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Abstract

In this thesis, a novel position location concept is proposed and studied, which provides

accurate position estimates in dense multipath and non-line-of-sight propagation environ-

ments. The main idea is to apply the location fingerprinting paradigm of position location

to channel impulse responses with ultra-wide bandwidth. The large bandwidth enables a

fine temporal resolution of the multipath propagation channel, which in turn acts as a unique

location fingerprint of the positions of transmitter and receiver.

In the first part of this thesis, a location fingerprinting framework is developed from a com-

munication theoretic perspective. The position location problem is formulated as hypothesis

testing problem, such that fundamental methods from statistical detection theory can be ap-

plied. Location fingerprints are modeled by parameterized probability density functions.

Different hypotheses are distinguished by these parameters, which have to be estimated dur-

ing a training phase. This framework generalizes a wide class of location fingerprinting ap-

proaches and enables the systematic derivation of optimal classification rules and theoretical

performance analysis.

In the second part, location fingerprinting with two specificultra-wideband receiver struc-

tures is studied in detail. The first receiver is able to perform channel estimation. The

corresponding location fingerprints are chosen as Nyquist sampled versions of the estimated

channel impulse responses. The second receiver is a low complexity generalized energy

detection receiver, where the energy samples at the output of the analog front-end serve as

location fingerprints. In order to derive optimal classification rules, it is necessary to establish

a stochastic description of the location fingerprints. Thisstochastic modeling is performed

on the basis of measured data and a model selection criterion. The position location perfor-

mance of both receiver structures is analyzed theoretically and experimentally with measured

data. It is shown that decimeter accuracy is achievable withboth receiver structures in dense

multipath and non-line-of-sight propagation environments.

However, the performance analysis reveals also a major shortcoming of the proposed

method: In order to achieve high position location accuracy, a large amount of training
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Abstract

data is required. This issue is addressed in the third part ofthis thesis, where two promis-

ing techniques are proposed, which increase the efficiency of the training phase. At first,

the position location problem is reformulated, such that the training phase can be combined

with the localization phase in an iterative manner. Results from the localization phase are

used as additional training data. Based on experimental performance results it is shown that

the required amount of training data can be significantly reduced. The second technique is

even more promising. Only very few measured channel impulseresponses - theoretically

only three per hypothesis for two-dimensional localization - are required during the train-

ing phase for parameter estimation. This efficient trainingphase is based on a geometrical

channel model and exploits a priori knowledge about the geometry of the propagation envi-

ronment. An experimental performance evaluation shows thehigh potential of this approach

to achieve minimal training phase complexity.

The thesis concludes with a summary of the major findings and with a list of interesting

future research topics in the field of location fingerprinting for ultra-wideband systems.
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Kurzfassung

In dieser Arbeit wird eine neuartige Methode zur Ortung von drahtlosen Kommunikationsge-

räten präsentiert und analysiert. Das Verfahren verspricht eine genaue und zuverlässige Posi-

tionsbestimmung, insbesondere für einen Übertragungskanal mit dichter Mehrwegeausbrei-

tung und für den Fall, dass keine direkte Sichtverbindung zwischen Sender und Empfänger

besteht. Die grundsätzliche Idee besteht darin, die Impulsantwort des Übertragungskanals

alsFingerabdruckfür die Positionen von Sender und Empfänger zu verwenden. Eine feine

zeitliche Auflösung des Übertragungskanals ist dabei ausschlaggebend. Dies kann durch eine

hinreichend grosse Signalbandbreite erreicht werden. Dieser örtliche Fingerabdruck wird im

Folgenden alsLocation Fingerprintbezeichnet. Lokalisierung mittels Location Fingerprints

wird Location Fingerprintinggenannt.

Diese Dissertation beginnt mit der Entwicklung eines theoretischen Grundgerüstes zur

systematischen Beschreibung und Analyse von Location Fingerprinting. Das Ortungspro-

blem wird als Hypothesentest formuliert, wodurch die Anwendung von Methoden aus der

statistischen Entscheidungstheorie ermöglicht wird. Diestochastische Modellierung der Lo-

cation Fingerprints erfolgt über eine parametrisierte Wahrscheinlichkeitsdichtefunktion, wo-

bei die Parameter einzelne Hypothesen voneinander unterscheiden und während einer Trai-

ningsphase empirisch geschätzt werden müssen. Mit diesem theoretischen Grundgerüst kön-

nen viele andere, in der Literatur vorgeschlagene, Location Fingerprinting Ansätze beschrie-

ben und analysiert werden. Ausserdem ermöglicht dieses Grundgerüst die systematische

Herleitung von optimalen Entscheidungsregeln und die theoretische Analyse von Fehler-

wahrscheinlichkeiten.

