2−G

2
φ

2
(1.36)

the weighted LS solution of (1.34) that minimizes the weighted norm ofψ
2

with a

positive definite matrixW
2

is

φ̂
2
= (GT

2
W−1

2
G

2
)−1GT

2
W−1

2
ĥ2. (1.37)

The choice ofW
2

which minimizes the variance of̂ω2 is

W
2
, Cov[ψ

2
]−1 = (4B

2
Cov[φ̂

1
]B

2
)−1 (1.38)

whereB
2

= diag(x− x1,y− y1,z− z1, r1) [23]. Finally, the solutionφ̂
2

is used to

obtain the following position estimate of the target

û = U
[
√

[φ̂
2
]1,
√

[φ̂
2
]2,
√

[φ̂
2
]3

]T
+s1

whereU = diag[sgn(φ̂
1
−s1)].

1.3.4 Plane Intersection

With the PI method [59], each triple of ANs yields a plane on which the TN lies and

the position estimate is obtained by intersecting such planes, with equations depend-

ing on the reference ANs. More precisely, three triples of ANs yield three planes, the

intersection of which is a single point which coincides withthe TN position. Then, if

M ≥ 5, considering, for instance, theM−2 triples of ANs given by {(s1, s2, sj )}
M
j=3,

using the notation defined in (1.20) and (1.21), theM−2 planes are given by [59]

P
(1,2, j) =

{

(x,y,z) ∈ R
3 : (x1 j ∆̂12−x12∆̂1 j)x+(y1 j ∆̂12−y12∆̂1 j)y

+(z1 j ∆̂12−z12∆̂1 j)z

=−1
2

∆̂12∆̂1 j(∆̂1 j − ∆̂12)+
1
2
(a2

1−a2
2)∆̂1 j

− 1
2
(a2

1−a2
j )∆̂12

}

j ∈ {3, . . . ,M}.

(1.39)
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It can thus be concluded that the solution vector ˆu , [x̂, ŷ, ẑ]T of the estimated

coordinates of the TN has to satisfy the following system of equations

Âû = b̂ (1.40)

where

Â =











x13∆̂12−x12∆̂13 y13∆̂12−y12∆̂13 z13∆̂12−z12∆̂13

...
...

...

x12∆̂1M−x1M∆̂12 y12∆̂1M−y1M∆̂12 z12∆̂1M−z1M∆̂12











(1.41)

and

b̂ =
1
2











∆̂12∆̂13(∆̂12− ∆̂13)+ (a2
1−a2

2)∆̂13− (a2
1−a2

3)∆̂12

...

∆̂12∆̂1M(∆̂12− ∆̂1M)+ (a2
1−a2

2)∆̂1M− (a2
1−a2

M)∆̂12











. (1.42)

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

û = (ATA)−1ATb. (1.43)

In Chapter 2, a variant of the PI method will be described for amore 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 TN moving along a corri-

dor in a (large) indoor environment by means of UWB signalingfrom fixed ANs

and we focus on optimal ANs positioning. The problem of optimal sensor placement

for effective distributed processing has been studied in the literature in various con-

texts [3, 33]. The aim of this chapter is to derive an analytical approach to optimized

ANs placement, according to the criterion of minimizing, under proper realistic con-

straints, the Root Mean Square Error (RMSE) between the position estimate and the

true position of the TN.
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We consider a three-dimensional scenario where the TN moveson the floor along

a corridor and the ANs are positioned uniformly on both sidesof the corridor at

the same height [44, 48]. Such a scenario can be found, for instance, in industrial

environment where shelves create corridors in which peopleand vehicles move and

where the ANs can be placed on the ceiling, at the top of shelves.

The PI algorithm is chosen because it allows deriving a closed-form expression

for the inter-AN distance in the considered scenario. Usingfour ANs it is possible

to estimate the TN position by intersecting the major axes oftwo three-dimensional

conics associated with two subsets of three ANs.

Under the assumption of a fixed variance of the range estimation error, we derive

here a simple closed-form expression for the optimal inter-AN distance in terms of the

corridor width and the height of the ANs. Simulation resultsconfirm the effectiveness

of the proposed analytical approach to optimized ANs placement. It is shown that the

proposed approach allows the MSE of the TN position estimates to reach the CRLB.

2.2 Localization Using Four ANs: General Framework

In the remainder of this chapter, it is assumed that the TN moves on the floor e.g., of

a warehouse. Without loss of generality, let this plane be given by

P0 , {(x,y,z) ∈R
3 : z= 0}. (2.1)

According to [59], the minimum number of ANs needed by the PI method to

estimate the TN position in a three-dimensional scenario isfive. However, in the

considered scenario, one of the coordinates of the TN is known (z = 0) so this

number reduces to four. Suppose that the position estimate of the TN is obtained by

using the four closest ANs which are in LoS with the TN. Using the same notation

introduced in (1.2), the ANs coordinates are denoted as

si = [xi ,yi ,zi ]
T i ∈ {1,2,3,4}.

As soon as the TN receives signals from the four ANs, it can localize itself by ei-

ther processing the received signals on board or by sending the data to a server which
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estimates the position. Letu = [x,y,0]T and û = [x̂, ŷ,0]T be the true and estimated

coordinates of the TN, respectively. Then, the true distances{r i}4i=1 and the estimated

distances{r̂ i}4i=1 between the TN and the considered ANs can be written as in (1.3).

According to [24], the ToA measurements can be described by an additive noise

model, so that the estimated distances{r̂ i}4i=1 can be expressed as

r̂ i = r i + νi i ∈ {1,2,3,4} (2.2)

where{νi}4i=1 are the distance errors. In [5], it is shown that, with UWB signaling,

the range error can be written as follows

νi = εi + β i ∈ {1,2,3,4} (2.3)

whereεi ∼N (0,σ2
i ); εi is independent ofε j for i 6= j; andβ is the synchronization

bias (the same for all the ANs). One can thus write

ε ∼N (0,diag(σ2
1 ,σ2

2 ,σ2
3 ,σ2

4)) (2.4)

whereε , [ε1,ε2,ε3,ε4]
T .

As in (1.21), let us denote as{∆1 j}4j=2 and{∆̂1 j}4j=2 the true and the estimated

range-differences between the first and thej−th AN, respectively. All other possibile

range-differences can then be expressed in terms of{∆1 j}4j=2 and{∆̂1 j}4j=2. Inserting

(2.2) into the definitions of{∆1 j}4j=2 and{∆̂1 j}4j=2 leads to

∆̂1 j = ∆1 j + ε1 j j ∈ {2,3,4} (2.5)

whereε1 j , ε j − ε1 is the error in the estimated range-difference between the first

and thej−th AN. From (2.4), it follows that

E[ε1 j ] = E[ε j ]−E[ε1] = 0 j ∈ {2,3,4}
E[ε1 jε1k] = E[ε jεk]+E[ε2

1] = σ2
j δ jk + σ2

1 j,k∈ {2,3,4}

whereδ jk is the Kronecker symbol andE is the expectation operator. By defining

ε1 , [ε12,ε13,ε14]
T (2.6)
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it can be concluded thatε1∼N (0,Q), where

Q =











σ2
1 + σ2

2 σ2
1 σ2

1

σ2
1 σ2

1 + σ2
3 σ2

1

σ2
1 σ2

1 σ2
1 + σ2

4











. (2.7)

With the PI method [59], the position estimate is obtained byintersecting planes

with equations depending on the reference ANs. More precisely, two triples of ANs

yield two planes, the intersection of which is a line where the TN lies.

Once the equation of such a line is known, it is sufficient to intersect it with

the planeP0 defined in (2.1) in order to obtain the estimated position of the TN.

Considering, for instance, the two triples of ANs given by {s1, s2, s3} and {s1, s2, s4},

and assuming the notation defined in (1.5) and (1.20), the twoplanes are given by [59]

P
(1,2, j) =

{

(x,y,z) ∈ R
3 : (x1 j ∆̂12−x12∆̂1 j)x+(y1 j ∆̂12−y12∆̂1 j)y

+(z1 j ∆̂12−z12∆̂1 j)z

=−1
2

∆̂12∆̂1 j(∆̂1 j − ∆̂12)+
1
2
(a2

1−a2
2)∆̂1 j

− 1
2
(a2

1−a2
j )∆̂12

}

j ∈ {3,4}.

Since it is assumed that the TN moves on the planeP0 defined in(2.1), it can

thus be concluded that the vector ˆu[1,2] , [x̂, ŷ]Tof the estimatedx andy coordinates

of the TN has to satisfy the following system of equations

Âû[1,2] = b̂ (2.8)

where

Â =





x13∆̂12−x12∆̂13 y13∆̂12−y12∆̂13

x14∆̂12−x12∆̂14 y14∆̂12−y12∆̂14



 (2.9)

and

b̂ =
1
2





∆̂12∆̂13(∆̂12− ∆̂13)+ (a2
1−a2

2)∆̂13− (a2
1−a2

3)∆̂12

∆̂12∆̂14(∆̂12− ∆̂14)+ (a2
1−a2

2)∆̂14− (a2
1−a2

4)∆̂12



 . (2.10)
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Similarly, the actual coordinatesu[1,2] , [x,y]T of the TN onP0 satisfy the fol-

lowing system of equations

Au[1,2] = b (2.11)

whereA andb are obtained by substituting the estimated range-differences{∆̂1 j}4j=2

with the true ones{∆1 j}4j=2 in Â andb̂.

From (2.5), one can write

Â = A+E b̂ = b+eb (2.12)

where

E ,





x13ε12−x12ε13 y13ε12−y12ε13

x14ε12−x12ε14 y14ε12−y12ε14



 (2.13)

and

[eb]i ,
1
2

ε1i+2[∆12
2−2∆12∆1i+2 +a2

1−a2
2]

− 1
2

ε12[∆1i+2
2−2∆12∆1i+2 +a2

1−a2
i+2]

+
1
2

ε12ε1i+2[2∆12−2∆1i+2]+ ε2
12∆1i+2

+ ε2
1i+2∆12+ ε12ε1i+2(ε12− ε1i+2) i ∈ {1,2}.

(2.14)

Assuming that the components of vectorε1 defined in(2.6) are small (which

is realistic with UWB signaling), a good approximation ofeb can be obtained by

omitting non-linear perturbations in (2.14). Therefore, it can be stated that

b̂≃ b+ εb (2.15)

where thei−th component ofεb is

[εb]i =
1
2

(

ε1i+2[∆2
12−2∆12∆1i+2 +a2

1−a2
2]

− ε12[∆2
1i+2−2∆12∆1i+2 +a2

1−a2
i+2]

)

.

(2.16)

Define the auxiliary vector

ψ , b̂− Âu[1,2] = Âe (2.17)
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wheree, û[1,2]−u[1,2] is the difference between the true position of the TN onP0

and its estimated position, i.e.,e is the position estimation error. Using (2.12) and

(2.15), (2.17) can be written as

ψ ≃ b+ εb− (A+E)u[1,2] = εb−Eu[1,2] (2.18)

where the last equality follows from (2.11). Substituting (2.13) and (2.16) into (2.18),

the i−th component of the vectorψ can be approximated as

ψi ≃
1
2

[

ε1i+2
(

∆2
12−2∆12∆1i+2

)

− ε12
(

∆2
1i+2−2∆12∆1i+2

)]

+
1
2

ε1i+2
(

a2
1−a2

2−2x21x−2y21y
)

− 1
2

ε12
(

a2
1−a2

i+2−2xi+21x−2yi+21y
)

=
1
2

[

ε1i+2
(

∆2
12−2∆12∆1i+2

)

− ε12
(

∆2
1i+2−2∆12∆1i+2

)]

+
1
2

ε1i+2
(

r2
1− r2

2

)

− 1
2

ε12
(

r2
1− r2

i+2

)

i ∈ {1,2}.

After substituting (1.21) into the previous equation and some manipulations, one

obtains the following approximate expressions for the elements of vectorψ

ψ1≃ ε13r3(r1− r2)− ε12r2 (r1− r3)

ψ2≃ ε14r4(r1− r2)− ε12r2 (r1− r4).

Using (1.21) and (2.6), the above equations can be written asψ ≃ Rε1, where

R,





r2∆13 −r3∆12 0

r2∆14 0 −r4∆12



 . (2.19)

SinceE[ε1] = 0, it follows thatE[ψ ] = 0 and the covariance matrix ofψ is

Ψ , E[ψ ψT ]≃ RE[ε1εT
1 ]RT = RQRT

whereQ is defined in (2.7).

From (2.17), assuming that detÂ 6= 0, the errorecan be written as

e= Â
−1ψ ≃ (A+E)−1 Rε1.
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Neglecting, once again, non-linear perturbations, the error e can be approximated as

follows

e≃ A−1 Rε1. (2.20)

Therefore, by defining

B , A−1

T , BR
(2.21)

one can finally conclude thate∼N (0,C), where

C = Cov[e]≃ E[T ε1εT
1 TT ] = T QTT . (2.22)

The trace ofC is the Mean Square Error (MSE) of the position estimation andit

can be expressed, as a function ofT andQ, as follows

Tr(C)≃ σ2
1Tr(T 1

3
TT)+Tr(Tdiag([σ2

2 ,σ2
3 ,σ2

4 ])TT) (2.23)

where 1
3

is a 3× 3 matrix with all elements equal to 1. Simple matrix calculation

leads to the following approximation

Tr(C)≃ σ2
1

[

(T11+T12+T13)
2 +(T21+T22+T23)

2
]

+ σ2
2(T2

11+T2
21)+ σ2

3(T2
12+T2

22)+ σ2
4(T2

13+T2
23).

(2.24)

The analytical expression ofTr(C) obtained in (2.24) shows thatTr(C) depends

on the coordinates of the ANs and on the distances between each AN and the TN.

In Section 2.3,Tr(C) is explicitly calculated, under realistic assumptions, ina

specific scenario where the TN follows a straight path in the middle of a corridor,

and optimized placement of ANs is performed by the analytical minimization of the

Tr(C). Moreover, Section 2.4 shows that the proposed optimized placement strategy

provides accurate and satisfactory position estimates even if the TN follows a straight

path not in the middle of the corridor or even a non-straight path.
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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 middle of a corridor of width

ω , as shown in Figure 2.1, so that its position at timet can be expressed as

u(t) =
[

x(t),
ω
2

,0
]T

.

We assume that the ANs are alternately positioned on the two sides of the corridor

and that they are regularly spaced—this is realistic from aninstallation perspective,

for large indoor scenarios. In particular, as shown in Figure 2.1, we denote as 2δ the

distance between two consecutive ANs on the same side of the corridor along the

x−axis (so thatδ is the difference along thex−axis between two consecutive ANs

on opposite sides of the corridor).

Finally, we also assume that all the ANs are placed at the sameheight ζ ≥ 0,

i.e. on the same plane (such as the ceiling of the building) parallel to P0 (on which

the TN moves), given byPζ , {(x,y,z) ∈ R
3 : z = ζ}. It can be shown that,

without knowing that the TN moves on a specific plane, the assumption of all ANs

located on the same plane would not lead to a unique solution for the TN location

problem. The above assumptions, which may appear very stringent, are realistic in

several industrial scenarios where shelving units identify straight corridors, along

which TNs (e.g., automated guided vehicles) move.

As the TN moves along its trajectory, it dynamically selectsthe four closest ANs

in LoS to estimate its position, and thus, the framework outlined in Section 2.2 can

be applied. Except for an initial transitory (when 0≤ x(t)≤ δ ) and for the end of the

corridor, the considered AN configuration along the corridor is periodic. We remark

that the estimation strategy does not change at the beginning and at the end of the

corridor, as the four nearest ANs are used. The only difference consists in a different

configuration on the ANs with respect to the TN. Therefore, without loss of generality

we restrict our attention to the intervalδ ≤ x(t) ≤ 2δ , for which the coordinates of

the four nearest ANs are given by

s1 = [0,0,ζ ]T s2 = [δ ,ω ,ζ ]T s3 = [2δ ,0,ζ ]T s4 = [3δ ,ω ,ζ ]T .
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Figure 2.1: A corridor in a general scenario where the TN, represented by the black

rectangle, moves. The solid black lines on the floor represent the projections of walls

onP0, thus indicating the width of the corridor. The four nearestANs (black squares)

and their distances{r i}4i=1 (dash-dotted blue lines) from the TN are also indicated.

If ζ = 0, then all the ANs are located on the same plane where the TN lies, and

this scenario reduces to the one considered in [40].

Given the widthω of the corridor and the heightζ of the ANs, our goal is to com-

puteTr(C) and to find the distanceδ ∗ that minimizes it. To determine an expression

for C, explicit expressions of the distances between the TN and the ANs are needed.

Denoting the position of the TN at a given instant as[x̄,ω/2,0]T , one can write

r2
1 = x̄2 +

(ω
2

)2
+ ζ 2 r2

2 = (δ − x̄)2 +
(ω

2

)2
+ ζ 2

r2
3 = (2δ − x̄)2 +

(ω
2

)2
+ ζ 2 r2

4 = (3δ − x̄)2 +
(ω

2

)2
+ ζ 2.

(2.25)

Defining

η2 , 4

[

(ω
2

)2
+ ζ 2

]

(2.26)
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and substituting (2.26) into (2.25) gives

r1 =
η
2

√

1+

(

2x̄
η

)2

r2 =
η
2

√

1+

(

2(δ − x̄)
η

)2

r3 =
η
2

√

1+

(

2(2δ − x̄)
η

)2

r4 =
η
2

√

1+

(

2(3δ − x̄)
η

)2

.

(2.27)

If η > 4δ , then (sinceδ ≤ x̄≤ 2δ ) the second-order Taylor series expansion

√

1+ χ2 = 1 + χ2/2 + o(χ3)

can be effectively applied to (2.27), which gives

r1≃
η
2

+
x̄2

η
r2≃

η
2

+
(δ − x̄)2

η

r3≃
η
2

+
(2δ − x̄)2

η
r4≃

η
2

+
(3δ − x̄)2

η
.

(2.28)

Note that the approximate expressions (2.28) are more accurate for largerη (i.e.,

larger ω and/orζ ) which corresponds to large indoor scenarios, one of our basic

assumptions. According to (2.26), the conditionη > 4δ can be written as

δ <
1
2

√

(ω/2)2 + ζ 2. (2.29)

Therefore, the upper bound forδ increases as the widthω of the corridor or the height

ζ of the ANs increase.

Substituting (2.28) into (1.21) gives

∆12≃
δ (δ −2x̄)

η
∆13≃

4δ (δ − x̄)
η

∆14≃
δ (9δ −6x̄)

η
. (2.30)

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

A≃











−2
δ 3

η
−4

δ (δ − x̄)ω
η

−6
δ 3

η
−4

δ (2δ − x̄)ω
η











(2.31)
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so that its determinant is

detA≃−8ω
δ 4

η2(δ −2x̄).

Sinceδ ≤ x̄≤ 2δ , it can be concluded that detA > 0 and, therefore, the matrixB

and the erroreare well defined.

Before calculating the covariance matrixC of e, an explicit expression ofT (and,

therefore, ofB andR) is needed. From (2.31) it follows that

B≃ 1
δ −2x̄







η
2δ 3 (2δ − x̄) − η

2δ 3(δ − x̄)

− 3η
4δω

η
4δω






. (2.32)

From (2.19), using (2.28) and (2.30), the entries ofR can be approximated as

R11≃ 4δ (δ − x̄)

[

1
2

+
(δ − x̄)2

η2

]

R12≃−δ (δ −2x̄)

[

1
2

+
(2δ − x̄)2

η2

]

R21≃ 3δ (3δ −2x̄)

[

1
2

+
(δ − x̄)2

η2

]

R23≃−δ (δ −2x̄)

[

1
2

+
(3δ − x̄)2

η2

]

.

(2.33)

The entries of matrixT defined in (2.21) can finally be calculated

T11 = B11R11+B12R21≃−
η

2δ 2(δ − x̄)

[

1
2

+
(δ − x̄)2

η2

]

T12 = B11R12≃−
η

2δ 2 (2δ − x̄)

[

1
2

+
(2δ − x̄)2

η2

]

T13 = B12R23≃
η

2δ 2 (δ − x̄)

[

1
2

+
(3δ − x̄)2

η2

]

T21 = B21R11+B22R21≃−
3η
4ω

[

1
2

+
(δ − x̄)2

η2

]

T22 = B21R12≃
3η
4ω

[

1
2

+
(2δ − x̄)2

η2

]

T23 = B22R23≃−
η

4ω

[

1
2

+
(3δ − x̄)2

η2

]

.

(2.34)
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Using the above results, it is now possibile to calculateTr(C). In [5], it is shown

that {σi}4i=1 can be approximately modeled as a linear function of the distance be-

tween thei−th AN and the TN with the following expression, given in meters

σi ≃ 0.01r i +0.08. (2.35)

The numerical values are derived in [5] using Channel Model 3described in [39]

and the energy detection receiver presented in [11], which is composed of a band-

pass filter followed by a square-law device and an integrator, in which the integration

interval is set equal toTs = 1 s. We assume that the same energy detector receiver is

used here.

Since we consider the four ANs nearest to the TN (so that all{r i}4i=1 are similar),

it is expected that the standard deviations{σi}4i=1 of the range estimation errors as-

sociated with the four closest ANs are similar. Under the assumption thatσi ≃ σ ,

(2.7) reduces to

Q≃ σ2











2 1 1

1 2 1

1 1 2











.

Also, (2.24) becomes

Tr(C)≃ σ2[(T11+T12+T13)
2 +(T21+T22+T23)

2

+T2
11+T2

12+T2
13+T2

21+T2
22+T2

23].
(2.36)

From (2.34) one finds that

T11+T12+T13 = B11(R11+R12)+B12(R21+R23)

T21+T22+T23 = B21(R11+R12)+B22(R21+R23).