Im zweiten Teil wird die Lokalisierung mit zwei unterschiedlichen Empfängerstrukturen

behandelt. Zunächst wird ein kohärenter Empfänger betrachtet, der Kanalimpulsantworten

mit grosser Bandbreite schätzen kann. Die zeitlich gefensterte Kanalimpulsantwort wird mit

Nyquist-Rate abgetastet, um den entsprechenden Location Fingerprint zu erhalten. Als zwei-

ter Empfänger wird ein verallgemeinerter Energiedetektoruntersucht. Die Abtastwerte am

Ausgang des analogen Frontends bilden den entsprechenden Location Fingerprint. Damit
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Kurzfassung

statistische Methoden angewendet und optimale Entscheidungsregeln abgeleitet werden kön-

nen, wird eine genaue stochastische Beschreibung der Location Fingerprints benötigt. Die

Auswahl des stochastischen Modells basiert auf der statistischen Analyse von gemessenen

Daten.

Die Genauigkeit und Zuverlässigkeit der Positionsbestimmung wird theoretisch und ex-

perimentell untersucht. Mit beiden Empfängerstrukturen kann in sehr vielen Fällen eine Ge-

nauigkeit im Bereich von wenigen Dezimetern erreicht werden, obwohl alle gemessenen

Übertragungskanäle eine dichte Mehrwegeausbreitung und einige Übertragungskanäle keine

direkte Sichtverbindung zwischen Sender und Empfänger aufweisen. Diese experimentelle

Analyse offenbart aber auch eine grosse Schwäche: Es werdensehr viele Trainingsdaten zur

empirischen Parameterschätzung benötigt, um eine hohe Genauigkeit zu erreichen.

Der dritte Teil dieser Arbeit widmet sich dieser Schwäche. Zwei vielversprechende Me-

thoden zur Verbesserung der Effizienz der Trainingsphase werden vorgestellt und analysiert.

Zunächst wird das Ortungsproblem so umformuliert, dass dieTrainingsphase mit der Loka-

lisierungsphase kombiniert werden kann. Iterativ werden Resultate der Lokalisierungspha-

se dazu verwendet, um die Trainingsergebnisse zu verbessern. Bessere Trainingsergebnisse

bedeuten wiederum genauere Ortungsresultate. Die experimentelle Analyse zeigt, dass die

benötigte Anzahl an Trainingsdaten dadurch erheblich reduziert werden kann. Die zweite

Methode ist noch vielversprechender. Theoretisch werden für eine zweidimensionale Loka-

lisierung nur drei gemessene Kanalimpulsantworten pro Hypothese zur Parameterschätzung

während der Trainingsphase benötigt. Diese effiziente Trainingsphase basiert auf einem geo-

metrischen Kanalmodell und nutzt a priori Wissen über die Geometrie des Raumes. Eine

experimentelle Analyse dieser Parameterschätzmethode zeigt deren grosses Potential, um

die Komplexität der Trainingsphase auf ein Minimum zu reduzieren.

Als Abschluss dieser Abhandlung werden alle Ergebnisse resümiert, Schlussfolgerungen

gezogen, und interessante weiterführende Forschungsfragen diskutiert.
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Chapter 1

Introduction

1.1 Motivation

Position location information is essential for the emergence of applications that will revo-

lutionize the daily life of many people: Starting from monitoring of fire fighters and police

men, over precise and ubiquitous equipment tracking, up to the surveillance of swarm be-

havior [1–4]. It is of particular interest for communication engineersthat position location

information opens a new dimension - or rather three new dimensions - which can be exploited

for optimization of various figures of merit such as bit errorprobability of a communication

link [5], interference mitigation in wireless networks, or delay and throughput of routing

algorithms.

Nowadays, high localization accuracy is still an ambitiousgoal in dense multipath and

non-line-of-sight (LoS)propagation environments for state-of-the-art position location ap-

proaches [3,6]. However, exactly such environments will prevail in most of the aforemen-

tioned application scenarios, which makes it essential to invent and explore novel position

location methods featuring good performance in such harsh propagation environments.