Substituting (2.32) and (2.33) into the above equations gives

T11+T12+T13≃−
(2δ − x̄)η

2δ 2

[

1
2

+
x̄2

η2

]

T21+T22+T23≃−
η

4ω

[

1
2

+
x̄2

η2

]

.

(2.37)
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Finally substituting (2.34) and (2.37) into (2.36), after some simple algebraic manip-

ulations one obtains

Tr(C)≃ σ2

4ω2η2δ 4

6

∑
i=0

Ci x̄
i (2.38)

where

C0 =
5
2

δ 2η4ω2 +26δ 4η2ω2 +146δ 6ω2 +
5
4

δ 4η4 +
27
2

δ 6η2 +
117
2

δ 8

C1 =−
(

468δ 5ω2 +60δ 3η2ω2 +3δη4ω2 +15δ 5η2 +108δ 7
)

C2 = η4ω2 +56δ 2η2ω2 +606δ 4ω2 +5δ 4η2 +81δ 6

C3 =−
(

24δη2ω2 +408δ 3ω2 +30δ 5
)

C4 = 5δ 4 +158δ 2ω2 +4η2ω2

C5 =−36δω2

C6 = 4ω2.

Observe that the coefficients{Ci}6i=0 depend on the position ¯x of the TN, onδ
and onη (and, hence, on the widthω of the corridor and on the heightζ of the ANs).

Because of the geometry of the considered scenario,Tr(C) is a periodic function

of x̄. Therefore, in order to compute its average value, it is sufficient to evaluate it

over a period, i.e., forδ ≤ x̄≤ 2δ . The average value ofTr(C) over x̄ is given by

µ(δ ) ,
1
δ

∫ 2δ

δ
Tr(C)dx̄. (2.39)

In order to optimize the placement of ANs, our strategy consists in finding the

distanceδ between consecutive ANs that minimizes the average MSEµ(δ ) of the

TN position estimates.

Inserting (2.38) into (2.39) and using the explicit expressions of the coefficients

{Ci}6i=0 in (2.38), the following expression forµ(δ ) can be obtained

µ(δ )≃ σ2

4ω2η2



4δ 4 +

(

76
35

ω2 +
8
3

η2
)

δ 2 +
22
15

η2ω2+
5
4

η4 +
1
3

η4ω2δ−2



.
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In order to minimizeµ(δ ), we set its derivative to zero. Observing that

dµ
dδ
≃ σ2

ω2η2

(

4δ 3 +

(

38
35

ω2 +
4
3

η2
)

δ − 1
6

η4ω2δ−3
)

(2.40)

if we multiply both sides of the equation byδ 3/(4η6) and define

β , δ 2/η2 (2.41)

it can be concluded that

dµ
dδ

= 0 ⇐̃⇒ g(β ) , β 3 +

(

19
70

λ 2 +
1
3

)

β 2− 1
24

λ 2 = 0 (2.42)

whereλ = ω/η and the approximation sign on top of the equivalence is due tothe

fact that the expression on the right hand side of (2.40) is approximated.

The cubic equation on the right hand side of (2.42) can be solved analytically.

More precisely, definingb , 19λ 2/70+1/3, d , −λ 2/24 andΛ , d2/4+b3d/27,

one explicit root of (2.42) is

β1 =
3

√

−b3

27
− d

2
+
√

Λ+
3

√

−b3

27
− d

2
−
√

Λ− b
3
. (2.43)

If Λ > 0, thenβ1 is the only real solution of (2.42) and, therefore, the solution is

β ∗ = β1. If Λ ≤ 0, then all the solutions of (2.42) are real. In this case, onecan

calculate the remaining two solutionsβ2 and β3 of (2.42) as the solutions of the

quadratic equation obtained by dividingg(β ) by β − β1, and then selectβ ∗ from

{β1,β2,β3}. Note that, by definition (2.41),β ∗ has to be positive, and, for the con-

sidered problem, only one of the solutions{βi}3i=1 is positive because the derivative

of g(β ) is β (3β + 2b) which (sinceb > 0) is always positive forβ > 0 and since

g(0) = d < 0, sog(β ) = 0 has only one positive solution. Therefore, we can con-

clude thatβ ∗ = max{β1,β2,β3}.
Finally, from (2.41) the optimal value ofδ (denoted asδ ∗) is given by

δ ∗ =
√

β ∗η =
√

β ∗(ω2 +4ζ 2). (2.44)

As observed in [40], ifζ = 0, i.e., the ANs are located on the same plane where the

TN moves, the optimal valueδ ∗ is approximately half of the width of the corridor

(δ ∗ ≃ ω/2).
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δ ∗ [m]

ω = 2 m ω = 3 m ω = 4 m ω = 5 m

ζ = 0 m 0.95 1.42 1.89 2.37

ζ = 1 m 1.19 1.61 2.04 2.49

ζ = 2 m 1.60 2.00 2.40 2.80

ζ = 3 m 1.96 2.39 2.80 3.19

ζ = 4 m 2.27 2.76 3.19 3.60

ζ = 5 m 2.56 3.10 3.56 3.99

ζ = 6 m 2.81 3.41 3.91 4.36

ζ = 7 m 3.05 3.70 4.24 4.72

ζ = 8 m 3.27 3.97 4.54 5.05

ζ = 9 m 3.48 4.22 4.83 5.38

ζ = 10 m 3.67 4.46 5.11 5.68

Table 2.1: Optimal values ofδ predicted by (2.44) as the heightζ of the ANs varies

between 0 m and 10 m, and the widthω of the corridor varies between 2 m and 5 m.

2.4 Simulation-based Validation

The closed-form expression forδ ∗ (2.44) is now validated by simulations. The local-

ization performance is evaluated in terms of RMSE, which is defined as

RMSE,

√

E[(x̂−x)2]+E[(ŷ−y)2].

Simulation results are obtained by means of a Matlab simulator, based on the one

described in [5], in which the standard IEEE 802.15.4a is implemented using Channel

Model 3 described in [39] and the energy detection receiver proposed in [11]. We

remark that the simulator does not make the simplifying assumption in (2.28) needed

in the formulation of the analytical framework.

Table 2.1 shows the optimal values, predicted by (2.44), of the inter-AN distance,

as the widthω of the corridor varies between 2 m and 5 m, and the heightζ of

the ANs varies between 0 m and 10 m. Observe that the optimal valuesδ ∗ do not

satisfy the condition (2.29) behind the approximate expressions (2.28) for all cases.

More precisely, the condition (2.29) is fulfilled only for small values ofω and large
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Figure 2.2: Optimal inter-AN distanceδ ∗ as functions ofζ : the values obtained us-

ing the closed-form expression (2.44) (solid lines) are compared with those obtained

numerically (dotted lines). Various values ofω are considered.

values ofζ . This is consistent with the assumption of large scenarios,where ANs are

attached to the ceiling, which is assumed high.

We remark that, without the Taylor series approximation (2.28), the values of

δ ∗ can still be evaluated numerically. In Figure 2.2, we compare the optimal val-

uesδ ∗ predicted by (2.44), as a function ofζ , with the values obtained numerically

with no approximation. Various values ofω are considered. It can be observed that,

whenever the Taylor approximation holds (i.e., largeζ and/or smallω), the values of

δ ∗ predicted by (2.44) are very accurate. The largest difference between the closed-

form solution and the numerical solution is approximately 0.4 m whenω = 5 m and

ζ = 0 m, a case which is not consistent with the large scenario assumption.
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Figure 2.3: Considered paths of the TN on thexy-plane.

We now investigate the applicability of the optimal inter-AN distanceδ ∗ pre-

dicted by (2.44) to different paths. The RMSE of the TN position estimates is ob-

tained by averaging the results over 100 realizations. Besides considering the scenario

in Section 2.3 , we also consider other paths, namely: straight paths not in the mid-

dle of the corridor and a non-straight path. More precisely,if the TN moves along a

straight line parallel to the walls of the corridor, its position at timet can be expressed

as[x(t),cω ,0]T , wherec∈ (0,1). The case in which the straight path is exactly in the

middle of the corridor corresponds toc = 0.5.

First, as shown in Figure 2.3, we consider a scenario where a TN moves in a

50 m-long corridor with widthω = 3 m. Four different paths are considered. More

precisely, the solid line corresponds to the case wherec = 0.5 (the TN moves along
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Figure 2.4: For each of the four paths in Figure 2.3, the RMSE of the TN position

estimates is shown as a function of the traveled distance, when: (a.)ζ = 5 m and (b.)

ζ = 8 m. In all cases,ω = 3 m andδ = δ ∗.

the middle line of the corridor); the dash-dotted line corresponds to the case where

c = 0.7 (the TN moves along a straight line 0.6 m away from the middle line); the

dashed line corresponds to the case wherec = 0.9 (the TN moves along a straight

line 1.2 m away from the middle line, i.e., 0.3 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 shown as a function of

the travelled distance, as the TN moves along each of the fourpaths for two different

values of the heightζ of the ANs: (a.) 5 m and (b.) 8 m. From Table 2.1, the optimal

valueδ ∗ is 3.10 m for case (a.) and 3.97 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 RMSE of the TN position

estimates is shown as a function of the traveled distance, when: (a.)ζ = 3 m and (b.)

ζ = 6 m. In all cases,ω = 5 m andδ = δ ∗.

of the optimal valueδ ∗ is effective for all considered three straight paths: the RMSE

curves for the three cases are very close to each other. In thecase of the non-straight

path, the RMSE curve obtained withδ ∗ is similar to those of the straight paths for

ζ = 8 m (b.), while it is higher forζ = 5 m (a.).

In Figure 2.5, the RMSE is shown, as a function of the TN travelled distance,

whenω = 5 m and for two values of the heightζ of the ANs, namely: (a.) 3 m and

(b.) 6 m. The inter-AN distance isδ = δ ∗, namely from Table 2.1,δ = 3.19 m and

δ = 4.36 m. Observe that, sinceω = 5 m, the valuec = 0.7 corresponds to a straight

line 1 m from the middle line, while the valuec = 0.9 corresponds to a straight line
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Figure 2.6: RMSE of TN position estimates when the TN moves along a straight line

in the middle of the corridor whenω = 3 m: (a.)ζ = 5 m and (b.)ζ = 8 m.

2 m from the middle line, thus half a meter from the wall. The considered 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 path which is not

the middle line does not have a significant impact on the RMSE,especially when the

heightζ of the ANs is high. In all cases, the RMSE is higher at the beginning and at

the end of the corridor. This is because, in such situations,the distances 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-optimal AN placement,

i.e. when the actual inter-AN distanceδ is not δ ∗, on the localization performance.

In Figure 2.6, we investigate it whenδ 6= δ ∗ assuming that the TN moves along a
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Figure 2.7: RMSE of TN position estimates when the TN moves along a straight line

in the middle of the corridor whenω = 5 m: (a.)ζ = 3 m and (b.)ζ = 6 m.

straight line in the middle of the corridor, for (a.)ζ = 5 m and (b.)ζ = 8 m. In both

cases, the considered values ofδ are: δ ∗, δ ∗/3, and 3δ ∗. From Figure 2.6, it can

be observed that, as expected, the lowest RMSE curve is obtained when the optimal

valueδ ∗ is used. Also, a smaller value ofδ leads to significant peaks in the RMSE

curve. On the other hand, increasing the value ofδ beyondδ ∗ has a less significant

impact on the RMSE curve.

In Figure 2.7, the RMSE is shown assuming that the TN moves in the middle of

the corridor and the width of the corridor is set toω = 5 m. The valuesζ = 3 m (a.)

andζ = 6 m (b.) are considered, for different values ofδ , namely:δ ∗, δ ∗/3, 3δ ∗.
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Figure 2.8: RMSE of TN position estimates when the TN moves along a straight line

near a wall of the corridor whenω = 5 m: (a.)ζ = 3 m and (b.)ζ = 6 m. In both

cases, various values ofδ (namelyδ ∗, δ ∗/3, 3δ ∗) are considered.

In both cases, the RMSE is lower in correspondence toδ ∗. It is also significant to

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

(δ < δ ∗) leads to a performance degradation, with respect to the case with δ ∗.

In Figure 2.8, the RMSE is shown assuming that the TN moves, along a corridor

of width ω = 5 m, 2 m from the middle line, thus 0.5 m far from the wall, whenζ = 3

m (a.) andζ = 6 m (b.), for the same values ofδ as in Figure 2.8. It can be noticed

that, even if the assumption of the TN moving exactly in the middle of a corridor is

not verified, the lower RMSE is obtained when the value ofδ is set equal toδ ∗.



2.5. Comparison between PI and TSML-TDoA Methods 41

δ ∗ [m]

ω = 2 m ω = 3 m ω = 4 m ω = 5 m

ζ = 0 m 1.22 1.82 2.43 3.04

ζ = 1 m 1.41 1.98 2.55 3.14

ζ = 2 m 1.74 2.28 2.83 3.39

ζ = 3 m 2.04 2.61 3.15 3.70

ζ = 4 m 2.31 2.91 3.47 4.02

ζ = 5 m 2.55 3.20 3.78 4.34

ζ = 6 m 2.78 3.46 4.07 4.65

ζ = 7 m 2.99 3.71 4.35 4.95

ζ = 8 m 3.18 3.94 4.61 5.23

ζ = 9 m 3.37 4.17 4.87 5.51

ζ = 10 m 3.54 4.38 5.10 5.77

Table 2.2: Optimal values ofδ numerically evaluated using the TSML-TDoA

method, as the heightζ of the ANs varies between 0 m and 10 m and the width

ω of the corridor varies between 2 m and 5 m.

2.5 Comparison between PI and TSML-TDoA Methods

In this section, we compare the values ofδ ∗ predicted by (2.44) with the values

numerically obtained when using the TSML-TDoA method [23] which is described

in Section 1.3. Such a comparison is meaningful since the TSML-TDoA method can

attain, as shown in [8], the CRLB, but it does not lead to a closed-form expression for

δ ∗. We remark that the TSML-TDoA method involves the solution of a 3×3 system

of equations for each position estimate, while the PI methodinvolves the solution of

a 2×2 system of equations and is, therefore, more computationally efficient.

Table 2.2 shows the optimal values ofδ numerically obtained with the TSML-

TDoA method. As in Table 2.1, the widthω of the corridor varies between 2 m and

5 m, and the heightζ 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 observed that the optimal values

for δ are very similar for the two cases, especially for high values of ζ and small

values ofω , which correspond to the most practical configurations. Also, the values
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Figure 2.9: MSE of TN position estimates, for the PI method (solid line) and the

TSML-TDoA method (dashed line), when the TN moves along the corridor with

ω = 3 m andζ = 5 m, δ = δ ∗ and (a.)c = 0.5 (b.) c = 0.9. Also the CRLB when

δ = δ ∗ is plotted.

obtained with the TSML-TDoA method are very similar to thosenumerically found

for the PI method shown in Figure 2.2.

In Figure 2.9, the MSE is shown as a function of the travelled distance, for both PI

and TSML-TDoA methods, when the TN moves along a corridor with widthω = 3 m.

More precisely, Figure 2.9 (a.) corresponds to the case in which the TN moves along

the middle line of the corridor (c= 0.5), while Figure 2.9 (b.) corresponds to the case

where the TN moves along a straight line near a wall (c = 0.9). In both cases, the

height of the ANsζ = 5 m and the inter-AN distanceδ = δ ∗. It can be observed

that the PI method and the TSML-TDoA method result in the samelocalization ac-
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Figure 2.10: Average MSE with PI method (solid line) and average CRLB (dashed

line), as a function ofδ , when the TN moves along a straight line: (a.) in the middle

of a corridor (c= 0.5); (b.) near a wall (c= 0.9). In both cases,ω = 3 m andζ = 5 m.

curacy. In Figure 2.9, the CRLB on the MSE evaluated whenδ = δ ∗ is also shown.

According to [8], the CRLB on the MSE can be expressed as the trace of the matrix

G , c2(ΩTQ−1Ω)−1, wherec is the speed of light,Q is the matrix defined in (2.7)

andΩ is the following 3×2 matrix

Ω ,


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.
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From Figure 2.9, the MSE of the PI and the TSML-TDoA methods approaches

CRLB except for border effects. It is of interest to investigate the effect whenδ 6= δ ∗.
In Figure 2.10, the average MSE is shown as a function ofδ when the TN moves

along a straigh line (a.) in the middle of the corridor (c = 0.5) and (b.) near a wall

(c = 0.9). In both cases the width of the corridorω = 3 m and the height of the ANs

ζ = 5 m. As expected, the lowest average MSE is reached whenδ = δ ∗, the optimal

value ofδ predicted by (2.44). For comparison purposes, in Figure 2.10 the average

CRLB (over the entire path) is also shown, as a function ofδ .



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 assuming to know the exact

positions of a few ANs. More precisely, we consider a set of static nodes laying on a

plane, which may be the floor or the ceiling of an indoor environment, and we assume

to know the position of some of them which are considered ANs.The number of ANs

should be small in order to reduce costs, but sufficiently large to guarantee reliable

position estimates of each TN.

Recall the PI algorithm [59] and the TSML-TDoA algorithm [8]introduced in

Chapter 1. We remark that in this chapter we consider bidimensional versions of

such algorithms. Both these algorithms deal with solving linear or non-linear sys-

tems of equations, whose coefficients contain the coordinates of ANs and the range
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estimates between them and the current tag. In some particular cases, for instance, if

the considered ANs are on the same line, the matrices involved in the aforementioned

algorithms might become ill-conditioned, thus leading to awrong position estimate

of the TN. To avoid this kind of problems, it is possible to re-interpret the geometric

localization problem as a minimization problem. More precisely, the initial system of

equations of the TSML-TDoA algorithm can be written in termsof an optimization

problem and solved through the use of Particle Swarm Optimization (PSO), as in

[41]. The PSO algorithm is a soft computing technique introduced in [31]. The idea

behind it is to obtain computational intelligence by exploiting simple analogues of

social interactions, rather than purely individual cognitive abilities.

In this chapter, various scenarios and different ANs positions in each scenario are

considered. The impact of the number of ANs and of distances between nodes is eval-

uated by simulation. Direct comparison of the performance of geometric algorithms

(i.e., the PI or the TSML-TDoA methods) with that of the PSO algorithm shows that

the latter can significantly outperform the formers.

A novel improved version of the PSO algorithm, which extendsthe hybrid ap-

proach in [42], is then proposed and its performance is compared with that of the

standard PSO algorithm. In particular, the number of iterations that are needed to

achieve a given error tolerance in the position estimate is investigated. Simulation

results show that the proposed hybrid version of the PSO algorithm guarantees, at a

significantly reduced computational cost, faster convergence in all considered scenar-

ios, making it very attractive from an applicative viewpoint.

3.2 Use of PSO in Localization

As anticipated in Section 3.1, all considered static nodes are supposed to be on the

same plane, e.g., on the ceiling of a large indoor environment. For this reason, un-

like in Chapter 1 and Chapter 2, the coordinates of all the nodes are represented by

bidimensional vectors.

A set ofM nodes{si}Mi=1 with known positions, namely the ANs, is used to esti-

mate the position of the remaining nodes with unknown positions, namely the TNs.
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All the TNs are estimated in sequence. The true position of the currently consid-

ered TN is indicated asu = [x,y]T , while the obtained position estimate is denoted as

û = [x̂, ŷ]T . Following the notation introduced in (1.3), we assume thatthe estimated

distances can be expressed as a function of the true ones according to (1.4). All the

results presented in this chapter are obtained assuming that the distance error has the

same statistics defined in (2.3), (2.4), and (2.35).

The starting point for the TSML-TDoA algorithm is system (1.25), where we

nowneglect the third column of̂G
1

and the third component of̂φ
1

as the considered

scenario is bidimensional. Through simple algebraic manipulations, this system can

be rewritten as

Bû = t̂ (3.1)

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

B =−2
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. (3.2)

Note that with the new formulation (3.1), the measurements affected by noise

only appear in vector̂t, while matrixB only contains known parameters. Instead of

directly solving the system (3.1), we reinterpret it as an optimization problem, with

solutionû expressed as

û = argminuF(u) (3.3)

where the fitness functionF(·) is the following

F(u) , ||t̂−Bu||. (3.4)

Among all possible optimization algorithms which could be used to solve (3.1),

we now consider the PSO algorithm, originally introduced in[31]. The use of soft

computing techniques for the localization of nodes in WSNs has been already pro-

posed in the literature [2, 67].
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According to the PSO algorithm, the set of potential solutions of an optimization

problem can be modeled as a swarm of particles, whose positions are randomly ini-

tialized in the region of interest, and which are guided towards the optimal solution

by exploiting social interactions among them. In the following, the size of the swarm

is denoted asS. It is assumed that every particlei in the swarm, at each iteration step

t (t ∈ {0,1, . . . ,Tmax}), is associated with a positionxi(t) (within the region of inter-

est) and with a velocityvi(t), which are both randomly initialized with valuesxi(0)

andvi(0) and which are updated at each iteration [15]. Moreover, it issupposed that

the entire system has a global memory, which allows each particle to know, at every

iteration, not only its own best position according to the lowest value of the fitness

function (3.4), but also the best position among the ones reached by any other particle

in the swarm. Each particle also keeps track of the values of the fitness function in

correspondence to both its best position and the global bestposition. All such values

are used to iteratively update the velocity and the positionof every particle.