Furthermore, low complexity is a key requirement for a ubiquitous implementation of po-

sition location systems. In the context of localization theterm complexity subsumes the

required position location infrastructure, necessary a priori knowledge, additional hardware

requirements forreceivers (RXs)andtransmitters (TXs), and processing power of localiza-

tion algorithms.

The unreliability of state-of-the-art localization methods in dense multipath and non-LoS

propagation environments and the need for low complexity position location systems mo-

tivate the research presented in this thesis. The ultimate goal is a robust localization or

1



Chapter 1 Introduction

clustering1 method, which provides accurate position location information or cluster infor-

mation with affordable complexity merely as a side product of data transmission between

wireless nodes.

1.2 Ultra-Wideband Wireless Communication

Ultra-wideband (UWB)communication systems are thoroughly discussed in [7–9]. We re-

call important advantages over conventional narrowband communication systems, which

motivate the consideration ofUWB signals for position location.UWB systems are allowed

to transmitlicense-freein the spectrum from3.1 GHz to10.6 GHz with regulated transmit

power [10]. Since the spectrum can be used for free, a lot of new applications requiring

cheap wireless communication are supported. It is expectedthat most of these applications

benefit additionally from position location information. Furthermore, the large bandwidth of

several GHz enables very high data rates and, with that, the possibility to design ultra low

power transceivers by exploiting low duty-cycle communication [11]. Ultra low power con-

sumption supports the emergence of applications requiringmobile, battery powered wireless

devices. Altogether it is envisioned that a lot of cheapUWB transceivers will coexist and

form an ad-hoc wireless network. It is of essential importance, from the application perspec-

tive and from the network management perspective, that the positions of these transceivers

can be estimated accurately and with low complexity.

1.3 Ultra-Wideband Positioning Systems

The research presented in this thesis focuses on indoor position location and clustering for

short range wireless communication systems usingradio frequency (RF)signals with ultra-

wide bandwidths. However, many theoretical concepts are introduced in a generic way,

which makes them immediately applicable to other research areas such as ultrasound signals

or underwater communication. The objective of position location systems is the estimation of

the unknown positions of wireless nodes denoted asagentsbased on a set of observations at

or from reference nodes with known positions denoted asanchors2. In general, the following

two position location scenarios can be distinguished [12]:

1Clustering of a wireless network is defined as the process of grouping nodes into clusters based on a certain
distance measure between the nodes. In this thesis, we consider Euclidian distance as distance measure,
such that physically close nodes are grouped into the same cluster.

2Throughout this thesis, we refer to the agents asTXs and to the anchors asRXs without loss of generality,
because their roles are interchangeable due to channel reciprocity.

2



1.3 Ultra-Wideband Positioning Systems

1. Self-positioning: An agent estimates its own position based on observedRF signals,

which have been transmitted by the anchors.

2. Remote positioning: The position of an agent is estimated by a central unit (CU),

which uses the observations of the transmittedRF signal of the agent at the anchors.

In the following two sections, two conceptually different position location techniques are

discussed. The main purpose is to review state-of-the-art position location techniques with

emphasis on their shortcomings in harsh propagation environments and on their complexity.

The interested reader is referred to the book entitled "Ultra-wideband Positioning Systems"

by Sahinoglu et al. [13], which provides a comprehensive introduction toUWB positioning

systems in Chapter1 and toUWB signals in Chapter2.

1.3.1 Geometric Position Location

Geometric position location techniques consist of two steps. First, signal metrics3 depend-

ing on the relative positions of agent and anchor are estimated from the observedRF sig-

nals at each anchor. In the second step these metrics are usedfor multi-lateration or multi-

angulation, respectively [2, 14]. There exists a lower bound on the required number of an-

chors such that an unambiguous position location estimate is obtained. This lower bound is

based on geometrical considerations. For example, at leastthree anchors are required for un-

ambiguous two-dimensional position location estimation,if time of arrival (ToA)estimates

are used.

The algorithmic complexity of multi-lateration or multi-angulation algorithms (e.g. non-

linear least squares optimization [15–17]) is well understood and for current computers

not obstructive, since the processing can be performed at aCU which is connected to

a power supply. However, the estimation of signal metrics from RF signals at the an-

chors is performed by a wireless node, which might be just battery powered. Therefore,

there exists a large amount of research concerned with low complexity estimation ofToA,

time difference of arrival (TDoA), received signal strength (RSS)or angle of arrival (AoA).