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

vi(t +1) = ω(t)vi(t)+c1R1(t)(y
i(t)−xi(t))+c2R2(t)(y(t)−xi(t)) (3.5)

whereω(t) is a weight called inertial factor,c1 andc2 are positive real parameters

called cognition parameter and social parameter,R1(t) andR2(t) are independent ran-

dom variables uniformly distributed in [0,1], whose realizations are drawn at each

iteration step. Finally,yi(t) is the position of thei−th particle with the best objective

function andy(t) is the position of the particle with the best (among all particles) ob-

jective function reached until iterationt [54]. For the considered minimization prob-

lem (3.3), such positions can be expressed as follows

y(i)(t) = argminz∈{x(i)(0),...x(i)(t)}F(z) (3.6)

y(t) = argminz∈{y(1)(t),...y(S)(t)}F(z). (3.7)

The rationale behind the update rule (3.5) is to add to the velocity at the previous

iteration (which is weighed by a multiplicative factor) a stochastic combination of the

direction to the best position of thei−th particle and to the best global position. The
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Figure 3.1: Block diagram of the PSO algorithm.

velocity calculated in (3.5) is then added to the current position, in order to update

the position of the corresponding particle, according to the rule

xi(t +1) = xi(t)+vi(t +1) i ∈ {1, . . . ,S}. (3.8)

This process is iterated until a stopping criterion, such asachieving a satisfactory

value of the fitness function or reaching a maximum number of iterations, is met.

The solution of (3.3) will then correspond to the position ofthe particle which best

suits the optimization requirements in the last iteration [43]. 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 intelligence approach described in Sec-

tion 3.2 is compared with the performance of geometric methods, namely the TSML-

TDoA algorithm and the PI algorithm introduced in Subsection 1.3.3 and Subsec-

tion 1.3.4, respectively. We compare, through simulations, the performance of the

aforementioned algorithms, considering the impact of the number of ANs and of the

distance between ANs and TNs.

All the simulation results presented in this section are obtained by a Matlab sim-

ulator compliant with the propagation model introduced in Section 2.2, in which we

implemented the two geometric localization methods and thePSO algorithm. The

performance is evaluated in terms of the RMSE between true and estimated posi-

tions. In the following, 100 independent simulation runs per scenario are considered.

In order to obtain the simulation results presented in this section, the PSO al-

gorithm is implemented with a population ofS= 40 individuals and with a stop-

ping criterion corresponding to the achievement of 50 PSO iterations. We consider

c1 = c2 = 2, in order to make both the averages of the weights for socialand cognition

contributions equal to 1 [45]. The initial positions of all the particles are randomly

initialized over the entire region of interest. The choice of the inertial factorω(t)

deserves some more comments. From (3.5), it can be observed that this parameter

quantifies the ability of the swarm to explore new areas. Moreprecisely, a relatively

large value ofω(t) improves the exploration ability of the swarm, which is a good

feature to avoid local optima in global optimization problems. For this reason, the

inertial factorω(t) is chosen to be a decreasing function of the number of iterations,

in order(i) to guarantee low dependence of the solution on the initial population and

(ii) to reduce the exploration ability of the algorithm. This choice makes the method

simliar to a local search as the number of iterations increases [61]. In the following

simulations, it is assumed that the initial value of the inertial factor isω(0) = 0.9 and

that it decreases linearly to 0.4, reached at the last iteration.

First, we investigate how the obtained localization accuracy changes as the num-

ber of ANs reduces. The number of ANs should be as small as possible, in order to
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Figure 3.2: Almost uniform distribution of nodes inside a 10m side square with (a.) 8

ANs and (b.) 4 ANs.

reduce the implementation costs, but also large enough to guarantee accurate esti-

mates for the positions of TNs [47]. Several scenarios with different configurations

of ANs are considered.

The first scenario we consider is shown in Figure 3.2, where black squares rep-

resent the ANs while blue circles represent the TNs. In this configuration, 36 nodes

are almost uniformly placed in the region of interest, namely a square with 10 m-

long sides. In particular, in Figure 3.2 (a.) the positions of 8 out of the total number

of nodes are assumed to be known, while in Figure 3.2 (b.) the number of ANs is

halved, i.e., the positions of only 4 nodes are known. Each TNis associated with a

number, denoted as TN index.

In Figure 3.3 the RMSE corresponding to the scenarios in Figure 3.2 is shown

as a function of the TN index. In all cases, the RMSE is computed using the three

considered algorithms, namely the TSML-TDoA algorithm, the PI algorithm, and the

PSO algorithm.

Figure 3.3 (a.) shows the RMSE relative to each TN in the scenario represented

in Figure 3.2 (a.), i.e., when the number of ANs is 8. In this case, by comparing

the RMSE of the three algorithms, it can be noticed that thereare no significant
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Figure 3.3: RMSE obtained with the TSML-TDoA algorithm (cyan squares), the PI

algorithm (green triangles), and the PSO algorithm (magenta asterisks) when con-

sidering (a.) the scenario in Figure 3.2 (a.) and (b.) the scenario in Figure 3.2 (b.).

differences in the order of magnitude of the error and the three algorithms guarantee

an accurate position estimate of all the TNs. Similarly, in Figure 3.3 (b.) the RMSE

corresponding to each TN in the scenario in Figure 3.2 (b.) isshown. In this case, the

number of ANs is 4 and they are used to estimate the positions of the remaining 32

TNs. Both the TSML-TDoA and the PI algorithms lead to a far inaccurate localization

estimate for many TNs.

On the contrary, the accuracy obtained when using the PSO algorithm is still sat-

isfactory. Moreover, a comparison between Figure 3.3 (a.) and Figure 3.3 (b.) shows

that the performance of the PSO algorithm when using only 4 ANs guarantees the

same performance obtained when using 8 ANs, as the order of magnitude of the

RMSE is the same in both cases.
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Figure 3.4: Distribution of nodes along a corridor 40 m long and 5 m wide with (a.) 16

ANs and (b.) 4 ANs.

We now consider a different scenario where 44 nodes are located along a corridor

40 m long and 5 m wide, as shown in Figure 3.4, where black squares represent the

ANs and blue circles represent the TNs. In particular, in Figure 3.4 (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 Figure3.4 (a.) is shown as

a function of the TN index. A comparison between the RMSE of the three algorithms

shows that they guarantee the same performance. On the otherhand, Figure 3.5 (b.),

relative to the scenario in Figure 3.4 (b.), shows that when halving the number of

ANs, the TSML-TDoA algorithm and the PI algorithm lead to inaccurate estimates

for many TNs, while the PSO algorithm still guarantees satisfactory results.

It can be concluded that in both scenarios shown in Figure 3.2and Figure 3.4,

the reduction of the number of ANs leads to a significant degradation in the accuracy

of the TSML-TDoA algorithm and of the PI algorithm, but it does not influence the

performance of the PSO algorithm.
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Figure 3.5: RMSE obtained with the TSML-TDoA algorithm (cyan squares), the PI

algorithm (green triangles), and the PSO algorithm (magenta asterisks) when con-

sidering (a.) the scenario in Figure 3.4 (a.) and (b.) the scenario in Figure 3.4 (b.).

We now introduce a slight modification of the PSO parameters used so far. Re-

call that the fitness function in the considered minimization problem is expressed in

terms of an Euclidean norm. Hence, the fitness function has nolocal minima, i.e. the

minimization problem is convex.

Recalling that large values ofω increase the ability of the swarm to explore new

areas of the solution space, one can setω(t) = 0, as proposed in [69]. This choice,

besides accelerating the speed of convergence, also reduces the computational cost

of the algorithm. As a matter of fact, since the first addend atthe right hand side of

(3.5) is no longer considered, there is no need to initializeand compute velocities.

The update rule for the positions{xi}Si=1 of particles becomes

xi(t +1) = xi(t)+c1R1(t)(y
i(t)−xi(t))+c2R2(t)(y(t)−xi(t)). (3.9)
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Figure 3.6: Almost uniform distribution of nodes inside a 20m side square with (a.) 8

ANs and (b.) 4 ANs.

All the simulation results in the remainder of this section are obtained under this

assumption, maintaining the same values of all the others parameters involved in the

PSO algorithm. Moreover, we now consider different scenarios, where we assume

that 49 nodes are placed in a square whose edges are 20 m long. Observe that in

these scenarios the density of nodes is lower than that of thepreviously considered

scenarios. Two spatial distributions of the 49 nodes are considered, and for each one

of them two configurations of ANs are investigated.

First, we consider the scenarios shown in Figure 3.6, where the nodes are almost

uniformly placed in the region of interest. In particular, in Figure 3.6 (a.) the number

of ANs is 8: 4 ANs are near the corners of the considered region, while the remaining

4 ANs are near the center of the square. In Figure 3.6 (b.), thenumber of ANs is

halved and only the 4 nodes at the vertices of the square are ANs.

In Figure 3.7, the RMSE corresponding to each node is shown. More precisely,

Figure 3.7 (a.) refers to the scenario in Figure 3.6 (a). It can be noticed that, in this

case, the TSML-TDoA algorithm, the PI algorithm, and the PSOalgorithm guarantee

the same performance in the position estimate of each node. On the contrary, when
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Figure 3.7: RMSE obtained with the TSML-TDoA algorithm (cyan squares), the PI

algorithm (green triangles), and the PSO algorithm (magenta asterisks) when con-

sidering (a.) the scenario in Figure 3.6 (a.) and (b.) the scenario in Figure 3.6 (b.).

reducing the number of ANs, thus considering the scenario inFigure 3.6 (b.), it can

be seen from the results in Figure 3.7 (b.) that the TSML-TDoAalgorithm and the PI

algorithm do not guarantee a reliable position estimate forthe majority of nodes. In

particular, the RMSE obtained with the TSML-TDoA algorithmis highly fluctuating

(from 10−1 m to nearly 103 m). At the opposite, the accuracy of the PSO algorithm

is similar for all TNs and it is still good. Moreover, the order of magnitude of the

RMSE is analogous to the case with 8 ANs.

In the scenario shown in Figure 3.8, the same number of nodes are randomly

placed on a square with the same area of the one in Figure 3.6, namely a square

whose edges are 20 m long. As in the previous case, the positions of the nodes in

Figure 3.8 (a.) and in Figure 3.8 (b.) are the same, but in Figure 3.8 (a.) the number
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Figure 3.8: Random distribution of nodes inside a 20 m side square with (a.) 8 ANs

and (b.) 4 ANs.

of ANs is 8, while in Figure 3.8 (b.) there are only 4 ANs. Note that the ANs have

different positions inside the square with respect to the ones in Figure 3.6. In partic-

ular, in Figure 3.6 (b.) the 4 ANs are no longer near the corners but they are closer to

the center of the square.

Observe that in the configuration shown in Figure 3.8 some of the nodes are very

close to each other. For example, in Figure 3.8 (a.) nodes 26 and 32 nearly overlap,

and nodes 1 and 7 are very close to one of the ANs. Similarly, inFigure 3.8 (b.) node

28 is very close to node 35, and nodes 1 and 8 are nearby one of the ANs.

Looking at Figure 3.9 (a.) it can be noticed once again that 8 ANs are sufficient to

guarantee accurate position estimates for each node, and that there are no significant

differences in the performance of the three algorithms. On the other hand, consider-

ing the scenario in Figure 3.8 (b.), it can be seen from the results in Figure 3.9 (b.)

that halving the number of ANs does not allow the TSML-TDoA algorithm and the

PI algorithm to obtain a reliable position estimate for the majority of the nodes, while

the PSO algorithm still guarantees the same order of magnitude of the error. In par-

ticular, the RMSE of the TSML-TDoA and of the PI methods has significant peaks in
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Figure 3.9: RMSE obtained with the TSML-TDoA algorithm (cyan squares), the PI

algorithm (green triangles), and the PSO algorithm (magenta asterisks) when con-

sidering (a.) the scenario in Figure 3.8 (a.) and (b.) the scenario in Figure 3.8 (b.).

correspondence to some nodes, such as nodes 2 and 14. This makes the use of such

algorithms impractical because RMSE peaks are three order of magnitude higher than

the average of the remaining values.

A performance degradation when using the TSML-TDoA or the PIalgorithm

can be noticed from the previous simulations, as the number of ANs is reduced. This

phenomenon is due to the fact that a small number of range measurements may not

give enough independent data to get accurate position estimates. Mathematically, this

means that some of the matrices involved in the solution of the localization problem

are ill-conditioned, thus leading to wrong results. At the opposite, the PSO algorithm

only involves the evaluation of a function at different points, thus 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 circumferences with

radius (a.) 2.5 m and (b.) 5 m.

We now investigate the impact of the distance between ANs andTNs on the re-

sulting position estimates. For this purpose, we consider the two scenarios described

in Figure 3.10, where 6 ANs (i.e., the 6 black squares closer to the center of the

square) are used to estimate the positions of the 8 TNs, denoted as blue circles, which

are placed on two circumferences centered in the baricenterof the ANs and with dif-

ferent radii. In particular, in Figure 3.10 (a.) the distance between the TNs and the

baricenter of the ANs is 2.5 m, while in Figure 3.10 (b.) the TNs are positioned on a

circumference centered in the baricenter of the ANs whose radius is 5 m.

Simulation results in Figure 3.11 show that, in both cases, the PSO algorithm

outperforms the TSML-TDoA and PI algorithms by nearly one order of magnitude.

Moreover, from a comparison between Figure 3.11 (a.) and Figure 3.11 (b.) it can

be observed that, as the distance between ANs and TNs increases, the performance

of the TSML-TDoA and PI algorithms significantly degrades. As a matter of fact,

the RMSE increases by almost an order of magnitude when the radius of the circum-

ference to which the TNs belong doubles. At the opposite, theaccuracy of the PSO

algorithm does not change.
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Figure 3.11: RMSE obtained with the TSML-TDoA algorithm (cyan squares), the PI

algorithm (green triangles), and the PSO algorithm (magenta asterisks) when con-

sidering (a.) the scenario in Figure 3.10 (a.) and (b.) the scenario in Figure 3.10 (b.).

3.4 A Hybrid PSO

Many different versions of the PSO algorithm have been studied in the literature,

known as binary particle swarm [32], adaptive particle swarm [71], bare bones par-

ticle swarm [30], and hybrid particle swarm [25]. In this section, a hybrid version of

the PSO algorithm, denoted as HPSO, is proposed. The main assumptions behind the

standard PSO algorithm still hold, but we introduce a new processing step, at each

iteration, after the computation of the new estimated positions of the particles and

the corresponding values of the fitness function. To be more precise, among all theS

particles, we consider theT , ⌊S/2⌋ ones which have the worst (namely, the higher)

values of the fitness function and we move them in a neighbourhood of the particle

which has the best (namely, the lowest) value of the fitness function.
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Figure 3.12: Block diagram of the proposed HPSO algorithm

The proposed HPSO algorithm is summarized in the block diagram in Figure 3.12

and it can be described as follows.

At each iterationt of the PSO algorithm, given the current fitness function of each

particle, we consider a permutationP in the set of indices{1, . . . ,S}, such that

F(xP[i](t))≤ F(xP[ j](t)) if i ≤ j.
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In other words, we order the indices of all particles in ascending order, starting

form the one with the best fitness value (whose position isxP[1]) to the one with the

worst value of the fitness function (whose position isxP[S]).

Then, for every indexk∈ {1, . . . ,T}, we replace the positions of the particles with

indices{P[T + k]}, (i.e., the worst ones) with positions close to the particles with

smaller values of the fitness function. In Section 3.5 two different rules for this reloca-

tion of particles are proposed and they are applied in different localization scenarios.

After this relocation, the fitness function of theT just moved particles is evaluated,

and, from then, the proposed algorithm continues followingthe steps of the standard

PSO algorithm.

The changes introduced in the hybrid version of the PSO algorithm are meant to

speed up the convergence to the optimal solution. As a matterof fact, the effect of the

additional step is to rapidly push the swarm towards the (currently) best solution. We

remark that this idea is effective when the PSO algorithm is applied to the considered

localization problem because the fitness function in (3.4) is convex and, therefore, the

minimization problem described in (3.3) has no local minima. Generally speaking,

since the PSO algorithm is usually applied to global optimization problems, the effect

of the proposed modification could make the algorithm converge to a local minima,

thus leading to a suboptimal solution.

3.5 Comparison between PSO and HPSO

It is worth observing that the introduction of the additional step in Figure 3.12 implies

that the computational cost of each iteration of the HPSO algorithm is approximately

1.5 times the cost of each iteration of the PSO algorithm because of the relocation and

the revaluation of the fitness function of half of the particles. However, in this section

it will be shown that, from a global computational viewpoint, the HPSO algorithm

turns out to be significantly more efficient than the PSO algorithm.

In order to evaluate the convergence speed, instead of considering, as a stop-

ping criterion, a fixed number of iterations (as in Section 3.3), we now consider the

achievement of a fixed (maximum) RMSE. Two tolerance values for the RMSE are
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Figure 3.13: Two possible configurations of nodes inside a 10m side square with

(a.) random distribution and (b.) almost uniform distribution.

considered, namely 10−1 m and 5·10−2 m. In particular, in Section 3.5.1 we inves-

tigate the impact of the number of iterations, whereas in Section 3.5.2 the impact of

the swarm size is investigated. Finally, in Section 3.5.3 a comparison of the compu-

tational costs of the PSO and the HPSO algorithms is presented.

The simulation results that follows are relative to the scenarios in Figure 3.13.

When considering the scenario in Figure 3.13 (a.) the relocation rule for the particles

with indices{P[T +k]}Tk=1 is the following

xP[T+k](t)← xP[k](t)+ r(k)(t) k∈ {1, . . . ,T} (3.10)

wherer(k)(t)∼U(0,1) and{r(k)(t)} are independent. In this way, the particles whose

index is{P[T + k]}Tk=1 is moved in a neighbourhood of the particle whose index is

{P[k]}Tk=1.

Instead, when considering the scenario in Figure 3.13 (b.) the replacement rule

for the particles with indices{P[T +k]}Tk=1 is the following:

xP[T+k](t)← xP[1](t)+ r(k)(t) k∈ {1, . . . ,T} (3.11)

wherer(k)(t)∼U(−0.5,0.5) and{r(k)(t)} are independent.
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Figure 3.14: Averages of the minimum number of iterations toachieve an error tol-

erance of (a.) 10−1 m and (b.) 5· 10−2 m, for each TN in the scenario shown in

Figure 3.13 (a.), when using the PSO algorithm (magenta asterisks), and when using

the HPSO algorithm (violet triangles).

3.5.1 Accuracy versus Number of Iterations

We now present some simulation results concerning the minimum number of iter-

ations required by the PSO algorithm to achieve a given errortolerance. The pop-

ulation size and all the other parameters are kept equal to the ones already set in

Section 3.3, except, as indicated above, for the stopping criterion. The value of the

inertial factor isω(t) = 0. We compare the minimum number of iterations needed

to obtain the same performance when using the PSO algorithm and when using the

proposed hybrid version.

Figure 3.14 refers to the scenario in Figure 3.13 (a.), where3 ANs are used to

locate 12 TNs (in sequence). Recall that in this case the relocation rule for the worst
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half of the particles is (3.10). In Figure 3.14 the average number of iterations is shown

as a function of the TN index in the cases with (a.) tolerance equal to 10−1 and (b.)

tolerance equal to 5·10−2. In both cases, the PSO and the HPSO algorithms are con-

sidered. For every TN index the HPSO algorithm converges in afar smaller number

of iterations. Moreover, when the HPSO algorithm is used, the average number of

iterations does not significantly change for different TNs,as it does when using the

PSO algorithm.

Comparing the results in Figure 3.14 (a.) with the ones in Figure 3.14 (b.), it can

be observed that, as expected, the number of iterations needed to meet the stopping

criterion for the smallest tolerance is larger than when considering a higher value of

the maximum tolerable RMSE.

Figure 3.15 refers to the scenario in Figure 3.13 (b.), where4 ANs are used to

locate, sequentially, 21 TNs. As stated in Section 3.5, in this scenario, the relocation

rule for the worst half of the particles is (3.11).

First, we set the maximum acceptable RMSE to 10−1 m. The simulation results,

obtained by averaging over 100 independent runs, are shown in Figure 3.15 (a.).

It can be observed that the number of iterations needed to achieve the given error

tolerance when using the HPSO algorithm is far smaller than the one needed when

using the PSO algorithm. To be precise, the average (over allTNs) minimum number

of iterations needed to achieve an RMSE equal to 10−1 m is 25, while this value

decreases to 3 when using the proposed HPSO algorithm.

Then, we reduce the error tolerance to 5·10−2 m: the corresponding results, are

shown in Figure 3.15 (b.). Once again, the number of iterations needed to achieve the

given tolerance decreases when using the HPSO algorithm instead of the PSO algo-

rithm. In this case, the average minimum number of iterations needed to achieve the

given tolerance is: 37 when using the PSO algorithm and 4 whenusing the proposed

HPSO algorithm.

As expected, a comparison between Figure 3.15 (a.) and Figure 3.15 (b.) shows

the number of iterations needed when the tolerance is smaller is larger than when

considering a higher value of the maximum tolerable RMSE.
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Figure 3.15: Averages of the minimum number of iterations toachieve an error tol-

erance of (a.) 10−1 m and (b.) 5· 10−2 m, for each TN in the scenario shown in

Figure 3.13 (b.), when using the standard PSO algorithm (magenta asterisks), and

when using the HPSO algorithm (violet triangles).

3.5.2 Impact of the Population Size

In the following, considering the same scenario shown in Figure 3.13 (a.), and setting

the error tolerance to 5·10−2 m, we evaluate, as a function of the sizeSof the swarm,

the number of iterations needed, on average, to achieve thistolerance. Besides the

already considered valueS= 40, we also consider its half, namelyS= 20, and its

double, namelyS= 80.

The simulation results relative to such values ofSare shown in Figure 3.16. More

precisely, Figure 3.16 (a.) refers to the PSO algorithm, while Figure 3.16 (b.) refers

to the HPSO algorithm. In both cases, as expected, the numberof iterations decreases

as the population size increases.
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Figure 3.16: Averages of the minimum number of iterations needed to achieve an

error tolerance of 5·10−2 m are represented, for each of the 21 TNs, when using (a.)

the PSO algorithm and when the population size isS= 20 (cyan hexagrams), S= 40

(magenta asterisks), andS= 80 (yellow plus) and (b.) the HPSO algorithm and when

the population size isS= 20 (blue hexagrams), S= 40 (violet triangles), andS= 80

(orange plus).