For example, low complexityToA estimation rules are proposed in [18–23].

The accuracy of geometric position location techniques is determined by the

signal-to-noise ratio (SNR)of the RF signals, the hardware abilities and processing power

of the anchors, the propagation environment, and the numberof anchors. Fundamental per-

formance limits based on the Cramér-Rao lower bound and the Ziv-Zakai lower bound for
3Examples for signal metrics are time of arrival, time difference of arrival, received signal strength, and angle

of arrival.
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variousRX architectures andRF signals are derived in [6]. If the propagation channel has a

strongLoScomponent, then geometric position location techniques show a remarkable good

performance. The experimental demonstration of position location and tracking described

in [24] is just one example for the potential of position location based on ranging4 with UWB

signals. However, a rich multipath propagation environment and especially non-LoS chan-

nel conditions degrade the quality ofToA, TDoA, RSSandAoA measurements drastically.

Increasing theRF signal bandwidth increases the robustness against multipath errors, which

implies thatUWB signals are preferable in indoor environments [14,25]. Despite the large

bandwidth, non-LoS situations cause positively biasedToA andTDoA estimates [26] and

inaccurateRSSandAoA estimates. Therefore, it is essential to deploy the anchorscarefully

to ensureLoS conditions for all possible agent positions. If this is not feasible, the number

of anchors must be increased at the expense of hardware and infrastructure complexity.

Recently, cooperative localization has gained a lot of attention [27, 28]. The idea is to

allow for cooperation among agents to improve the overall localization performance and

the coverage area. Signal metrics between adjacent agents are used additionally by the po-

sition location algorithms, which implies that the lower bound on the required number of

anchors does not exist anymore. Furthermore, the robustness against non-LoSsituations can

be increased, since the number ofLoScommunication links is increased with high probabil-

ity. The cooperative paradigm requires additional data transfer among agents and anchors,

which might limit the applicability of this approach.

1.3.2 Location Fingerprinting

Location fingerprinting [3, 29, 30] is a conceptually different position location technique,

which also consists of two phases. In phase one (training phase), the position location sys-

tem gathers coordinates of training points and related signal metrics (location fingerprints)

extracted fromRF signals at a number of anchors and stores them into a central database.

In phase two (localization phase), the anchors observe location fingerprints of agents and

find the best matching entries in the database. There exists alarge number of algorithms for

this pattern matching such as support vector machines, neural networks, weightedk near-

est neighbors, or Bayesian approaches [31,32]. Note that in contrast to geometric position

location techniques, there does not exist a lower bound on the required number of anchors.

Thus, theoretically it is possible to locate agents unambiguously based on the observedRF

4The range information is obtained fromToA, TDoA, or RSSmeasurements.
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signal at a single anchor. Further note that location fingerprinting is a classification problem,

whereas geometric position location is a regression problem [32].

The complexity of these pattern matching (classification) algorithms is of minor impor-

tance, since the processing can be done at aCU which is connected to a power supply. The

major part of the complexity is caused by the training phase,since location fingerprints from

the whole surveillance area5 must be gathered. An important parameter is the grid spac-

ing, which determines the total number of training points and the resolution of the spatial

quantization. The complexity of the training phase is further discussed in Chapter2.

The performance of location fingerprinting algorithms is commonly measured withaccu-

racyandprecision[30]. Accuracy measures the distance error between the estimated and the

true location and precision states the percentage of position location estimates with a certain

accuracy. The performance of location fingerprinting algorithms is mainly determined by

the grid spacing, the choice and modeling of the location fingerprints, the pattern match-

ing algorithm, the SNR of theRF signals, the variability of the propagation environment,

and the number of anchors. Assume that the training points lie on a two-dimensional grid

with a spacing of0.2 m in each dimension and that the surveillance area is an officeroom

with an area of5 m times5 m. In this example the total number of training points would

be (5/0.2)2 = 625. The true position of an agent is assumed to be uniformly distributed in

the uncertainty area of0.2 m times0.2 m around a grid point. The figure of merit for the

accuracy is theroot mean square (RMS)error. Therefore, the lower bound on the achievable

localization accuracy would be0.2
√

1/6 ≈ 8.2 cm.