Comparing the results in Figure 3.16 (a.) with those in Figure 3.16 (b.) shows

that, regardless of the swarm size, the HPSO algorithm allows obtaining the same

performance in a smaller number of iterations. WhenS= 20, the average number of

iterations with the PSO algorithm is 95, but it reduces to 7 when using the HPSO

algorithm. WhenS= 40, the average number of iterations with the PSO algorithm is

37, and it is only 4 when using the HPSO algorithm. The number of iterations with

the PSO and the HPSO algorithms reduces to 14 and 3, respectively, whenS= 80.
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Figure 3.17: Average number of iterations, averaged over all the nodes, to achieve

an error tolerance of (a.) 10−1 m and (b.) 5·10−2 m, when using the standard PSO

algorithm (magenta asterisks), and when using the HPSO algorithm (violet triangles).

The impact of the population size on the convergence speed isclearly highlighted

in Figure 3.17, where the average number of iterations needed to achieve a maximum

tolerable RMSE of (a.) 10−1 m and (b.) 5·10−2 m is shown as a function of the pop-

ulation sizeS(varying from 5 to 80 individuals). Figure 3.17 shows that the proposed

HPSO algorithm allows obtaining the required accuracy witha far smaller number of

iterations, especially if the population size is small. Theconvergence of the HPSO is

very fast even when the population size is small (e.g.,S= 20 orS= 30), making it a

very attractive choice also for real-time dynamic localization.
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3.5.3 Computational Cost

We now show that, in spite of the additional step in (3.10) and/or in (3.11), the HPSO

algorithm is computationally less expensive than the PSO algorithm. This gain comes

mainly from the fact that the number of iterations needed to achieve a given accuracy

is, as previously shown, far smaller with the HPSO algorithm.

Let us denote asN the number of TNs and asN(PSO)
iter andN(HPSO)

iter the numbers

of iterations required by the PSO and the HPSO algorithms to converge, respectively.

From the results in Figure 3.17, it can be concluded thatN(PSO)
iter can be roughly ap-

proximated as 1000/S, i.e., the swarm sizeSneeds to be very large to guarantee fast

convergence. At the opposite,N(HPSO)
iter is an approximately constant function ofS,

typically assuming values between 5 and 10 (the only exception being the case with

a tolerance of 5·10−2 m andS= 5, i.e., with a very small population size, where

N(HPSO)
iter = 17).

At each iteration, the computational cost is associated with two operations carried

out for each particle of the swarm at each TN:(i) the evaluation of the fitness function

and(ii) the position update.

Considering the PSO algorithm, the evaluation of the fitnessfunction defined in

(3.4) for a single particle in the swarm involvesM − 2 additions andM− 1 mul-

tiplications. Moreover, from (3.5) and (3.8) it follows that the position update of a

single particle in the swarm involves 5 additions and 5 multiplications. Hence, for

each particle in the swarm, at each iteration one needs to computeM + 3 additions

andM +4 multiplications. The computational cost over the entire swarm for the po-

sition estimate of a single TN is then obtained by multiplying the above numbers by

S, obtainingS(M +3) additions andS(M +4) multiplications.

When considering the HPSO algorithm, the number of operations involved in the

evaluation of the fitness function for the entire swarm is twice that of the PSO algo-

rithm: as a matter of fact, at each iteration, the fitness function of each of the worst

particle is evaluated twice. This leads to 1.5S(M−2) additions and 1.5S(M−1) mul-

tiplications for the evaluation of the fitness function for all particles of the swarm.

The position update of each particle involves the same numbers of operations as in

the PSO algorithm, with⌊S/2⌋ supplementary additions, due to the relocation of half
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PSO HPSO

Multiplications/iterations NS(M +4) NS(3/2M +7/2)

Additions/iterations NS(M +3) N [S(3/2M +2)+ ⌊S/2⌋]
Total number of multiplications NS(M +4)N(PSO)

iter NS(3/2M +7/2)N(HPSO)
iter

Total number of additions NS(M +3)N(PSO)
iter N [S(3/2M +2)+ ⌊S/2⌋]N(HPSO)

iter

Table 3.1: Numbers of multiplications and additions (per iteration and total) of the

PSO and HPSO algorithms as functions of the number of TNsN, the number of

particles in the swarmS, the number of ANsM, and the number of iterations (N(PSO)
iter

andN(hPSO)
iter , respectively).

of the particles given in (3.11), leading to 5S+ ⌊S/2⌋ additions and 5S multiplica-

tions for the entire swarm at a TN. It can then be concluded that, at each iteration,

the HPSO algorithm requiresS(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 terms of numbers of multipli-

cations and additions summarized in Table 3.1. The first two rows refer to the compu-

tational costs per iteration (obtained by multiplying the previously explained results

by the number of TNsN), whereas the last two rows of Table 3.1 refer to the total

costs, obtained taking into account proper numbers of iterations for the considered

algorithms.

We now refer to the node configuration in Figure 3.13 (b.), where the number of

TNs isN = 21. We first consider a swarm composed ofS= 30 particles at each of the

N = 21 TNs. According to the results in Figure 3.17, in this case the numbers of itera-

tions needed to achieve an accuracy of 5·10−2 m areN(PSO)
iter = 53 andN(HPSO)

iter = 4,

respectively.

Then, we consider a swarm composed ofS= 60 particles at each of theN = 21

TNs. According to the results in Figure 3.17, in this case thenumbers of iterations

needed to achieve an accuracy of 5· 10−2 m areN(PSO)
iter = 36 andN(HPSO)

iter = 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, withN = 21, M = 4.

Two possible values for the swarm sizeS are considered: 30 (which corresponds

to N(PSO)
iter = 53 andN(hPSO)

iter = 4) and 60 (which corresponds toN(PSO)
iter = 36 and

N(hPSO)
iter = 3). The numerical values predicted by the last two rows of Table 3.1 are

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

In Table 3.2, the corresponding values of the total numbers of multiplications and

additions are shown. It can be observed that, in both cases, the computational 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 times required by the

considered algorithms to estimate the positions of the 21 TNs in the aforementioned

scenario using Matlab on Mac OS 10.5.8, with a 2 GHz Intel Core2 Duo processor.

The obtained execution run times confirm the analytical prediction 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 Chapter 2 and Chapter 3 receive, as

their input, a set of estimated distances. Therefore, making a single distance estimate

more accurate is likely to have a positive impact on the performance of any of the

considered algorithm. The goal of this chapter is, indeed, to analyze the impact of

an accurate statistical model for distance estimation on the localization accuracy of

practical UWB systems. Our experimental characterizationis based on the use of a

particular type of UWB sensors, namely the PulsON 410 Ranging and Communica-

tions Modules (RCMs) produced by Time Domain (www.timedomain.com).

The characterization of radio propagation channel is important to ensure satisfac-

tory performance of a wireless communication system [10]. The existing models can



74 Chapter 4. Experimental Characterization for UWB Distance Estimates

be classified into two major classes: statistical models, which rely on measured high-

level data, and site-specific propagation models, based on electromagnetic wave prop-

agation theory [63]. In this chapter, a novel statistical model for distance estimates

based on experimental measurements between pairs of UWB sensors is derived.

Different kinds of experimental UWB channel models in various scenarios, have

been proposed in the literature. In [53] the RSS between UWB devices is modeled on

the basis of an experimental campaign performed in an indoorenvironment and the

collected data are used to improve the accuracy of the considered localization system.

Results of experimental measurements in a typical office arealso shown in [7]. In this

scenario, the path loss, the amplitude distribution function, and the temporal correla-

tion between adjacent multipath components are analyzed and statistical distributions

for all such parameters are given. The UWB channel in different indoor scenarios,

namely, a factory hall, is investigated in [29] both in LoS and NLoS conditions. The

propagation of UWB signals has been investigated also in outdoor environments, in

LoS and NLoS conditions [55]. In [66] a characterization of the path loss for UWB

communication in parking areas is given, while the results of a measurement cam-

paign in a snowy environment, which may be useful in case of avalanches, are shown

in [13]. Finally, a path loss model for UWB Body Area Networks(BANs), obtained

by analyzing the signal propagation around the human body, is proposed in [58].

4.2 Time Domain PulsON 410 RCMs

The PulsON 410 RCM is a single-board UWB radio module intended to be integrated

into users’ electronic devices to enable high precision distance measurement coupled

with wireless communications. The main feature of the PulsON 410 RCMs is that

they provide accurate and reliable measures of inter-sensor distances at a high update

rate. Two different range measurement techniques are supported, namely: Two-Way

(TW) ToF ranging technique, which provides Precision RangeMeasurement (PRM),

i.e., highly precise range measurements with high update rate; and Coarse Range

Estimation (CRE) technique, according to which the range estimate 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 centered at 4.3 GHz, and

a bandwidth of more than 1 GHz is guaranteed, as the RF band spans from 3.1 GHz to

5.3 GHz. Each sensor is composed of a single small board (with dimensions 7.6 cm

×8.0 cm×1.6 cm) and it needs to be connected to a power source (12 Volt). Each

PulsON 410 RCM can support up to two UWB antennas [64]. A PulsON 410 RCM

is shown in Figure 4.1.

Usually, the communication architecture encompasses manyPulsON 410 RCMs

and at least one host, connected to at least one module via USBconnection. The

requests are always originated from hosts and the RCMs provide confirmations for all

requests. More precisely, the interface between host and RCMs consists of six request

messages from host to RCM with their associated confirm messages. In addition, info

messages are sent to the USB-connected host every time a UWB packet is received

from other RCMs.
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Figure 4.2: A typical PulsON 410 RCM communication architecture.

Each RCM can communicate, on the UWB channel, to all the RCMs in the con-

sidered environment, and each message exchange is associated with a message identi-

fier. Each RCM is associated with an ID and communications between pairs of RCMs

can be performed either as broadcast or by directly addressing a given ID. A typical

communication architecture is shown in Figure 4.2 [64].

The TW-ToF technique is packet-based and it involves some steps. First, the re-

questing RCM (which is connected to a host) transmits a request packet, i.e., a long

packet of pseudo-randomly encoded pulses. Once another RCMreceives the packet,

it transmits a response packet to the requester, which computes the precise time delay,

with picoseconds accuracy, between the request packet transmission and the response

packet reception.

The distance, in millimiters, between the two considered RCMs is then estimated

by the receiver RCM by properly processing the time delay estimate, taking into ac-

count the antenna delay offsets. After the reception of a UWBpacket, the requester

RCM communicates all received data to its host, which can process it. In the follow-

ing, a pair of PulsON 410 RCMs is used to derive a statistical model for the estimated

distances between them.
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Listing 4.1: List of C library function prototypes

1 int rcmIfInit(rcmIfType ifType, char *destAddr);

2 void rcmIfClose(void);

3

4 int rcmBit(int *status);

5 int rcmOpModeSet(int opMode);

6 int rcmSleepModeSet(int sleepMode);

7 int rcmConfigGet(rcmConfiguration *config);

8 int rcmConfigSet(rcmConfiguration *config);

9 int rcmStatusInfoGet(rcmMsg_GetStatusInfoConfirm *c);

10 int rcmDataSend(int mode, int size, char *data);

11 int rcmRangeTo(unsigned long destNodeId, int mode,

12 int size, char *data, rcmMsg_RangeInfo *rangeInfo,

13 rcmMsg_DataInfo *dataInfo,

14 rcmMsg_ScanInfo *scanInfo,

15 rcmMsg_FullScanInfo *fullScanInfo);

The PulsON 410 RCM can be programmed using C or Matlab libraries, which

provide functions to support host-RCM communications via USB and serial. Here,

we focus on the main C library functions, which are enumerated in Listing 4.1.

The first two functions manage the communications between the host and the

connected module. More precisely

• rcmIfInit(): opens communication with the module. TheifType can be

rcmIfSerial or rcmIfUsb and thedestAddr depends on the chosen type

(e.g.:/dev/usbmodem101 for USB communications in MacOS 10.5.8).

• rcmIfClose(): closes the communications channel.

Once the communication channel is open, the library provides the following functions

to wrap messages between the host and the RCM module

• rcmBit(): performs a built-in test of the module and returns thestatus of

the module. Ifstatus equalsOK, the module passed the built-in test.
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• rcmOpModeSet(): sets the operation mode. It can be used to make sure that

the device is configured in the proper operation mode among the available

modes. Only the RCM mode is used in the presented expertiment.

• rcmSleepModeSet(): sets the energy saving mode. This can be used to en-

sure that the device is awake or to force a low consumpion mode.

• rcmConfigGet(): retrieves the current configuration of the module and fills

theconfig structure. For instance, this function can be used to read the node

ID of the device (config.nodeId).

• rcmConfigSet(): sets the configuration of the module with theconfig

structure. For instance, this function can be used to set thenode ID of the

device.

• rcmStatusInfoGet(): retrieves informations about the installed hardware

and firmware, and also about the current measured temperature.

• rcmDataSend(): can be used to send applications-specific data to the device.

All RCM within range will receive the data and promiscuouslysend this data

to their respective host (if attached). This function provides 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

(destNodeId). If destNodeId equalsBROADCAST_NODE_ID, then all de-

vices within range respond but only the first received reply is processed. Ob-

serve that, by definition,BROADCAST_NODE_ID is equal to-1. The most im-

portant return information is in therangeInfo structure, which provides three

types of range measurements in millimeters. Other information in scanInfo

andfullScanInfo is tagged as debug-only by the official documentation. It

is worth noting that together with the range request, the program can also send

application-specific data which is received by all hosts in range, as in the case

of rcmDataSend.
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We have defined a modified version of the functionrcmRangeTo() which takes

the ID of the requester node as an additional input parameter. This function is denoted

asrcmRangeToEx() and will be used in Chapter 5.

The functions previously described use data structures to pass parameters and to

receive values. All such structures use platform independent data type

• rcm_uint32_t: unsigned 32-bit integer

• rcm_uint16_t: unsigned 16-bit integer

• rcm_uint8_t: unsigned 8-bit integer

A detailed list of the data structures that the C library provides can be found in offi-

cial documentation [65]. For the sake of simplicity, we onlyshow some of the main

parameters ofrcmMsg_RangeInfo, as they will be used in the following. Such mes-

sage is sent by the local requesting RCM to its host at the end of a full UWB ranging

conversation.

- rcm_uint16_t msgId: identifier to correlate range requests with informa-

tion messages.

- rcm_uint32_t responderId: ID of the responding module.

- rcm_uint8_t rangeStatus: status/error codes for the range conversation.

- rcm_uint8_t antennaMode: specifies the antenna to be used during this

conversation.

- rcm_uint16_t stopwatchTime: how long the range conversation took, in

milliseconds.

- rcm_uint32_t precisionRangeMm: distance in millimeters between a pair

of UWB modules based on a TW-ToF measurement (PRM).

- rcm_uint32_t coarseRangeMm: coarse distance in millimeters based on

direct path signal strength (CRE). Note that this value is recalibrated to the

PRM value each time a PRM of the link is measured.
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- rcm_uint32_t filteredRangeMm: filtered distance in millimeters based

on the combination of PRM and CRE values passed through a recursive optimal

Kalman estimator with two state variables.

- rcm_uint16_t vPeak: the absolute maximum value in the leading edge win-

dow of the received waveform. This value is used to determinethe CRE.

- rcm_uint32_t timestamp: milliseconds since the module boot at the time

of the range conversation.

In the experimental results shown in this dissertation, thelocalization algorithms

are performed on the basis of the distancesrcm_uint32_t precisionRangeMm.

We remark thatvPeak is a quality metrics which accompanies any range message.

ThevPeak is a measure of the maximum absolute value of the amplitude measured

just after the leading edge offset. The leading edge offset is a parameter associated

with the direct sequential scan of the pulse waveform. More precisely, the leading

edge offset is the index in the scan where the system determines the ToA of the pulse.

The parametervPeak is an improved form of RSS and it rarely suffers from multipath

fading [65].

4.3 Distance Estimate Model

In this section, on the basis of an extensive experimental measurement campaign, we

derive a statistical model for the distance estimate, in terms of its average value and

its standard deviation. We assume that the following equation holds

r̂ = r + ν(r) (4.1)

wherer and ˆr represent the true and estimated distances, respectively,and ν(r) is

the error. We model the error as a random variable and we assume that its statistical

distribution depends on the true distance between the two considered sensors. The va-

lidity of this assumption will be shown later in this section, by analyzing the collected

experimental data.
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Figure 4.3: The scenario considered in the experiments: theposition of the sensor

connected to the host is shown (purple star) and the 15 positions of the second sensor

are shown (blue dots).

In order to derive a statistical model for the distance estimate, we perform dis-

tance measurements between two RCMs. We connect one of them (namely, the re-

quester) to a host, while the second one (namely, the receiver) is not connected to

any host. We take distance estimates every meter, considering distances from 1 m to

15 m. For every considered distance, we take 1000 (independent) distance estimates.

All the data are collected in a corridor whose width is 2 m and whose height is 5 m.

The considered scenario is shown in Figure 4.3, where the star represents the position

of the requester and the dots represent the considered receiver positions.
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Let us denote asrk, k ∈ {1, . . . ,15}, the true distances between the two sensors,

namely,rk = k m and as ˆr( j)
k the distance estimate relative tork in the j−th iteration,

j ∈ {1, . . . ,1000}. Assuming that the distance estimates are affected by additive

noise, for each distancerk and for each iterationj, one can then write

r̂( j)
k = rk + ν̂( j)

k (4.2)

whereν̂( j)
k is the distance error realization in thej−th iteration. For a given value

of rk, it is reasonable to assume that{ν̂( j)
k }1000

j=1 are independent and identically dis-

tributed realizations, as they are relative to independentdistance measurements.

Let us define as{ν̄k}15
k=1 and{σk}15

k=1 the average value and the standard deviation

of the distance estimates based on the data collected in the 1000 iterations

ν̄k ,
1

1000

1000

∑
j=1

ν̂( j)
k (4.3)

σk ,

√

√

√

√

1
999

1000

∑
j=1

(

ν̂( j)
k − ν̄k

)2
. (4.4)

The values of{ν̄k}15
k=1 and{σk}15

k=1, corresponding to the distances{rk}15
k=1, are

shown in Table 4.1. It can be observed that for distancesrk from 1 m to 10 m the

average error̄νk is negative, meaning that the estimated distances ˆr( j)
k are, on average,

shorter than the true ones. At the opposite, for distances larger than 10 m the average

errorν̄k assumes positive values, which means that the true distances are, on average,

overestimated.

More generally, from Table 4.1 it can be noticed that the average errorν̄k tends

to be an increasing function of the distancerk between the two sensors. In order to

derive a simple statistical model for the values{ν̄k}15
k=1, we consider the following

linear approximation

ν̄(LS)
k ≃ ark +b. (4.5)

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

At = ν (4.6)
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rk [m] ν̄k [mm] σk [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 of̄νk (second column) andσk (third column) as functions of

the distancesrk.

whereA is a 15× 2 matrix with thek−th element of the first column given byrk

and the elements of the second column all equal to 1, thek−th element ofν is ν̄k,

expressed in meters, andt = [a,b]T is the solution vector. SinceA is a rectangular

matrix, the system (4.6) can be solved through the LS technique. The LS solution of

the system (4.6) is

t ≃
(

0.016

−0.150

)

(4.7)

so that the average error̄νk, can be modeled as

ν̄(LS)
k = 0.016rk−0.150 (4.8)

where it is assumed that{ν̄(LS)
k }15

k=1 and{rk}15
k=1 are expressed in meters.
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Figure 4.4: The values, in millimiters, of error̄νk (blue squares) and of its linear

approximationν̄(LS)
k (red triangles) are shown as a function of the true distancerk

between the two sensors.

A graphical representation of the average errorν̄k and of its approximation̄ν(LS)
k

obtained in (4.8) is shown in Figure 4.4. The blue squares represent the values of

ν̄k, expressed in millimiters, while the red triangles represent the values of the linear

approximationν̄(LS)
k .

From Figure 4.4 it can be observed that the linear approximation is accurate. As

a matter of fact, the absolute value of the difference between ν̄k and ν̄(LS)
k is, on

average, 30 mm and it is always smaller than 70 mm.

Generalizing (4.8), one can write

ν̄(LS)(r) = 0.016r−0.150. (4.9)
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Given that the linear approximation of̄ν(LS)
k as a function ofrk fits well the exper-

imental dataν̄k, the generic expression of the distance errorν(r) in (4.1) can be

replaced withν̄(LS)(r) given by (4.9) and the estimated distance ˆr can be modeled as

r̂ ≃ r + ν̄(LS)(r) = 1.016r−0.150. (4.10)

From Table 4.1 it can be observed that the standard deviationis always smaller

than 70 mm and it is, on average, 29 mm. Such small values of thestandard devi-

ation guarantee accurate distance estimates. As done for the average value, we now

consider the following linear approximation for the stardard deviation{σk}15
k=1

σ (LS)
k ≃mrk +q. (4.11)

The coefficientsmandq in (4.11) can be found by solving the system

Av = σ (4.12)

whereA is the same matrix as in (4.6), thek−th element ofσ is σk, expressed in

meters, andv = [m,q]T is the solution vector. The system (4.12) can be solved once

again through the LS technique. The LS solution of the system(4.12) is

v≃
(

0.002

0.012

)

(4.13)

so that the standard deviationσk, can be modeled as

σ (LS)
k = 0.002rk +0.012 (4.14)

where it is assumed thatσ (LS)
k andrk are expressed in meters.

The standard deviationσk and its approximationσ (LS)
k are shown in Figure 4.5.