The choice and modeling of location fingerprints is a very important step, which impacts

performance, complexity, and robustness of the system. ForUWB systems there exists very

few research on this topic, which motivates the thorough treatment of this modeling problem

in this thesis. Nowadays, the most common choice for location fingerprints isRSSof Wi-Fi

signals [30,33]. The corresponding localization systems are implementedas software add-

on to existing Wi-Fi infrastructure. There exist virtuallyno additional costs except for the

training phase, since every Wi-Fi card is able to measure theRSSand the coordinates of the

Wi-Fi access points acting as anchors are known a priori. Each access point provides only

one degree of freedom (oneRSSvalue), which implies that many access points are required,

in order to achieve a satisfactorily performance. However,in contrast to geometric position

location techniques, a strongLoS component is not required. Experimental performance

analyses of recent location fingerprinting systems based onRSScan be found in [33, 34],

5The surveillance area subsumes all possible agent positions. Note that the surveillance area does not have to
be a connected set. Depending on the application isolated regions might be sufficient.
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where accuracies from2 m to3 m for roughly two-third of all test positions are reported.

In [35], it is proposed to use seven parameters (mean excess delay,RMS delay spread,

maximum excess delay, total received power, number of multipath components, power

of the first path, and the arrival time of the first path), whichare estimated from

channel impulse responses (CIRs)with 200 MHz bandwidth, as location fingerprint. The

pattern matching algorithm is implemented with an artificial neural network using367 train-

ing signals to train the neural network. The authors report an accuracy of2 m for 80 percent

of the test cases using a single anchor. The grid spacing of the training points is0.5 m in

one direction and1 m in the other direction. In [36], the authors propose to apply a wavelet

compression to extract features ofCIRswith 200 MHz bandwidth and use them as location

fingerprints. Pattern matching is done again with an artificial neural network and similar

accuracy as in [35] with a precision of67 percent is achieved. Note that both approaches

in [35,36] require time synchronization betweenTX andRX.

The application ofUWB signals to location fingerprinting has been first proposed in

[37,38], where sampledCIRs are used as location fingerprints. A Bayesian approach6 is

pursued to derive amaximum likelhood (ML)pattern matching algorithm. In these works,

it is shown based on measuredCIRswith 3 GHz bandwidth that excellent accuracy at high

precision can be achieved with a single anchor. These promising results have initiated the

research presented in this thesis. The authors of [39] apply UWB CIRsfor location finger-

printing in underground mines in the same way as proposed in [37,38] and report similar per-

formance results. In [40], the authors propose to useUWB CIRsin the frequency band from

3.1 GHz to10.6 GHz as location fingerprints. Their database consists of a high-resolution

map ofCIRs, which requires a time consuming measurement process and a large storage

capacity. A very accurate positioning device is used to measure CIRs at a grid spacing of

0.01 m in each dimension. The surveillance area is1 m times1 m resulting in10000 grid

points. The position of an agent is found by the maximizationof theCIR cross-correlation

coefficient. The performance results forLoSand non-LoSsituations show a remarkable high

accuracy of around2 cm. Note that time synchronization betweenTX andRX is assumed

for the approach proposed in [40].

In general, location fingerprinting is a promising alternative to geometric position location

techniques especially in harsh indoor environments, wherethe propagation channel does

not have a strongLoS component. Provided theRF signal bandwidth is large enough, the

multipath propagation structure, which is related to the positions of the agent and anchor,

can be exploited for position location. In case ofUWB signals, theRF signals at each

6Further details can be found in Chapter2.
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anchor have already a large number of degrees of freedom, which implies that good perfor-

mance with a single anchor is achievable. This is essential for applications, which require

an operation without pre-installed infrastructure in an ad-hoc manner. An example would be

self-localization of nodes in a wireless network [41].

1.4 Contributions

In this thesis, a novel position location concept based onUWB RF signals is proposed and

studied. The distinct advantage of this method over state-of-the-art position location solu-

tions is that accurate position estimates can be obtained indense multipath and non-LoS

propagation environments. The main idea is to apply the location fingerprinting approach to

CIRswith an ultra-wide bandwidth, which provides an accurate temporal resolution of the

multipath propagation channel. This multipath structure is a unique fingerprint of the relative

positions ofTX andRX, i.e. agent and anchor. In a constant propagation environment, the

CIR depends only on the positions of agent and anchor. In contrast to geometric position

location techniques, the proposed location fingerprintingsystem benefits from dense multi-

path propagation, because the location fingerprints at different agent positions become more

distinct. Since signal metrics related to the direct path are not required for localization, the

performance of the proposed location fingerprinting schemeis robust to non-LoSconditions.