The cyan triangles represent the values ofσk, expressed in millimiters, while the ma-

genta squares represent the values of the linear approximation σ (LS)
k . From Figure 4.5

it can be observed that the linear approximation is accurate. As a matter of fact, the

absolute value of the difference betweenσk andσ (LS)
k is, on average, 11 mm and it is

always smaller than 28 mm.
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Figure 4.5: The values, in millimiters, ofσk (cyan triangles) and its linear approxima-

tion σ (LS)
k (magenta squares) are shown as a function of the true distancerk between

the two sensors.

Generalizing (4.14), one can write

σ (LS) = 0.002r +0.012. (4.15)

To summarize, we can conclude that the distance errorν(r) introduced in (4.1)

can be modeled as a random variable, whose average valueν̄ and standard deviation

σ depend of the true distancer between the two considered sensors, according to

ν̄(r) ≃ ν(LS) = 0.016r−0.150 (4.16)

σ(r) ≃ σ (LS) = 0.002r +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 which isused to validate the sta-

tistical model derived in Section 4.3 and to obtain the results shown in Section 4.5.

More precisely, we consider four PulsON 410 RCMs in a bidimensional scenario.

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

ing the (unknown) position of the remaining one (namely, theTN). We denote the

coordinates of the ANs as

si , [xi ,yi ] i ∈ {1,2,3} (4.18)

while the coordinates of the TN are indicated as

u , [x,y]. (4.19)

In order to gather experimental results, we connect the PulsON 410 RCM which

corresponds to the TN to a host. Proper Matlab libraries are used for the communica-

tion between the TN and its host. First, the TN collects the range estimates from the

three ANs by directly interrogating, in sequence, the IDs corresponding to each of

the three ANs. Once the TN receives the range estimates from all the ANs, recalling

that the coordinates of the ANs are known, it can compute its position by means of

proper localization algorithms.

In the following, two localization scenarios are describedand, for each of them,

two localization algorithms are considered, namely: the Circumference Intersection

(CI) algorithm, described in Subsection 4.4.2, and the TSML-ToA algorithm, de-

scribed in Subsection 1.3.2.

4.4.1 Indoor Localization Scenarios

The experimental results which will be shown in Section 4.5 are relative to two dif-

ferent scenarios. The main difference between the two scenarios is that in the first

case the TN lies inside the convex hull of the three ANs, whilein the latter the TN

lies outside the convex hull of the three ANs.
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Figure 4.6: The position of the TN (black star) is shown, together with the positions

of three ANs (squares). The distances{r i}3i=1 are also shown.

First, we consider a scenario where the coordinates of the ANs, expressed in

meters, are

s1 = [−1,0] s2 = [1,4] s3 = [−1,3] (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 distances{r i}3i=1, expressed in meters, are

r1 =
√

5 r2 = 3 r3 = 2
√

2. (4.22)

In Figure 4.6 the considered scenario is shown: coloured squares represent the

positions of the three ANs, while the position of the TN is identified by the black

star. The (true) distances{r i}3i=1 between each AN and the TN are also shown.
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Figure 4.7: The position of the TN (black star) is shown, together with the positions

of three ANs (squares). The distances{r i}3i=1 are also shown.

Then, we consider a scenario where the coordinates of the ANsare

s1 = [−2,2.5] s2 = [3,3.5] s3 = [1,−0.5] (4.23)

and the position of the TN is the same as in (4.21), so that the values of the distances

{r i}3i=1, expressed in meters, are

r1 =
3
2

√
5 r2 =

√
41
2

r3 = 1.5. (4.24)

In Figure 4.7 the considered scenario is shown: coloured squares represent the

positions of the three ANs, while the position of the TN is identified by the black

star. The (true) distances{r i}3i=1 between each AN and the TN are also shown.

In order to statistically characterize the accuracy of the position estimates for both

the scenarios, we consider 1000 location estimations. In the following, we denote as

r̂( j)
i the estimated distance between{AN i}3i=1, and the TN in thej−th iteration and as

û( j) , [x̂( j), ŷ( j)] the estimated TN coordinates in thej−th iteration, j ∈{1, . . . ,1000}.
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4.4.2 Circumference Intersection (CI) Algorithm

In this subsection, a simple localization algorithm, denoted as Circumference Inter-

section (CI), is presented. A similar approach is introduced in [49]. We choose to

start from this algorithm because it is one of the most intuitive and it can be extended

to more elaborate algorithms.

In order to better explain the CI algorithm, let us make a few geometric consider-

ations on the considered problem. The knowledge of the coordinates of the ANs and

of the true distances{r i}3i=1 would allow obtaining the true position of the TN. As a

matter of fact, the TN lies on each of the circumferences{Ci}3i=1, centered in{si}3i=1

and with radii{r i}3i=1 identified by the following equations















(x−x1)
2 +(y−y1)

2 = r2
1

(x−x2)
2 +(y−y2)

2 = r2
2

(x−x3)
2 +(y−y3)

2 = r2
3.

(4.25)

Hence, the TN coordinatesu = [x,y] could be found as the (unique) point where the

three circumferences{Ci}3i=1 intersect.

Since the true distances{r i}3i=1 are unknown, one can only rely on their estimates

{r̂( j)
i }3i=1, j ∈ {1. . . ,1000}. For this reason, at each stepj ∈ {1, . . . ,1000}, equations

(4.25) are replaced by



























(x−x1)
2 +(y−y1)

2 =
[

r̂( j)
1

]2

(x−x2)
2 +(y−y2)

2 =
[

r̂( j)
2

]2

(x−x3)
2 +(y−y3)

2 =
[

r̂( j)
3

]2
.

(4.26)

Equations in (4.26) refer to the three circumferences, denoted as{Ĉ ( j)
i }3i=1, centered

in {si}3i=1 with radii {r̂( j)
i }3i=1. While the three circumferences{Ci}3i=1 intersect in a

unique point (which corresponds to the true TN position), due to the errors that affect

the range estimates{r̂( j)
i }3i=1, the three circumferences{Ĉ ( j)

i }3i=1 may not intersect

in a unique point.
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Figure 4.8: The three ANs (squares)

and the TN (black star) are shown.

The three circumferences{Ĉ (1)
i }3i=1 ob-

tained in the first iteration are shown

(solid lines) together with the circum-

ferences{Ci}3i=1 (dashed lines).
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Figure 4.9: A zoom of Figure 4.8 in a

neighbourhood of the TN is shown. The

intersections between pairs of circum-

ferences are emphasized, and the ob-

tained position estimate (magenta plus)

is shown.

In Figure 4.8, the circumferences{Ci}3i=1 defined in (4.25) and referred to the

scenario in Figure 4.6 are shown (dashed lines). As an illustrative example, the cir-

cumferences{Ĉ (1)
i }3i=1 relative to the distance estimates{r̂(1)

i }3i=1, (i.e., the distance

estimates obtained in the first iteration) are also shown (solid lines). The TN position

is denoted as a black star.

Even if, from Figure 4.8, the circumferences (4.25) with radii equal to the true

distances{r i}3i=1 may seem very similar to the corresponding circumferences (4.26)

with radii equal to{r̂(1)
i }3i=1 (i.e., corresponding toj = 1), Figure 4.9, which repre-

sents a zoom of Figure 4.8 in a neighbourhood of the TN, shows that there is indeed

a relevant difference. As a matter of fact, as expected, Figure 4.9 shows that:(i) the

position of the TN coincides with the (unique) intersectionbetween the three circum-

ferences defined in (4.25) and(ii) 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 thej−th iteration, which is denoted as

û( j) = [x̂( j), ŷ( j)], it is therefore necessary to consider a proper localization approach:

instead of looking for the intersection of the three circumferences (4.26), we intersect

pairs of them (namely,
(3

2

)

= 3 pairs).

More precisely, for each iterationj ∈ {1, . . . ,1000}, let us define the following

three sets (each of which contains two points), obtained by intersecting the three

different pairs of circumferences

I1 = {p
12

,q
12
} , Ĉ

( j)
1 ∩ Ĉ

( j)
2 (4.27)

I2 = {p
13

,q
13
} , Ĉ

( j)
1 ∩ Ĉ

( j)
3 (4.28)

I3 = {p
23

,q
23
} , Ĉ

( j)
2 ∩ Ĉ

( j)
3 . (4.29)

We then choose a point from each of the three sets, namelyp
1
∈ I1, p

2
∈ I2, and

p
3
∈ I3, so that the three selected points are the nearest ones to each other. More

precisely, since such points belong to circumferences intersections, it can be shown

that they can be chosen as

||p
1
− p

2
|| = minp∈I1,q∈I2||p−q|| (4.30)

||p
1
− p

3
|| = minq∈I3||p1

−q||. (4.31)

With reference to the configuration in Figure 4.8, such threepoints are shown in

Figure 4.9. In particular, in Figure 4.9 the orange square corresponds to one of the

two intersections between̂C (1)
1 andĈ

(1)
2 , the green asterisk corresponds to one of the

two intersections between̂C (1)
1 andĈ

(1)
3 , and the violet triangle corresponds to one

of the two intersections between̂C (1)
2 andĈ

(1)
3 .

Finally, the TN position estimate (magenta plus in Figure 4.9) is found as the

baricenter of these three points.

We remark that the intersection between two circumferencescould also be an

empty set. In this case, the TN position estimate is found based on the remaining

intersections. A modified and improved version of this algorithm 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 distance estimates derived in Section 4.3

is applied to practical localization problems, namely the ones introduced in Subsec-

tion 4.4.1, in order to analyze the impact of the statisticalcharacterization of the range

estimation error on the accuracy of the obtained position estimate.

Observe that, from the statistical model for the distance error (4.10), the true

distancer between a pair of RCMs can be expressed as a function of the estimated

distance ˆr according to

r ≃ r̂ +0.150
1.016

. (4.32)

It is then of interest to investigate what happens if, instead of applying the local-

ization strategies with the distances{r̂( j)
i }3i=1 (namely, the ones estimated from the

RCMs), we apply them to the following distances, obtained bycorrecting{r̂( j)
i }3i=1

with formula (4.32)

ř( j)
i ,

r̂( j)
i +0.150

1.016
i ∈ {1,2,3}. (4.33)

We show how the statistical model for the distance estimatesderived in Sec-

tion 4.3 is effective in improving the performance of the considered localization al-

gorithms, namely the CI localization algorithm, explainedin the previous section,

and the TSML-ToA algorithm.

These algorithms take as input the estimated distances between the ANs and the

TN and, therefore, the localization accuracy strongly depends on the quality of such

distance estimates.

In the following, for each scenario we first apply the considered localization

strategies with the distances{r̂( j)
i }3i=1 estimated from the RCMs. For each config-

uration of the nodes, 1000 distance estimates between each AN and the TN are taken

and they are then used in the aforementioned localization algorithms to obtain 1000

position estimates of the TN. Let us denote such position estimates as

û( j) , [x̂( j), ŷ( j)] j ∈ {1, . . . ,1000}.
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Then, we do the same with the distance corrections{ř( j)
i }3i=1 defined in (4.33),

obtained by applying to the same distance estimates{r̂( j)
i }3i=1 the statistical model

(4.10), thus obtaining 1000 TN position estimates, denotedas

ǔ( j) , [x̌( j), y̌( j)] j ∈ {1, . . . ,1000}.

We then compare the accuracy of the position estimates obtained with the dis-

tances{r̂( j)
i }3i=1 with the accuracy of the position estimates obtained with their cor-

rections{ř( j)
i }3i=1. The comparison is based on the average distance and the maximum

distance between the TN position estimates and the true TN position.

In particular, denote aŝd( j) the distance between the true TN position and its

estimate in thej−th iteration without taking into account the statistical model of the

range error and we denoted asď( j) the distance between the true TN position and its

estimate in thej−th iteration when using the proposed statistical model. Therefore,

one can write
d̂( j) , ||u− û( j)||
ď( j) , ||u− ǔ( j)||.

(4.34)

Then, the average values (over the 1000 iterations) of the distances between true

and estimated TN positions defined in (4.34) can be defined as

d̂avg ,
1

1000

1000

∑
j=1

d̂( j)

ďavg ,
1

1000

1000

∑
j=1

ď( j).

(4.35)

Finally, we also define the maximum values of the distances between true and esti-

mated TN positions defined in (4.34), namely

d̂max , max
j∈{1,...,1000}

d̂( j)

ďmax , max
j∈{1,...,1000}

ď( j).
(4.36)

The following experimental results are relative to the two scenarios 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 the CI localization algorithm

(magenta plus) and the 1000 position estimates obtained when taking into account

the statistical model for range estimates (green circles) are shown. The TN (black

star) is also shown.

4.5.1 First Scenario

The results in this subsection refer to the scenario shown inFigure 4.6, hence the one

in which the TN lies outside the convex hull of the three ANs. We first consider the

CI algorithm. In Figure 4.10, we directly compare the true TNposition (black star)

with the position estimates obtained in 1000 measurements with (green circles) and

without (magenta pluses) the correction (4.33). From Figure 4.10, it is apparent that

the proposed statistical model allows improving the performance accuracy of the CI

localization algorithm. As a matter of fact, the TN positionestimates obtained with

the distance corrections (4.33) are closer to the true TN position.
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Figure 4.11: PMFs of the distance errors

in the scenario in Figure 4.10 (a.) with-

out and (b.) with the statistical model.
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Figure 4.12: CDFs of the distance errors

in the scenario in Figure 4.10 (a.) with-

out and (b.) with the statistical model.

In Figure 4.11, the Probability Mass Functions (PMFs) of thedistances between

the true TN position and its estimates are shown. More precisely, Figure 4.11 (a.)

concerns the position estimates obtained without the statistical model for the distance

estimates. In this case, the distances between the true TN position and its estimates

are almost always greater than 10 cm. Figure 4.11 (b.), instead, refers to the position

estimates obtained with the statistical model. In this case, the distances between the

true TN position and its estimates are never greater than 10 cm.

In Figure 4.12, the Cumulative Distribution Functions (CDFs) of the distances

between the true TN position and its estimates are shown. Figure 4.12 (a.) is relative

to the position estimates obtained without the statisticalmodel and Figure 4.12 (b.)

is relative to the position estimates obtained by applying the correction (4.33). Fig-

ure 4.12 shows that, when applying the proposed correction,the distance error is

smaller than 7 cm more than 95% of the times. At the opposite, if the statistical

model for the distance estimates is not used, the distance error is never smaller than

8 cm. Moreover, in order to guarantee that the distance erroris smaller than a given

threshold 95% of the times, one needs to increase the distance threshold to 19 cm.



4.5. Application of the Statistical Model 97

0.5 0.6 0.7 0.8 0.9 1 1.1
0.75

0.8

0.85

0.9

0.95

1

1.05

1.1

1.15

1.2

1.25

x [m]

y
[m

]

 

 
True TN Position
Estimated Positions (w/o statistical distance model)
Estimated Positions (w statistical distance model)

Figure 4.13: The 1000 position estimates obtained with the TSML-ToA localization

algorithm (magenta plus) and the 1000 position estimates obtained when taking into

account the statistical model for range estimates (green circles) are shown. The TN

(black star) is also shown.

We now consider the TSML-ToA algorithm in the scenario shownin Figure 4.6

and we apply it to the same range estimates{r̂( j)
i }3i=1 and{ř( j)

i }3i=1 used with the CI

algorithm. In Figure 4.13, the results obtained with the TSML-ToA localization al-

gorithm are shown. The position estimates obtained in 1000 independent runs of the

TSML-ToA algorithm with (green circles) and without (magenta pluses) the distance

correction (4.33) are shown. The true TN position (black star) is also shown for com-

parison purposes. The results are analogous to those obtained in Figure 4.10 with the

CI algorithm. As a matter of fact, from Figure 4.13 it can be observed that the use of

the proposed statistical model improves the performance accuracy of the TSML-ToA

localization algorithm as well.
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Figure 4.14: PMFs of the distance in the

scenario in Figure 4.13 (a.) without and

(b.) with the statistical model.
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Figure 4.15: CDFs of the distance errors

in the scenario in Figure 4.13 (a.) with-

out and (b.) with the statistical model.

In Figure 4.14 and Figure 4.15, the PMFs and the CDFs of the distances between

the true TN position and its estimates (obtained according to the TSML-ToA algo-

rithm) are shown.

In particular, Figure 4.14 (a.) shows the PMF of the distancebetween the true TN

position and its estimates obtained without taking into account the statistical model

for the distance estimates. At the opposite, Figure 4.14 (b.) shows the PMF of the dis-

tance between the true TN position and its estimates obtained when considering the

distance correction (4.33). These PMFs are both similar to those shown in Figure 4.11

obtained with the CI algorithm.

Figure 4.15 (a.) shows the CDF relative to the position estimate error obtained

without the statistical model for the distance estimates, while Figure 4.15 (b.) is rel-

ative to the position estimates obtained using the correction (4.33). The two CDFs

are similar to those in Figure 4.12 and the distance error when applying the proposed

correction turns out to be smaller than 9 cm more than 95% of the times. At the op-

posite, if the model for the distance estimates is ignored, the distance error is never

smaller than 9 cm and it is smaller than 10 cm only 1% of the times.
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Scenario 1 CI Algorithm TSML-ToA Algorithm

d̂avg [m] 0.126 0.131

ďavg [m] 0.041 0.046

d̂max [m] 0.366 0.514

ďmax [m] 0.229 0.322

Table 4.2: The average and the maximum distances between thetrue TN position and

its estimates with (̂davg, d̂max) and without (ďavg, ďmax) the use of the statistical model.

The CI algorithm and the TSML-ToA algorithms are considered.

Let us now consider Table 4.2, where the values of the averagedistance and the

maximum distance between the true TN position and its estimates are shown. The

second column of Table 4.2 refers to the CI algorithm while the third column of

Table 4.2 refers to the TSML-ToA algorithm.

From the second column of Table 4.2, it can be observed that the use of the values

of the distances{ř i}3i=1, obtained with the correction (4.33), instead of values of the

distances{r̂ i}3i=1 directly estimated by the nodes, allows reducing the average range

error. As a matter of fact, the value ofďavg is 8.5 cm lower thand̂avg (corresponding

to a reduction of 67%). Similarly, the maximum range errorďmax, obtained using

{ř i}3i=1, is 14 cm shorter (corresponding to a reduction of 37%) than the maximum

range errord̂max obtained using{r̂ i}3i=1.

The third column of Table 4.2 shows that, as already observed, the distance cor-

rection (4.33) also improves the performance of the TSML-ToA algorithm. As a mat-

ter of fact, it can be observed that also in this case the valueof ďavg is 8.5 cm smaller

(corresponding to a reduction of 64%) thand̂avg, while the value ofďmax is nearly

19 cm (corresponding to a reduction of 37%) smaller thand̂max.

The performances of the two algorithms are then similar in terms of the average

distance between the true TN position and its estimates, while the values ofd̂max and

ďmax are larger when using the TSML-ToA algorithm with respect tothose obtained

with the CI algorithm.
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Figure 4.16: The 1000 position estimates obtained with the CI localization algorithm

(magenta plus) and the 1000 position estimates obtained when taking into account

the statistical model for range estimates (green circles) are shown. The TN (black

star) is also shown.

4.5.2 Second Scenario

The results presented in this subsection refer to the scenario shown in Figure 4.7

where the TN lies inside the convex hull of the three ANs. We start by considering

the CI algorithm. In Figure 4.16, we directly compare the true TN position (black star)

with the position estimates obtained over 1000 measurements with (green circles) or

without (magenta pluses) the correction (4.33). From Figure 4.16, it is apparent that

the proposed statistical model allows improving the performance accuracy of the CI

localization algorithm.
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Figure 4.17: PMFs of the distance errors

in the scenario in Figure 4.16 (a.) with-

out and (b.) with the statistical model.

0 2 4 6 8 10 12 14 16
0

0.2

0.4

0.6

0.8

1

d [cm]
(a.)

C
D

F

0 2 4 6 8 10 12
0

0.2

0.4

0.6

0.8

1

d [cm]
(b.)

C
D

F

Figure 4.18: CDFs of the distance errors

in the scenario in Figure 4.16 (a.) with-

out and (b.) with the statistical model.

In Figure 4.17 and Figure 4.18, the PMFs and the CDFs of the distances between

the true TN position and its estimates are shown.

Figure 4.17 (a.) shows the PMF of the distance between the true TN position and

its estimates when the statistical model for the distance estimates is not used, while

Figure 4.17 (b.) concerns the PMF obtained when taking into account the statistical

model defined in (4.33). Observe that these distributions are different from those

in Figure 4.11, which are relative to the scenario in Figure 4.6. More precisely, the

values of the distances between the true TN position and its estimates in Figure 4.17

are smaller than those in Figure 4.11.

Figure 4.18 (a.) shows the CDF relative to the position estimates obtained with-

out the statistical model for the distance estimates, whileFigure 4.18 (b.) is relative

to the position estimates obtained applying the proposed correction (4.33). From Fig-

ure 4.18, it can be observed that, when applying the proposedcorrection, the distance

error is smaller than 5 cm more than 95% of the times. At the opposite, if the statis-

tical model for the distance estimates is not used, the distance error is smaller than

5 cm only 1% of the times.
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Figure 4.19: The 1000 position estimates obtained with the TSML-ToA localization

algorithm (magenta plus) and the 1000 position estimates obtained when taking into

account the statistical model for range estimates (green circles) are shown. The TN

(black star) is also shown.

In Figure 4.19, the performance of the TSML-ToA localization algorithm in the

scenario in Figure 4.7 is investigated. The true TN position(black star) is compared

with the position estimates obtained over 1000 iterations with (green circles) or with-

out (magenta pluses) the correction (4.33). From Figure 4.19 it can be observed that,

once again, the use of the proposed statistical model improves the performance accu-

racy of the TSML-ToA localization algorithm. However, in this case the improvement

is limited if compared to the results in Figure 4.16 obtainedin the same scenario with

the CI algorithm.
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Figure 4.20: PMFs of the distance errors

in the scenario in Figure 4.19 (a.) with-

out and (b.) with the statistical model.
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Figure 4.21: CDFs of the distance errors

in the scenario in Figure 4.19 (a.) with-

out and (b.) with the statistical model.

In Figure 4.20, the PMFs of the distances between the true TN position and its

estimates are shown. More precisely, Figure 4.20 (a.) concerns the results obtained

without the statistical model in (4.33), while Figure 4.20 (b.) is relative to the results

obtained with the statistical model for distance estimates. As observed when consid-

ering the CI algorithm, the values of the distances between the true TN position and

its estimates in Figure 4.20 are smaller than those in Figure4.14 obtained with the

same algorithm in the scenario in Figure 4.6. This suggests that a configuration of the

nodes where the TN lies inside the convex hull of the three ANsis more favorable

for both localization approaches.

In Figure 4.21, the CDFs of the distances between the true TN position and its es-

timates (obtained according to the TSML-ToA algorithm) areshown. More precisely,

Figure 4.21 (a.) is relative to the position estimates obtained without the statistical

model for the distance estimates, while Figure 4.21 (b.) is relative to the position es-

timates obtained using the correction (4.33). Unlike Figure 4.18, the two CDFs are

very similar and, in both cases, the distance error turns outto be smaller than 6 cm

more than 95% of the times.
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Scenario 2 CI Algorithm TSML-ToA Algorithm

d̂avg [m] 0.090 0.040

ďavg [m] 0.028 0.026

d̂max [m] 0.166 0.104

ďmax [m] 0.129 0.096

Table 4.3: The average and the maximum distances between thetrue TN position and

its estimates with (̂davg, d̂max) and without (ďavg, ďmax) the use of the statistical model.

The CI algorithm and the TSML-ToA algorithm are considered.

In Table 4.3, the values of the average distance and the maximum distance be-

tween the true TN position and its estimates (relative to thesecond scenario) are

shown. The second column of Table 4.3 refers to the CI algorithm while the third

column refers to the TSML-ToA algorithm.

From the second column of Table 4.3, it can be observed that using the values

of the distances{ř i}3i=1, obtained with the correction (4.33), instead of the valuesof

the distances{r̂ i}3i=1 directly estimated by the nodes, reduces the average range error.

As a matter of fact, the value of̌davg is 6 cm lower thand̂avg (corresponding to a

reduction of 68%). Moreover, the maximum range errorďmax, obtained using{ř i}3i=1

is 4 cm shorter (corresponding to a reduction of 22%) than themaximum range error

d̂max obtained using{r̂ i}3i=1.

From the third column of Table 4.3, instead, it can be observed that the value of

ďavg is only 1.4 cm smaller (corresponding to a reduction of 35%) thand̂avg, while the

value ofďmax is only 8 mm (corresponding to a reduction of 8%) shorter thand̂max.



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 algorithm which tackles the is-

sues of real-world indoor localization and we also show someexperimental results

obtained with the PulsON 410 RCMs in an indoor scenario with obstacles between

ANs and a TN. The algorithm uses multiple distance measurements to obtain TN

position estimates also in the presence of NLoS phenomena.

In our experimental setup, three or four RCMs are used as ANs and they are all

connected to the same host, namely a Raspberry Pi, on which two variants of the

proposed localization algorithm are implemented. AnotherRCM is then used as TN.

Even though the performance of the proposed localization algorithm is shown in the
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presence of a static TN, the proposed algorithm can also be used in dynamic real-time

localization scenarios. The ANs and the TN are positioned onthe same plane.

We first consider a scenario with three ANs and then a scenariowith four ANs. In

each scenario,Nc (independent) range estimates from each AN are taken, thus leading

to Nc position estimates of the considered TN. Denoting asu= [x,y] the true position

of the TN and as ˆu( j) = [x̂( j), ŷ( j)] its estimate in thej−th iteration, j ∈ {1, . . . ,Nc},
the distance (namely, the error) between the true TN position and its estimate in the

j−th iteration can be expressed as

d( j) ,

√

(x− x̂( j))2 +(y− ŷ( j))2. (5.1)

In order to evaluate the performance of the proposed localization algorithm, the

average distancedavg over a sufficiently large numberNc of iterations is defined

davg ,
1
Nc

Nc

∑
j=1

d( j). (5.2)

In the following sections, some variants of the proposed localization algorithm

are explained and their performances, in terms ofdavg, are shown.

5.2 Algorithm with Three ANs

In this section, three RCMs are considered as ANs. We remark that three is the min-

imum number of ANs that allows finding the position of a TN in a bidimensional

scenario. We assume that the coordinates of the ANs in the considered coordinate

system are

s0 = [0,L] s1 = [−V,0] s2 = [V,0] (5.3)

whereL andV are setting parameters. We also assume the presence of an obstacle,

namely a large metal infrastructure, which introduces NLoSphenomena.

The considered scenario is shown in Figure 5.1, where the black rectangle rep-

resents the metal obstacle, the three ANs are denoted with coloured stars, and the

values of the parametersL andV in (5.3) are set to 2 m and 0.5 m, respectively (as in

the experimental scenario described in Section 5.3).
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Figure 5.1: The ANs (coloured stars) and the metal obstacle in the first scenario

(black rectangle) are shown.

The TN positionu can be found as the intersection of the circumferences{Ci}2i=0














x2 +(y−L)2 = r2
0

(x+V)2 +y2 = r2
1

(x−V)2 +y2 = r2
2

(5.4)

centered in{si}2i=0 with radii {r i}2i=0 equal to the true distances between the TN and

the i−th AN. Assuming that such distances are unknown, the localization must be

based on their estimates. Let us denote as{r̂( j)
i }2i=0 the estimates of{r i}2i=0 in the

j−th iteration. Hence, the position estimate ˆu( j) in the j−th iteration has to be found

on the basis of the set of circumferences{C ( j)
i }2i=0



















Ĉ
( j)
0 : x2 +(y−L)2 = [r̂( j)

0 ]2

Ĉ
( j)
1 : (x+V)2 +y2 = [r̂( j)

1 ]2

Ĉ
( j)
2 : (x−V)2 +y2 = [r̂( j)

2 ]2

(5.5)

where the true distances{r i}2i=0 in (5.4) are replaced by their estimates{r̂( j)
i }2i=0.
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Two variants of the proposed localization algorithm are described in the remain-

der of this section. The first one only relies on the estimateddistances between the

ANs and the TN and it is an improved version of the CI algorithmdescribed in Sub-

section 4.4.2. The second one can be considered as an improved version of the first

one, as it also uses the values ofvPeak1 provided by the RCMs, in order to decide

if a distance measurement is reliable or not. Both algorithms can be divided into two

steps: the first one corresponds to the acquisition of the distance estimates between

each AN and the TN; the second one performs the localization on the basis of the

data collected in the first step.

The algorithms are explained in detail in the two following subsections. For the

sake of simplicity, while explaining the algorithms we omitthe superscript( j), used

to denote thej−th iteration, and we simplify the notation writing[⋆] instead of ˆ[⋆]

even if the considered quantities are estimates. We remark that this notation does not

introduce ambiguity because the algorithm only makes use ofestimated quantities.

5.2.1 A Distance-based Localization Algorithm

In this subsection, a distance-based localization algorithm is explained. A pseudocode

of the algorithm, which is implemented on the host (namely, the Raspberry Pi con-

nected to the three RCMs) is shown in Listing 5.1. In the following, we refer to this

algorithm as Algorithm 1.

In the first part of the algorithm, the distance estimates between each AN and

the TN are acquired. First, the nodes AN1 and AN2 are put in the sleep mode and

the node AN0 performs a range request in broadcast, so that each RCM within range

can reply (line 5 of Listing 5.1). As soon as a node replies, the obtained distance

estimaterangeInfo.precisionRangeMm is saved inr0 and the ID of the replying

noderangeInfo.responderId is passed to AN1 and AN2, which are waken up

sequentially to directly interrogate the replying node (lines 7 and 10 of Listing 5.1).

Observe that, since a metal obstacle is placed among the RCMs, AN1 and/or AN2

may be in NLoS with the RCM which replied to AN0. Due to propagation errors, it

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

1 procedure algorithm 1

2

3 for cycle∈ {1, . . . ,Nc}
4 status1← 0, status2← 0

5 rcmRangeToEx(AN0, BROADCAST_NODE_ID)

6 r0← rangeInfo.precisionRangeMm

7 if (rcmRangeToEx(AN1, rangeInfo.responderId) 6=ERR)
8 status1← 1

9 r1← rangeInfo.precisionRangeMm

10 if (rcmRangeToEx(AN2, rangeInfo.responderId) 6=ERR)
11 status2← 1

12 r2← rangeInfo.precisionRangeMm

13

14 if (status1 = 1∧status2 = 1)

15 findTargetPosition

16 else if (status1 = 1∧status2 = 0)

17 findTargetPositionNoS2

18 else if (status1 = 0∧status2 = 1)

19 findTargetPositionNoS1

20 else if (status1 = 0∧status2 = 0)

21 u← [∞,∞]

is then possible that the enquired TN does not reply to the range request from one

or both of them. In this case, the values ofstatus1 and/orstatus2 are kept equal to

0, otherwise they are set to 1 and the distance estimates are saved inr1 and/orr2,

respectively.

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

viously obtained, localization is performed. Depending onthe number of available

range estimates, three different localization strategiesare considered.

Before analyzing in detail these localization strategies whose pseudocodes are

shown in Listings 5.5, 5.6, and 5.7, we describe three frequently used functions.



110 Chapter 5. A Localization Algorithm for Realistic Scenarios

Listing 5.2: Pseudocode of functionfindNearer.

1 function I = findNearer(A,B)

2 input: A = {p
0
, p

1
} coordinates of two points

3 B = {q
0
,q

1
} coordinates of two points

4 output: I = {p,q} coordinates of the two nearest points

5 from A and B

6

7 choose p∈ A, q∈ B: ||p−q||= mini, j∈{0,1}||pi
−q

j
||

8 I ←{p,q}

Listing 5.3: Pseudocode of functionmaxAbscissa.

1 function u = maxAbscissa(I)

2 input: I = {p
0
= [x0,y0], p

1
= [x1,y1]} coordinates of two points

3 output: u chosen point

4

5 if (x0 < x1)

6 u← p
1

7 else

8 u← p
0

The functionfindNearer defined in Listing 5.2 takes as inputs two sets (say

A andB), each of which contains the coordinates of two points, and returns the two

nearest points from the two sets, namelyp∈ A andq∈ B which satisfy

||p−q||= mina∈A,b∈B||a−b||. (5.6)

The functionmaxAbscissa defined in Listing 5.3 takes as input a set contain-

ing the coordinates of two points and it returns the coordinate of the point with the

greatest abscissa.

Similarly, the functionminAbscissa defined in Listing 5.4 takes as input a set

containing the coordinates of two points and it returns the coordinate of the point

with the smallest abscissa.
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Listing 5.4: Pseudocode of functionminAbscissa.

1 function u = minAbscissa(I)

2 input: I = {p
0
= [x0,y0], p

1
= [x1,y1]} coordinates of two points

3 output: u chosen point

4

5 if (x0 < x1)

6 u← p
0

7 else

8 u← p
1

We can now describe the position estimate phase in Listing 5.1. We remark that

every time the TN positionu cannot be estimated, in the pseudocode we denote it as

u = [∞,∞]. Four cases are identified, on the basis of the number of available distance

estimates.

Case 1. If status1 = 1 andstatus2 = 1 (line 14 of Listing 5.1) the localization al-

gorithm is described in the procedurefindTargetPosition in Listing 5.5. In this

case, the three distance measurements{r i}2i=0 are available and the final position esti-

mate can be obtained from the intersection of pairs of circumfereces. More precisely,

let us define the following two sets (lines 3 and 4 of Listing 5.5)

I = C0∩C1 J = C0∩C2. (5.7)

Each set can either contain the coordinates of two points2 if the considered circum-

ferences intersect or it can be empty if the circumferences do not intersect.

If both pairs of circumferences intersect (line 5 of Listing5.5), we choose the two

nearest points fromI andJ, according to Listing 5.2, and the final position estimate

is found as the baricenter of these two points (line 7 of Listing 5.5).

If C0 andC2 intersect butI is empty (line 8 of Listing 5.5), we look for the two

nearest points ofC0 and C1. The reason for doing so is thatC0 and C1 may not

intersect just because of small errors on the range estimates r0 andr1. In order to find

2The two points would coincide in case of tangent circumferences.
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Listing 5.5: Pseudocode of procedurefindTargetPosition.

1 procedure findTargetPosition

2

3 I ←{p
0
, p

1
}= C0∩C1

4 J←{q
0
,q

1
}= C0∩C2

5 if(I 6= /0∧J 6= /0)

6 {p,q}← findNearer(I ,J)

7 u← 1
2(p+q)

8 else if(I = /0∧J 6= /0)

9 A← C0∩R01, B← C1∩R01, I = {p
0
, p

1
}← findNearer(A,B)

10 if (||p
0
− p

1
|| ≤ dTh)

11 {p,q}← findNearer(I ,J), u← 1
2(p+q)

12 else

13 u← maxAbscissa(J)

14 else if(I 6= /0∧J = /0)

15 A← C0∩R02, B← C2∩R02, J = {q
0
,q

1
}← findNearer(A,B)

16 if (||q
0
−q

1
|| ≤ dTh)

17 {p,q}← findNearer(I ,J), u← 1
2(p+q)

18 else

19 u← minAbscissa(I)

20 else if(I = /0∧J = /0)

21 A← C0∩R01, B← C1∩R01, I = {p
0
, p

1
}← findNearer(A,B)

22 A← C0∩R02, B← C2∩R02, J = {q
0
,q

1
}← findNearer(A,B)

23 d1← ||p0
− p

1
||, d2← ||q0

−q
1
||

24 if (d1≤ dTh∧d2≤ dTh)

25 {p,q}← findNearer(I ,J), u← 1
2(p+q)

26 else if (d1≤ dTh∧d2 > dTh)

27 u← 1
2(p

0
+ p

1
)

28 else if (d1 > dTh∧d2≤ dTh)

29 u← 1
2(q

0
+q

1
)

30 else

31 u← [∞,∞]
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the two nearest points ofC0 andC1, we need to intersect both these circumferences

with the lineR01 which goes through their centers, whose equation is

R01 : y =
L
V

x+L. (5.8)

Each of the two intersectionsC0∩R01 andC1∩R01 returns two points and the two

nearest points ofC0 andC1 can be found according to the function defined in List-

ing 5.2. If the distance between the points is below a given distance thresholddTh

(line 10 of Listing 5.5), thenI is redefined as the set containing these two points and

the localization is performed as in the first case. Otherwise, it is reasonable to assume

that the distance estimater1 is far inaccurate and this may be likely due to the fact

that the TN and AN1 are in NLoS. For this reason, in order to be coherent with the

fact that AN1 is obscured by the obstacle, the final position estimateu is defined as

the point inJ with the greatest abscissa (line 13 of Listing 5.5).

Similar considerations hold ifC0 andC1 intersect butJ is empty (line 14 of List-

ing 5.5). In this case, the two nearest points ofC0 andC2 can be found by intersecting

the two circumferences with the lineR02 which goes through their centers

R02 : y =− L
V

x+L. (5.9)

If the distance between these two points is below the distance thresholddTh (line

16 of Listing 5.5), thenJ is redefined as the set containing the two points and the

localization is performed as in the first case. Otherwise, since the points inI are

symmetric with respect to the lineR01 defined in (5.8), the final position estimateu

is the point inI with the smallest abscissa (line 19 of Listing 5.5), in orderto make

sure that AN2 is obscured by the metal obstacle.

Finally, if both I andJ are empty (line 20 of Listing 5.5) we look for the two

nearest points ofC0 andC1 and the two nearest points ofC0 andC2. If the distances

between both these pairs of points is belowdTh (line 24 of Listing 5.5), thenI andJ

are redefined as the sets containing these two pairs of pointsand the localization is

performed as in the first case. If the distance between the twonearest points ofC0

andC1 is belowdTh and the distance between the two nearest points ofC0 andC2

is above that threshold (line 26 of Listing 5.5), the TN position estimate is obtained
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Listing 5.6: Pseudocode of procedurefindTargetPositionNoS2.

1 procedure findTargetPositionNoS2

2

3 I ←{p
0
, p

1
}= C0∩C1

4 if(I 6= /0)

5 u← minAbscissa(I)

6 else if(I = /0)

7 A← C0∩R01, B← C1∩R01

8 I = {p
0
, p

1
}← findNearer(A,B)

9 if (||p
0
− p

1
|| ≤ dTh)

10 u← 1
2(p

0
+ p

1
)

11 else

12 u← [∞,∞]

as the baricenter of the first pair of points. Similarly, if the distance between the two

nearest points ofC0 andC1 is abovedTh while the distance between the two nearest

points ofC0 andC2 is belowdTh (line 28 of Listing 5.5), the TN position estimate

is obtained as the baricenter of the second pair of points. Otherwise, the TN position

cannot be estimated.

Case 2. If status1 = 1 andstatus2 = 0 (line 16 of Listing 5.1) the localization

algorithm is described in the procedurefindTargetPositionNoS2 in Listing 5.6.

In this case, since the range estimate from AN2 is not available, we can only consider

C0 andC1 and their intersectionI defined in (5.7).

If I is not empty (line 4 of Listing 5.6), the TN position estimateis the point inI

with the smallest abscissa, for the same considerations about line 19 of Listing 5.5.

If I is empty (line 6 of Listing 5.6), we look for the two nearest points of C0 and

C1 (as done in the case in line 8 of Listing 5.5). If their distance is below the distance

thresholddTh the TN position estimate is defined as the baricenter of such points.

This choice is due to the fact that the distance estimate fromAN2 is not available

and, therefore, we cannot rely on the setJ (unlike in the case in line 8 of Listing 5.5).

Otherwise, the available range estimates do not allow estimating the TN position.
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Listing 5.7: Pseudocode of procedurefindTargetPositionNoS1.

1 procedure findTargetPositionNoS1

2

3 J←{q
0
,q

1
}= C0∩C2

4 if(J 6= /0)

5 u← maxAbscissa(J)

6 else if(J = /0)

7 A← C0∩R02, B← C2∩R02

8 J = {q
0
,q

1
}← findNearer(A,B)

9 if (||q
0
−q

1
|| ≤ dTh)

10 u← 1
2(q

0
+q

1
)

11 else

12 u← [∞,∞]

Case 3. If status1 = 0 andstatus2 = 1 (line 18 of Listing 5.1) the localization

algorithm is described in the procedurefindTargetPositionNoS1 in Listing 5.7.

In this case, we can only consider the intersectionJ of C0 andC2 defined in (5.7)

since the range estimate from AN1 is not available.

If J is not empty (line 4 of Listing 5.7), the TN position estimateis the point inJ

on the other side of AN1 with respect to the metal obstacle, namely the one with the

greatest abscissa.

If J is empty (line 6 of Listing 5.7) and the distance between the two nearest

points ofC0 andC2 is below the distance thresholddTh, then the TN position estimate

is defined as the baricenter of the two points. Otherwise, theTN position cannot be

estimated.

Case 4. If status1 = 0 andstatus2 = 0 (line 20 of Listing 5.1) the range estimates

from AN1 and AN2 are both unavailable. Hence, since only one distance estimate

(namely,r0) is known, the position estimate cannot be obtained. As a matter of fact,

the knowledge of only one distance estimate does not allow implementing any local-

ization strategy. The only available information is that the TN position estimates lie

on a circumference centered ins0 with radiusr0.
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Listing 5.8: Pseudocode of procedurefindTargetPositionVPeak.

1 procedure findTargetPositionVPeak

2

3 if (vPeak1≥ vPeakTh∧vPeak2≥ vPeakTh)

4 findTargetPosition

5 else

6 if (vPeak1≥ vPeak2)

7 findTargetPositionNoS2

8 else

9 findTargetPositionNoS1

5.2.2 A Localization Algorithm Based on Distances andvPeak

In this subsection, an improved version of Algorithm 1 introduced in Subsection 5.2.1

is presented. In particular, the quality of the range estimates{r i}2i=0 is evaluated in

terms of the corresponding values ofvPeak obtained by the RCMs. Since, as ex-

plained in Section 4.2,vPeak measures the RSS, large values ofvPeak are likely

relative to LoS paths while small values ofvPeak are relative to NLoS paths. For

this reason, denoting as{vPeaki}2i=0 the values ofvPeak relative to{AN i}2i=0, the

greatest isvPeaki, the most reliable is the distance estimater i . In the following, we

refer to this algorithm as Algorithm 2.

The algorithm is the same as in Listing 5.1, except for the fact that in the lo-

calization phase the procedurefindTargetPosition (line 14) is substituted by

findTargetPositionVPeak explained in Listing 5.8. If bothvPeak1 andvPeak2
are above a given thresholdvPeakTh (line 3 of Listing 5.8), then the localization is per-

formed as in Listing 5.5. IfvPeak1 or vPeak2 are below the thresholdvPeakTh (line 5

of Listing 5.8), then the localization is performed relyingonly on the range estimate

from the node with the greatestvPeak, regardless of the fact that this is above or

below the thresholdvPeakTh. We remark that, ifvPeak1 andvPeak2 are both below

the thresholdvPeakTh, we still consider the range estimates from the RCM with the

largest value ofvPeak (otherwise the TN position estimate could not be performed).



5.3. Results Obtained with Three ANs 117

−5 0 5

−8

−6

−4

−2

0

2

4

6

8

10

x [m]

y
[m

]

Figure 5.2: All the considered TN positions (black dots) are shown. The ANs

(coloured stars) and the obstacle (black rectangle) are also shown.

5.3 Results Obtained with Three ANs

In this section, we show some results relative to the scenario described in Section 5.2.

As in Figure 5.1, the values of the parametersL andV in (5.3) are set to 2 m and 0.5 m,

respectively, so that the coordinates of the ANs, expressedin meters, are

s0 = [0,2] s1 = [−0.5,0] s2 = [0.5,0]. (5.10)

All the results are obtained with the distance thresholddTh set to 0.5 m and the

vPeak thresholdvPeakTh set to 5000. The choice of these parameters is due to ex-

perimental calibration.

We assume that range measurements from the three ANs are usedto obtain the

position estimates of a static TN. We consider 66 different TN positions which are

shown in Figure 5.2.
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Figure 5.3: Values ofdavg 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 described in Listing 5.1 is

applied withNc = 100. Once the 100 position estimates are given, the knowledge of

the true TN position allows evaluating the average distanceerrordavg defined in (5.2).

Then, Algorithm 2 is applied to the same range estimates usedwith Algorithm 1 and

the average distance errordavg is evaluated for each TN position.

The results, in terms ofdavg, are shown in Figure 5.3. In particular, Figure 5.3 (a.)

is relative to Algorithm 1. Each TN position is associated with a different colour, de-

pending on the corresponding value ofdavg. More precisely: red squares correspond

to values ofdavg smaller than 20 cm; orange squares correspond to values ofdavg be-

tween 20 cm and 40 cm; yellow squares correspond to values ofdavg between 40 cm

and 60 cm; green squares correspond to values ofdavg between 60 cm and 80 cm; blue

squares correspond to values ofdavg between 80 cm and 1 m; and violet squares cor-

respond to values ofdavg larger than 1 m. Figure 5.3 (b.) can be similarly interpreted

but for the fact that it refers to the results obtained with Algorithm 2.
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From the results in Figure 5.3 one can deduce that Algorithm 2is, indeed, an

improvement of Algorithm 1. As a matter of fact, Figure 5.3 (a.) shows that when

using Algorithm 1, the value ofdavg is below 20 cm only in 3 (over 66) TN positions,

corresponding to 4.5% of the cases. When using Algorithm 2, instead, the value of

davg is below 20 cm in 11 TN positions, corresponding to 16% of the cases, namely

4 times the percentage obtained with Algorithm 1.

Furthermore,davg obtained with Algorithm 1 is below 40 cm in 28 TN positions,

as shown in Figure 5.3 (a.). This corresponds to a percentageof 42%, which is nearly

10 times the percentage relative todavg smaller than 20 cm. However, in more than

a half of the considered TN positions, the average distance error davg is greater than

40 cm. At the opposite, when using Algorithm 2, the value ofdavg is below 40 cm in

40 TN positions, namely in 60% of the cases.

Moreover, when using Algorithm 1, the value ofdavg is larger than 1 m in 4 TN

positions, while if Algorithm 2 is used this happens only once.

Even if, generally speaking, Algorithm 2 improves the performance of Algo-

rithm 1, a comparison between Figure 5.3 (a.) and Figure 5.3 (b.) shows that there is

one TN position where the value ofdavg obtained with Algorithm 2 is greater than

that obtained with Algorithm 1. This happens when the TN coordinates, expressed

in meters, areu = [−2,−2]. This is due to the fact that, in this case, some range

estimates are accurate even if they are associated with small values ofvPeak. Al-

gorithm 2 ignores such range estimates, leading to a performance degradation with

respect to Algorithm 1.

However, in many TN positions, the value ofdavg obtained with Algorithm 1 is

analogous to that obtained with Algorithm 2 (for instance, in the TN positions on the

left of the metal obstacle) and in 16 TN positions the value ofdavg obtained with Al-

gorithm 2 is smaller than that obtained with Algorithm 1. Theimproved performance

of Algorithm 2 is particularly evident in some TN positions.

As an illustrative example, let us consider the TN position whose coordinates,

expressed in meters, areu = [−3,8]. In this case, Figure 5.3 shows that the improve-

ment of Algorithm 2 is particularly noticeable as it allows reducingdavg below 20 cm

while, according to Algorithm 1,davg is larger than 1 m.
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Figure 5.4: TN position estimates with (a.) Algorithms 1 and(b.) 2.

All the 100 position estimates are shown in Figure 5.4, where(a.) shows the

position estimates obtained with Algorithm 1 and (b.) showsthe position estimates

obtained with Algorithm 2. From Figure 5.4 (a.) it can be observed that the position

estimates with Algorithm 1 can be very inaccurate. To be precise, 16 position esti-

mates (among the obtained 100) are nearly 9 meters from the true TN position. This

is due to the fact that, in this scenario, AN2 is in NLoS with the TN, leading to wrong

estimates of ˆr2 which can have a big impact on the final position estimate.

An illustrative example is shown in Figure 5.5, where the circumferences{Ci}2i=0

centered in{si}2i=0 with radii {r i}2i=0 are shown (dashed lines) together with the cir-

cumferences{Ĉ (29)
i }2i=0 obtained with the range estimates{r̂(29)

i }2i=0 in the 29−th

iteration. It can be observed that the estimates ofr0 and r1 are sufficiently accu-

rate and the TN is near one of the two points in̂C
(29)
0 ∩ Ĉ

(29)
1 . At the opposite,r2

is underestimated by nearly 1 m. Due to this fact, the two points in which Ĉ
(29)
2

intersectsĈ (29)
0 are far from the true TN position and, moreover, one of them is

near to the wrong intersection between̂C
(29)
0 andĈ

(29)
1 . Referring to the procedure

findTargetPosition, we are in the case shown in line 5. When looking for the
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Figure 5.5: The circumferences{Ci}2i=0 (dashed lines) and their estimates obtained

from the range estimates in the 29−th iteration{Ĉ (29)
i }2i=0 (solid lines) are shown.

The TN position estimate in this case, expressed in meters, is [5.73,5.63].

two nearest points ofI andJ we find that they are the ones on the right of the figure,

which turn out to be the wrong ones. The procedurefindTargetPositionVPeak

used in Algorithm 2 can overcome this problem. As a matter of fact, in the 29−th

iteration the value ofvPeak2 is below the thresholdvPeakTh, so that the localization

estimate is performed according to the procedurefindTargetPositionNoS2, i.e.,

ignoring the range estimate from AN2 and choosing as a final position estimate the

point in Ĉ
(29)
0 ∩ Ĉ

(29)
1 with the smallest abscissa, namely the one which is actually

nearer to the TN.

The previous example shows how the values of{vPeaki}2i=0 can be useful to im-

prove the localization performance. These values in the considered TN positions are
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Figure 5.6: The values of (a.)vPeak0, (b.)vPeak1, and (c.)vPeak2 are shown.

shown in Figure 5.6. More precisely, Figure 5.6 (a.) refers to vPeak0, Figure 5.6 (b.)

refers tovPeak1, and Figure 5.6 (c.) refers tovPeak2. Figure 5.6 (a.) shows that, as

expected, if we consider TN positions with ordinate greaterthan 2 m (so that the TN

is in LoS with AN0), the values ofvPeak0 are large and they gradually decrease as

the distancer0 between the TN and AN0 increases. At the opposite, if the obstacle is

between the TN and AN0, the values ofvPeak0 are small because of the signal atten-

uation due to the presence of the metal obstacle. ConcerningvPeak1, Figure 5.6 (b.)

shows that its values are often large, since the majority of the TN positions are on the

same side of the metal obstacle with respect to AN1. At the opposite, Figure 5.6 (c.)

shows that the values ofvPeak2 are often small, especially in correspondence to TN

positions with ordinate greater than 2 m. Once again, this isdue to the presence of

the metal obstacle between the TN and AN2.

Figure 5.6 shows that three ANs are not sufficient to have a good coverage, in

terms ofvPeak, in all the considered TN positions. For this reason, aimingat im-

proving the results in Figure 5.3, in next sections we consider a similar scenario with

four ANs.
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5.4 Algorithm with Four ANs

In this section, aiming at improving the performance obtained with the localization

setup described in Section 5.2, four ANs are considered. Defining two parametersL

andV, we assume that their coordinates are

s0 = [−V,L] s1 = [V,L] s2 = [−V,0] s3 = [−V,L]. (5.11)

The considered scenario is shown in Figure 5.7, where the black rectangle repre-

sents the metal obstacle, the four ANs are denoted with coloured stars, and the values

of the parametersL andV in (5.11) are set to 2 m and 0.5 m, respectively.

The knowledge of the coordinates of the four ANs and of the true distances

{r i}3i=0 between the TN and thei−th AN allows deriving the circumferences{Ci}3i=0

centered in{si}3i=0


























(x+V)2 +(y−L)2 = r2
0

(x+V)2 +y2 = r2
1

(x−V)2 +y2 = r2
2

(x−V)2 +(y−L)2 = r2
3

(5.12)

the intersection of which corresponds to the TN position. Since the true distances are

supposed to be unknown, the TN localization in thej−th iteration can only be based

on their estimates, hence on the set of circumferences{Ĉ ( j)
i }3i=0































(x+V)2 +(y−L)2 = [r̂( j)
0 ]2

(x+V)2 +y2 = [r̂( j)
1 ]2

(x−V)2 +y2 = [r̂( j)
2 ]2

(x−V)2 +(y−L)2 = [r̂( j)
3 ]2

(5.13)

centered in{si}3i=0 and whose radii are the estimated distances{r̂( j)
i }3i=0.

In the remainder of this section, the two localization algorithms described in Sec-

tion 5.2 are rearranged to the case of four ANs. The algorithmdetails are given in the

two following subsections. As in Section 5.2, in the pseudocode the superscript( j) is

omitted and we simplify the notation writing[⋆] instead of ˆ[⋆] even if the considered

quantities are estimates.
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Figure 5.7: The ANs (coloured stars) and the metal obstacle in the second scenario

(black rectangle) are shown.

5.4.1 A Distance-based Localization Algorithm

In this subsection, Algorithm 1 introduced in Subsection 5.2.1 is extended to the case

of four ANs. A pseudocode of the algorithm implemented on thehost (namely, the

Raspberry Pi connected to the four RCMs) is shown in Listing 5.9.

The first part of the algorithm involves the acquisition of the distance estimates

between each AN and a TN. The first range request is performed (in broadcast) by

AN0 (line 5 of Listing 5.9) and, as soon as a TN replies, the remaining ANs directly

enquire (in sequence) that TN (lines 8, 12, and 16 of Listing 5.9). If, due to the

presence of a metal obstacle in the considered scenario, therange requests are not

successful, the values ofstatus1, status2 and/orstatus3 are kept equal to 0, otherwise

they are set to 1 and the distance estimates{r i}3i=1 and the values of{vPeaki}3i=1 are

saved. The values of{vPeaki}3i=1 are saved because, even if we do not use them to

improve the localization accuracy, we rely on them to selectwhich triplet of range

estimates must be used if all the four estimates are available.
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Listing 5.9: Pseudocode of Algorithm 1 for four ANs.

1 procedure algorithm 1

2

3 for cycle∈ {1, . . . ,Nc}
4 status1← 0, status2← 0, status3← 0

5 rcmRangeToEx(AN0, BROADCAST_NODE_ID)

6 r0← rangeInfo.precisionRangeMm

7 vPeak0← rangeInfo.vPeak

8 if (rcmRangeToEx(AN1, rangeInfo.responderId) 6=ERR)
9 status1← 1

10 r1← rangeInfo.precisionRangeMm

11 vPeak1← rangeInfo.vPeak

12 if (rcmRangeToEx(AN2, rangeInfo.responderId) 6=ERR)
13 status2← 1

14 r2← rangeInfo.precisionRangeMm

15 vPeak2← rangeInfo.vPeak

16 if (rcmRangeToEx(AN3, rangeInfo.responderId) 6=ERR)
17 status3← 1

18 r3← rangeInfo.precisionRangeMm

19 vPeak3← rangeInfo.vPeak

20

21 if (status1 = 1∧status2 = 1∧status3 = 1)

22 findTargetPosition4

23 else if (status1 = 1∧status2 = 1∧status3 = 0)

24 findTargetPositionNoS3

25 else if (status1 = 1∧status2 = 0∧status3 = 1)

26 findTargetPositionNoS2

27 else if (status1 = 0∧status2 = 1∧status3 = 1)

28 findTargetPositionNoS1

29 else if (status1 = 1∧status2 = 0∧status3 = 0)

30 findTargetPositionS0S1

31 else if (status1 = 0∧status2 = 1∧status3 = 0)

32 findTargetPositionS0S2

33 else if (status1 = 0∧status2 = 0)

34 u← [∞,∞]
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Listing 5.10: Pseudocode of functionmaxOrdinate.

1 function u = maxOrdinate(I)

2 input: I = {p
0
= [x0,y0], p

1
= [x1,y1]} coordinates of two points

3 output: u chosen point

4

5 if (y0 < y1)

6 u← p
1

7 else

8 u← p
0

Listing 5.11: Pseudocode of functionminOrdinate.

1 function u = minOrdinate(I)

2 input: I = {p
0
= [x0,y0], p

1
= [x1,y1]} coordinates of two points

3 output: u chosen points

4

5 if (y0 < y1)

6 u← p
0

7 else

8 u← p
1

As a matter of fact, even if four range estimates are available, at least one of them is

not reliable because in the considered scenario at least oneAN is in NLoS with the

TN. To be coherent with the considerations made in Section 5.2 we assume that the

most inaccurate range estimate is the one with the smallestvPeak.

As in the case with three ANs, the second part of the algorithmis dedicated to the

TN localization, on the basis of the parameters obtained in the first part. Depending

on the number of available range estimates, different localization strategies can be

considered.

In these localization strategies, the functionsfindNearer, maxAbscissa, and

minAbscissa defined in Listing 5.2, Listing 5.3, and Listing 5.4, respectively, are

used. Moreover, two additional functions are used in the following.
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Listing 5.12: Pseudocode of procedurefindTargetPosition4.

1 procedure findTargetPosition4

2

3 if (vPeak0≤ vPeak1∧vPeak0≤ vPeak2∧vPeak0≤ vPeak3)

4 findTargetPositionNoS0

5 else if (vPeak1≤ vPeak2∧vPeak1≤ vPeak3∧vPeak1≤ vPeak0)

6 findTargetPositionNoS1

7 else if (vPeak2≤ vPeak1∧vPeak2≤ vPeak3∧vPeak2≤ vPeak0)

8 findTargetPositionNoS2

9 else if (vPeak3≤ vPeak1∧vPeak3≤ vPeak2∧vPeak3≤ vPeak0)

10 findTargetPositionNoS3

The functionmaxOrdinate in Listing 5.10 takes as input a set containing the

coordinates of two points and returns the coordinate of the point with the greatest

ordinate.

Analogously, the functionminOrdinate defined in Listing 5.11 takes as input a

set containing the coordinates of two points and returns thecoordinate of the point

with the smallest ordinate.

We can now describe the position estimate phase in Listing 5.9. Eight cases are

identified on the basis of the number of available distance estimates and of the values

of vPeak.

Case 1. If status1 = 1, status2 = 1, andstatus3 = 1 (line 21 of Listing 5.9) the

localization algorithm is described infindTargetPosition4 in Listing 5.12. Ob-

serve that in the considered scenario, shown in Figure 5.7, for each possible TN

position at least one AN is in NLoS with the TN, due to the presence of the metal

obstacle. For this reason, even if four range estimates are available, in the proposed

algorithm one of them is always discarded. More precisely, we discard the range esti-

mate associated with the smallestvPeak, as it is likely associated with a NLoS path,

and, consequently, can be far inaccurate. Hence, in Listing5.12 the position estimate

is made according to the procedures described in Listings 5.13-5.17, depending on

the values ofvPeak.
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Listing 5.13: Pseudocode of procedurefindTargetPositionNoS0.

1 procedure findTargetPositionNoS0

2

3 I ←{p
0
, p

1
}= C1∩C3

4 J←{q
0
,q

1
}= C1∩C2

5 if(I 6= /0∧J 6= /0)

6 {p,q}← findNearer(I,J)

7 u← 1
2(p+q)

8 else if(I = /0∧J 6= /0)

9 A← C1∩R13, B← C3∩R13

10 I = {p
0
, p

1
}← findNearer(A,B)

11 if (||p
0
− p

1
|| ≤ dTh)

12 {p,q}← findNearer(I,J)

13 u← 1
2(p+q)

14 else

15 u← maxAbscissa(J)

16 else if (J = /0)

17 findTargetPositionS1S3

Case 2. If status1 = 1, status2 = 1, andstatus3 = 1 and assuming thatvPeak0 is

the minimum value ofvPeak (line 3 of Listing 5.12), the localization algorithm is

described in the procedurefindTargetPositionNoS0 in Listing 5.13.

Ignoring the range measurement from AN0, we can consider the sets

I = C1∩C3 J = C1∩C2. (5.14)

If both I and J are not empty (line 5 of Listing 5.13), the functionfindNearer

defined in Listing 5.2 is used to obtain the two nearest pointsof I andJ. The TN

position estimate is then found as the baricenter of these two points.

If C1 andC2 intersect butI is empty (line 8 of Listing 5.13), we look for the

two nearest points ofC1 andC3, which can be obtained by intersecting both such

circumferences with the lineR13 which goes through their centers, namely

R13 : x = V. (5.15)
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Listing 5.14: Pseudocode of procedurefindTargetPositionS1S3.

1 procedure findTargetPositionS1S3

2

3 if(I 6= /0)

4 u← maxAbscissa(I)

5 else if(I = /0)

6 A← C1∩R13, B← C3∩R13

7 I = {p
0
, p

1
}← findNearer(A,B)

8 if (||p
0
− p

1
|| ≤ dTh)

9 u← 1
2(p

0
+ p

1
)

10 else

11 u← [∞,∞]

The two nearest points fromC1∩R13 andC3∩R13 can be found using the function

defined in Listing 5.2. If their distance is below a given threshold dTh (line 11 of

Listing 5.13)I is redefined as the set containing the two points and the localization is

performed as in the first case. Otherwise,u is defined as the point inJ which is on the

other side of the metal obstacle with respect to AN0, namely the one with the greatest

abscissa (line 14 of Listing 5.13). As a matter of fact, sincevPeak0 is the smallest

value ofvPeak, it is reasonable to assume that the metal obstacle is between AN0

and the TN.

If C1 andC2 do not intersect, so thatJ is empty (line 16 of Listing 5.13), the

localization is performed using the procedurefindTargetPositionS1S3 defined

in Listing 5.14.

If the two circumferencesC1 andC3 intersect, the two obtained points are sym-

metric with respect to the lineR13 defined in (5.15). The TN position estimate is

chosen as the point on the same side of the metal obstacle as AN1 and AN3, namely

the one with the greatest abscissa. Instead, ifC1 and C3 do not intersect the two

nearest points of such circumferences are found and if theirdistance is below the

thresholddTh the TN position is estimated as their baricenter. Otherwise, the position

estimate cannot be performed.



130 Chapter 5. A Localization Algorithm for Realistic Scenarios

Listing 5.15: Pseudocode of procedurefindTargetPositionNoS1.

1 procedure findTargetPositionNoS1

2

3 I ←{p
0
, p

1
}= C0∩C2

4 J =←{q
0
,q

1
}= C0∩C3

5 if(I 6= /0∧J 6= /0)

6 {p,q}← findNearer(I,J)

7 u← 1
2(p+q)

8 else if(I = /0∧J 6= /0)

9 A← C0∩R02, B← C2∩R02

10 I = {p
0
, p

1
}← findNearer(A,B)

11 if (||p
0
− p

1
|| ≤ dTh)

12 {p,q}← findNearer(I,J)

13 u← 1
2(p+q)

14 else

15 u← minAbscissa(J)

16 else if(J = /0)

17 findTargetPositionS0S2

Case 3. If status1 = 0, status2 = 1, andstatus3 = 1 (line 27 of Listing 5.9),

or if status1 = 1, status2 = 1, status3 = 1, andvPeak1 is the minimum value of

vPeak (line 5 of Listing 5.12) the localization algorithm is described in the procedure

findTargetPositionNoS1 in Listing 5.15.

In this case, the range measurements from AN1 is ignored (either because it is

unknown or because it is the one associated with the smallestvPeak in case that all

the range estimates are available). We can then define

I = C0∩C2 J = C0∩C3 (5.16)

as in lines 3 and 4 of Listing 5.7.

If both pairs of circumferences intersect (line 5), the two nearest points fromI

andJ are found using the functionfindNearer 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 procedurefindTargetPositionNoS2.

1 procedure findTargetPositionNoS2

2

3 I ←{p
0
, p

1
}= C1∩C3

4 J←{q
0
,q

1
}= C0∩C3

5 if(I 6= /0∧J 6= /0)

6 {p,q}← findNearer(I,J)

7 u← 1
2(p+q)

8 else if(I = /0∧J 6= /0)

9 A← C1∩R13, B← C3∩R13

10 I = {p
0
, p

1
}← findNearer(A,B)

11 if (||p
0
− p

1
|| ≤ dTh)

12 {p,q}← findNearer(I,J)

13 u← 1
2(p+q)

14 else

15 u← maxAbscissa(J)

16 else if(J = /0)

17 findTargetPositionS1S3

If C0 andC3 intersect butI is empty (line 8 of Listing 5.7), the two nearest points

of C0 andC2 are found by intersecting these circumferences with the lineR02 which

goes through their centers

R02 : x =−V. (5.17)

If the distance between the two points is below a given threshold dTh (line 11 of

Listing 5.7) I is redefined as the set containing these two points and the localization

is performed as in the first case. Otherwise, it is reasonableto assume that the TN

position estimate corresponds to the point inJ with the smallest abscissa, so that it

is on the other side of the metal obstacle with respect to the AN associated with the

lowestvPeak, namely AN1 (line 14 of Listing 5.7).

If C0 andC3 do not intersect, so thatJ is empty, the localization is performed

using the procedurefindTargetPositionS0S2 defined later in Listing 5.19.
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Listing 5.17: Pseudocode of procedurefindTargetPositionNoS3.

1 procedure findTargetPositionNoS3

2

3 I ←{p
0
, p

1
}= C0∩C2

4 J←{q
0
,q

1
}= C1∩C2

5 if(I 6= /0∧J 6= /0)

6 {p,q}← findNearer(I,J)

7 u← 1
2(p+q)

8 else if(I = /0∧J 6= /0)

9 A← C0∩R02, B← C2∩R02

10 I = {p
0
, p

1
}← findNearer(A,B)

11 if (||p
0
− p

1
|| ≤ dTh)

12 {p,q}← findNearer(I,J)

13 u← 1
2(p+q)

14 else

15 u← minAbscissa(J)

16 else if(J = /0)

17 findTargetPositionS0S2

Case 4. If status1 = 1, status2 = 0, andstatus3 = 1 (line 25 of Listing 5.9),

or if status1 = 1, status2 = 1 status3 = 1, andvPeak2 is the minimum value of

vPeak (line 7 of Listing 5.12) the localization algorithm is described in the procedure

findTargetPositionNoS2 in Listing 5.16.

The localization scheme is analogous tofindTargetPositionNoS0 imple-

mented in in Listing 5.13 and can be obtained from it by substituting C1 with C3,

C2 with C0, andC3 with C1.

Case 5. If status1 = 1, status2 = 1, andstatus3 = 0 (line 23 of Listing 5.9),

or if status1 = 1, status2 = 1, status3 = 1, andvPeak3 is the minimum value of

vPeak, (line 9 of Listing 5.12) the localization algorithm is described in the pro-

cedurefindTargetPositionNoS3 in Listing 5.17.

The localization can be derived fromfindTargetPositionNoS1 defined in

Listing 5.15 by substitutingC0 with C2, C2 with C0, andC3 with C1.
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Listing 5.18: Pseudocode of procedurefindTargetPositionS0S1.

1 procedure findTargetPositionS0S1

2

3 I ←{p
0
, p

1
}= C0∩C1

4 if(I 6= /0)

5 u← maxOrdinate(I)

6 else

7 A← C0∩R01, B← C1∩R01

8 I = {p
0
, p

1
}← findNearer(A,B)

9 if (||p
0
− p

1
|| ≤ dTh)

10 u← 1
2(p

0
+ p

1
)

11 else

12 u← [∞,∞]

Case 6. If status1 = 1, status2 = 0, andstatus3 = 0 (line 29 of Listing 5.9) the

procedurefindTargetPositionS0S1 described in Listing 5.18 is used to perform

the localization. In this case, since the range estimates from AN2 and AN3 are not

available, only two circumferences can be derived, namelyC0 andC1.

If they intersect, the two obtained points have the same abscissa and different

ordinates since they are symmetric with respect to the lineR01 which goes through

the centers of the circumferences, whose equation is

R01 : y = L. (5.18)

Since the range requests from AN2 and AN3 were not successful, it is reasonable to

assume that the TN position can be estimated as the point withthe greatest ordinate,

namely the one further from AN2 and AN3 and nearer to AN0 and AN1.

If C0 and C1 do not intersect, we look for the two nearest points of such cir-

cumferences. If their distance is below the thresholddTh the TN position is defined

as the baricenter of the two points. Otherwise, the available range estimates do not

give enough information to estimate the TN position and the localization cannot be

performed.
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Listing 5.19: Pseudocode of procedurefindTargetPositionS0S2.

1 procedure findTargetPositionS0S2

2

3 I ←{p
0
, p

1
}= C0∩C2

4 if(I 6= /0)

5 u← minAbscissa(I)

6 else

7 A← C0∩R02, B← C2∩R02

8 I = {p
0
, p

1
}← findNearer(A,B)

9 if (||p
0
− p

1
|| ≤ dTh)

10 u← 1
2(p

0
+ p

1
)

11 else

12 u← [∞,∞]

Case 7. If status1 = 0, status2 = 1, andstatus3 = 0 (line 31 of Listing 5.9) the

localization algorithm is described in the procedurefindTargetPositionS0S2 in

Listing 5.19, which is similar tofindTargetPositionS0S1 in Listing 5.18. This

procedure is also used in Listing 5.15 and Listing 5.17 ifJ = /0.

If the two circumferencesC0 andC2 intersect, the two obtained points are sym-

metric with respect to the lineR02 which goes through their centers, defined in (5.17).

The TN position is then estimated as the point with the smallest abscissa, which is,

for the geometry of the problem, the point on the same side of the metal obstacle as

AN0 and AN2.

If C0 andC2 do not intersect, we look for the two nearest points of them and if

their distance is below the thresholddTh the TN position is estimated as their baricen-

ter. Otherwise, the position estimate cannot be performed since the available range

estimates do not give enough information.

Case 8. If status1 = 0, status2 = 0 (line 33 of Listing 5.9) the TN position cannot

be estimated, regardless ofstatus3. Even if status3 = 1 andC0∩C3 6= /0 we have no

sufficient information to decide which of the two intersection points corresponds to

the TN position estimate.
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Listing 5.20: Pseudocode of procedurefindTargetPosition4VPeak.

1 procedure findTargetPosition4VPeak

2

3 if (vPeak0≤ vPeak1∧vPeak0≤ vPeak2∧vPeak0≤ vPeak3)

4 findTargetPositionNoS0VPeak

5 else if (vPeak1≤ vPeak2∧vPeak1≤ vPeak3∧vPeak1≤ vPeak0)

6 findTargetPositionNoS1VPeak

7 else if (vPeak2≤ vPeak1∧vPeak2≤ vPeak3∧vPeak2≤ vPeak0)

8 findTargetPositionNoS2VPeak

9 else if (vPeak3≤ vPeak1∧vPeak3≤ vPeak2∧vPeak3≤ vPeak0)

10 findTargetPositionNoS3VPeak

5.4.2 A Localization Algorithm Based on Distances andvPeak

In this subsection, the analogous of the algorithm in Subsection 5.2.2 is explained. It

is an improved version of the algorithm explained in the previous subsection, where

the values{vPeaki}3i=0 which correspond to thevPeak of {ANi}3i=0 are used to ana-

lyze the quality of the range estimates{r i}3i=0.

The distance acquisition step in the algorithm is the same asin Listing 5.9, while

in the position estimate step some procedure are changed in order to take into account

the values ofvPeak.

In particular, ifstatus1 = 1, status2 = 1, andstatus3 = 1, we substitute the pro-

cedurefindTargetPosition4 by the procedurefindTargetPosition4VPeak

defined in Listing 5.20, where the four proceduresfindTargetPositionNoS⋆ are

changed intofindTargetPositionNoS⋆VPeak defined in the respective listings.

In the procedurefindTargetPositionNoS0VPeak, defined in Listing 5.21, if

all the values of{vPeak}3i=1 are above the thresholdvPeakTh (line 3 of Listing 5.21),

then the position estimate is performed according tofindTargetPositionNoS0

as in Algorithm 1. IfvPeak1 is below the thresholdvPeakTh and it is the smallest

value of vPeak (line 5 of Listing 5.21), the position estimate is performedrely-

ing only on the distance estimates from AN2 and AN3, according to the procedure
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Listing 5.21: Pseudocode of procedurefindTargetPositionNoS0VPeak.

1 procedure findTargetPositionNoS0VPeak

2

3 if (vPeak1≥ vPeakTh∧vPeak2≥ vPeakTh∧vPeak3≥ vPeakTh)

4 findTargetPositionNoS0

5 else if (vPeak1 < vPeak2∧vPeak1 < vPeak3)

6 I ← {p
0
, p

1
}= C2∩C3

7 findTargetPositionS2S3

8 else if (vPeak2 < vPeak1∧vPeak2 < vPeak3)

9 I ← {p
0
, p

1
}= C1∩C3

10 findTargetPositionS1S3

11 else if (vPeak3 < vPeak1∧vPeak3 < vPeak2)

12 I ← {p
0
, p

1
}= C1∩C2

13 if(I 6= /0)

14 u← maxAbscissa(I)

15 else

16 u← [∞,∞]

findTargetPositionS2S3 defined in Listing 5.25. Similarly, ifvPeak2 is below

vPeakTh and it is the smallest value ofvPeak (line 8 of Listing 5.21), the position

estimate is performed using the procedurefindTargetPositionS1S3 defined in

Listing 5.14. Finally, ifvPeak3 is belowvPeakTh and it is the smallest value ofvPeak

(line 11 of Listing 5.21) the localization estimate is performed using only the range

measurements from AN1 and AN2. If the associated circumferences intersect, the po-

sition estimate is chosen as the point with the greatest abscissa (i.e., the one further

from AN0), otherwise the position estimate cannot be obtained.

In procedurefindTargetPositionNoS1VPeak in Listing 5.22 the localization

scheme is the same as the one in the procedurefindTargetPositionNoS0VPeak,

beside the fact that now the unavailable or ignored range estimate is the one rela-

tive to AN1. If all the values ofvPeak are above the thresholdvPeakTh (line 3 of

Listing 5.22), then the position estimate is performed as inAlgorithm 1 according

to findTargetPositionNoS1. If vPeak0 is below the thresholdvPeakTh and it is
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Listing 5.22: Pseudocode of procedurefindTargetPositionNoS1VPeak.

1 procedure findTargetPositionNoS1VPeak

2

3 if (vPeak0≥ vPeakTh∧vPeak2≥ vPeakTh∧vPeak3≥ vPeakTh)

4 findTargetPositionNoS1

5 else if (vPeak0 < vPeak2∧vPeak0 < vPeak3)

6 I ← {p
0
, p

1
}= C2∩C3

7 findTargetPositionS2S3

8 else if (vPeak2 < vPeak0∧vPeak2 < vPeak3)

9 I ← {p
0
, p

1
}= C0∩C3

10 if(I 6= /0)

11 u← minAbscissa(I)

12 else

13 u← [∞,∞]

14 else if (vPeak3 < vPeak0∧vPeak3 < vPeak2)

15 I ← {p
0
, p

1
}= C0∩C2

16 findTargetPositionS0S2

smaller thanvPeak2 andvPeak3 (line 5 of Listing 5.22) the TN position estimate is ob-

tained usingfindTargetPositionS2S3. If vPeak2 is below the thresholdvPeakTh

and it is the smallest value ofvPeak (line 8 of Listing 5.22), the localization estimate

is performed relying only on the range measurements from AN0 and AN3. If the as-

sociated circumferences intersect, the position estimateis chosen as the point with

the smallest abscissa, otherwise the position estimate cannot be obtained. Finally, if

vPeak3 is below the thresholdvPeakTh and it is the smallest value ofvPeak (line 14 of

Listing 5.22) the position estimate is performed usingfindTargetPositionS0S2

defined in Listing 5.19.

In procedurefindTargetPositionNoS2VPeak defined in Listing 5.23 the lo-

calization scheme is analogous to the one in Listing 5.21 andListing 5.22, except for

the fact that the unavailable or ignored range estimate is now the one relative to AN2.

The procedurefindTargetPositionNoS3VPeak in Listing 5.24 is similar to

the previous ones, beside the fact that we discard the range estimate relative to AN3.
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Listing 5.23: Pseudocode of procedurefindTargetPositionNoS2VPeak.

1 procedure findTargetPositionNoS2VPeak

2

3 if (vPeak0≥ vPeakTh∧vPeak1≥ vPeakTh∧vPeak3≥ vPeakTh)

4 findTargetPositionNoS2

5 else if (vPeak0 < vPeak1∧vPeak0 < vPeak3)

6 I ← {p
0
, p

1
}= C1∩C3

7 findTargetPositionS1S3

8 else if (vPeak1 < vPeak0∧vPeak1 < vPeak3)

9 I ← {p
0
, p

1
}= C0∩C3

10 if(I 6= /0)

11 u← maxAbscissa(I)

12 else

13 u← [∞,∞]

14 else if (vPeak3 < vPeak0∧vPeak3 < vPeak1)

15 I ← {p
0
, p

1
}= C0∩C1

16 findTargetPositionS0S1

Finally, let us describe the procedurefindTargetPositionS2S3 used in List-

ings 5.21 and 5.22. This procedure is analogous tofindTargetPositionS0S1

defined in Listing 5.18, but, in this case, onlyC2 andC3 can be derived. If they inter-

sect, the two obtained points are symmetric with respect to the lineR23 which goes

through their centers, whose equation is

R23 : y = 0. (5.19)

Since the range requests from AN0 and AN1 were not successful, it is reasonable to

assume that the TN position can be estimated as the point further from them, namely

the one with the smallest ordinate. IfC2 andC3 do not intersect, we look for the two

nearest points of them and if their distance is below the thresholddTh the TN position

is estimated as their baricenter. Otherwise, the position estimate cannot be performed.
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Listing 5.24: Pseudocode of procedurefindTargetPositionNoS3VPeak.

1 procedure findTargetPositionNoS3VPeak

2

3 if (vPeak0≥ vPeakTh∧vPeak1≥ vPeakTh∧vPeak2≥ vPeakTh)

4 findTargetPositionNoS3

5 else if (vPeak0 < vPeak1∧vPeak0 < vPeak2)

6 I ← {p
0
, p

1
}= C1∩C2

7 if(I 6= /0)

8 u← minAbscissa(I)

9 else

10 u← [∞,∞]

11 else if (vPeak1 < vPeak0∧vPeak1 < vPeak2)

12 I ← {p
0
, p

1
}= C0∩C2

13 findTargetPositionS0S2

14 else if (vPeak2 < vPeak0∧vPeak2 < vPeak1)

15 I ← {p
0
, p

1
}= C0∩C1

16 findTargetPositionS0S1

Listing 5.25: Pseudocode of procedurefindTargetPositionS2S3.

1 procedure findTargetPositionS2S3

2

3 if(I 6= /0)

4 u← minOrdinate(I)

5 else

6 A← C2∩R23, B← C3∩R23

7 I = {p
0
, p

1
}← findNearer(A,B)

8 if (||p
0
− p

1
|| ≤ dTh)

9 u← 1
2(p

0
+ p

1
)

10 else

11 u← [∞,∞]
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Figure 5.8: All the considered TN positions (black dots) are shown. The ANs

(coloured stars) and the obstacle (black rectangle) are also shown.

5.5 Results Obtained with Four ANs

In this section, we show some results relative to the scenario described in Section 5.4.

As in the case with three ANs in Section 5.3, the values of the parametersL andV

in (5.3) are set to 2 m and 0.5 m, respectively, so that the coordinates of the ANs,

expressed in meters, are

s0 = [−0.5,2] s1 = [0.5,2] s2 = [−0.5,2] s3 = [−0.5,2]. (5.20)

All the results are obtained with the distance thresholdsdTh set to 0.5 m and the

vPeak thresholdvPeakTh 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 compare the performances of the lo-

calization algorithms with three ANs, derived in Section 5.3, with those obtained here

with four ANs. Such positions are shown in Figure 5.8, together with the positions of

the four ANs and the metal obstacle among them.
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Figure 5.9: Values ofdavg 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 Algorithm 1 described

in Listing 5.9 withNc = 100 and we evaluate the average distance errordavg defined

in (5.2), averaged over the 100 position estimates. Then, Algorithm 2 described in

Subsection 5.4.2 is applied to the same range estimates usedwith Algorithm 1 and

the average distance errordavg is evaluated for each TN position.

The values ofdavg are shown in Figure 5.9. In particular, Figure 5.9 (a.) is relative

to Algorithm 1. Each TN position is associated with a different colour, depending on

the corresponding value ofdavg.

As in Figure 5.3: red squares correspond to values ofdavg smaller than 20 cm;

orange squares correspond to values ofdavg between 20 cm and 40 cm; yellow squares

correspond to values ofdavg between 40 cm and 60 cm; green squares correspond to

values ofdavg between 60 cm and 80 cm; blue squares correspond to values ofdavg

between 80 cm and 1 m; and violet squares correspond to valuesof davg greater than

1 m. Figure 5.3 (b.) is analogous to Figure 5.9 (a.) but it refers to the values ofdavg

obtained with Algorithm 2.
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Figure 5.10: The values of (a.)vPeak0 and (b.)vPeak1 are shown.

In this case, the improvement brought from Algorithm 2 with respect to Algo-

rithm 1 are less evident. As a matter of fact, Algorithm 2 improves the performance

of Algorithm 1 only in 5 cases.

It is then of interest to compare the results in Figure 5.3, relative to the configura-

tion with three ANs, with those in Figure 5.9. More precisely, a comparison between

Figure 5.3 (a.) and Figure 5.9 (a.) shows that the use of an additional AN allows ob-

taining more accurate position estimates in various TN positions. As a matter of fact,

in the scenario with four ANs, the values ofdavg are below 40 cm in 54 points, namely

81% of the times. This percentage in nearly twice the one relative to Figure 5.3 (a.).

Moreover, the comparison between Figure 5.9 (a.) and Figure5.3 (b.) shows that Al-

gorithm 1 applied in the scenario with four ANs outperforms Algorithm 2 relative to

the configuration with three ANs. As a matter of fact, in Figure 5.3 (b.) the values



5.5. Results Obtained with Four ANs 143

x [m]
(a.)

y
[m

]

−5 0 5

−8

−6

−4

−2

0

2

4

6

8

10

x [m]
(b.)

y
[m

]

−5 0 5

−8

−6

−4

−2

0

2

4

6

8

10

Figure 5.11: The values of (a.)vPeak2 and (b.)vPeak3 are shown.

of davg are below 40 cm only in 40 points, which is less than 20% less than in Fig-

ure 5.9 (a.). Finally, Figure 5.9 (b.) shows that Algorithm 2applied in the scenario

with four ANs allows keepingdavg below 40 cm nearly 90% of the times. When ap-

plying Algorithm 2 to the case with three ANs, the same percentage is obtained if

values ofdavg up to 80 cm are tolerated.

Finally, the values of{vPeaki}3i=0 in the considered TN positions are shown in

Figure 5.10 and Figure 5.11. More precisely, Figure 5.10 (a.) refers tovPeak0 and

Figure 5.10 (b.) refers tovPeak1, while Figure 5.11 (a.) refers tovPeak2 and Fig-

ure 5.11 (b.) refers tovPeak3. Comparing these results with those in Figure 5.6 shows

that four ANs guarantee a better coverage in all the considered TN positions, as con-

firmed by the results in Figure 5.9.





Conclusion

In this dissertation, the localization of targets in indoorenvironment by means of the

Ultra Wide Band (UWB) technology has been investigated fromanalytical, simula-

tive and experimental points of view.

In Chapter 1, the motivations of the importance of indoor localization are pre-

sented and an overview of the literature on this topic is given. A variety of approaches

suitable to address this problem is described and the advantages brought by the UWB

technology in this context are emphasized.

Aiming at finding strategies to improve the localization accuracy, the presented

work initially focuses on optimized placement of Anchor Nodes (ANs) used for target

localization. In particular, in Chapter 2, an analytical approach to optimized ANs

placement for UWB-based localization of a target moving in alarge indoor scenario is

proposed. Imposing (realistic) constraints on the ANs positions and assuming that the

target moves along a straight line in the middle of a corridor, a closed-form expression

for the optimal distance between consecutive ANs is derived. The validity of the

analytical framework is confirmed by simulations, which also show that the proposed

placement strategy is effective even when the TN follows generic paths.

However, in practical application scenarios it is not always possible to decide

the ANs positions. For this reason, to overcome the limitations of geometric tech-

niques, which can suffer from ill-conditioning, an optimization-based approach to

localization is proposed. More precisely, in Chapter 3, three approaches to UWB-

based localization of nodes are considered: two stem from the geometry-oriented

localization literature and one originates from the soft computing literature, namely
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the Particle Swarm Optimization (PSO) algorithm. The obtained results show that the

PSO approach guarantees, with respect to the other algorithms, a better accuracy in

the position estimate. Furthermore, an improved version ofthe PSO algorithm is pro-

posed. Simulation results show that the convergence speed of the improved algorithm

is significantly higher than that of the PSO algorithm, leading to a relevant reduction

of the total computational cost.

In order to perform a more realistic analysis of the localization accuracy, exper-

imental results are then considered. In Chapter 4, a statistical model for the distance

estimates in Line-of-Sight (LoS) conditions is derived on the basis of an experimental

campaign of range measurements obtained using Time Domain PulsON 410 Rang-

ing and Communications Modules (RCMs). The range estimate error between pairs

of RCMs is statistically analyzed and the results show that its average and standard

deviation are well approximated as linearly increasing functions of the true distance

between the considered pair of nodes. The derived statistical model is applied to

correct the predictions of two illustrative localization algorithms in two realistic lo-

calization scenarios. Results show that the distance corrections introduced by the

proposed model allow improving the performance of the considered algorithms, thus

confirming the validity of the model.

In Chapter 5, a real-world scenario is considered, where thepresence of a metal

obstacle introduces Non-Line-of-Sight (NLoS) effects making localization harder.

First, two variants of a geometrically inspired algorithm for the localization of a tar-

get by means of three ANs are proposed. The results obtained in our experiments with

PulsON 410 RCMs are shown for different target positions. Then, the adopted local-

ization algorithm is rearranged for the case of four ANs. Results show that the use of

an additional AN allows improving the performance of the localization in terms of

the average distance between the true target positions and their estimates.

In conclusion, the possibility of using UWB technology for accurate indoor local-

ization is investigated in this dissertation. The obtainedresults show that it is indeed

possible to achieve 2-3 cm accuracy if all nodes are in LoS and20-40 cm accuracy in

NLoS scenarios.
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