Accurate time synchronization between anchors and agents is not required, since only the

shape of theCIR is chosen as signal metric and the absolute timing information is neglected.

First investigations of the proposed location fingerprinting approach, originally calledUWB

geo-regioning, are published in [37, 38]. The work presented in this thesis continues this

research and provides the following contributions:

In Chapter2, a location fingerprinting framework is developed from a communication

theoretic perspective. The position location problem is formulated as hypothesis testing

problem, such that methods from statistical detection theory can be applied. It is proposed to

relax the requirement of estimating the exact location of anagent to rather deciding, whether

this agent is located in a region of a certain size. Stochastic location fingerprints are assumed

and parameterizedprobability density functions (PDFs)are used to model their behavior.

An immediate consequence of this stochastic modeling approach is that the training phase

reduces to a statistical parameter estimation problem. Thetheoretical framework generalizes

a wide class of location fingerprinting approaches and enables the systematic derivation of

optimal classification rules and a theoretical performanceanalysis.
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In the second part, location fingerprinting with two specificUWB RX structures is studied

in detail. The firstRX (cf. Chapter4) is able to perform channel estimation. The correspond-

ing location fingerprints are chosen as Nyquist sampled versions of the estimatedCIRs. The

secondRX is a low complexity generalizedenergy detection (ED) RX(cf. Chapter5) and

the energy samples at the output of the analog front-end serve as location fingerprints. In

order to derive optimal classification rules it is necessaryto establish a stochastic description

of the location fingerprints. This stochastic modeling is performed on the basis of measured

CIRs and a model selection criterion. These modeling results arealso important for other

fields in wireless communications, such as channel modelingor RX design (e.g. [42]). Es-

pecially the stochastic modeling of energy samples based onmeasuredCIRs has not been

treated so far.

The performance of bothRXsis analyzed theoretically and experimentally using measured

CIRs. The corresponding channel measurement campaign is outlined in Chapter3. The im-

pact of important system parameters such asRF signal bandwidth on the performance is

investigated. It is shown that decimeter position locationaccuracy is achievable for bothRX

structures in a dense multipath and non-LoS propagation environment. However, these per-

formance investigations reveal also a major shortcoming ofthe proposed method: A large

amount of training data is required, in order to achieve highposition location accuracy and

precision. This issue is addressed in the third part of this thesis, where two promising tech-

niques are developed, in order to increase the efficiency of the training phase. In Chapter6,

it is proposed to combine the parameter estimation step during the training phase with the

localization phase, in order to iteratively improve the quality of the parameter estimates and

the position location accuracy. It is shown with experimental performance results that the

required amount of training data can be significantly reduced.

The second technique proposed in Chapter7 is even more promising. Only very few mea-

suredchannel responses (CRs)7 - theoretically only three for a two-dimensional localization

problem - are required to obtain initial parameter estimates of the stochastic location finger-

print model. This estimation method is based on a geometrical UWB channel model and

exploits a priori knowledge about the geometry of the propagation environment. The perfor-

mance is evaluated with dedicated measurements in a controlled propagation environment.

It is expected that these parameter estimates provide only apartial description of a realis-

tic propagation channel, but can serve as initial parameterestimates for the aforementioned

iterative procedure.

7A CR is defined as convolution of aCIR with a transmit pulse. If the transmit pulse is a sinc-pulse then CR
is identical to CIR.
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Chapter 2

Location Fingerprinting: A

Communication Theoretic Perspective

In this chapter1, a location fingerprinting framework is developed from a communication the-

oretic perspective applying fundamental results from statistical detection theory. This frame-

work generalizes all location fingerprinting methods applying classification algorithms based

on a Bayesian formulation. For example neural networks or support vector machines are not

covered by this framework. The following investigations are done for the two-dimensional

Euclidian space for the sake of visualization. Extensions to three dimensions are straightfor-

ward.

2.1 Problem Formulation

We consider an indoor scenario with a given surveillance area as depicted in Fig.2.1. The

surveillance area is sampled on a grid withM points. During a training phase, location fin-

gerprints denoted bysm and the corresponding coordinates denoted by(x,y)m are gathered

for allm= 1,2, . . . ,M grid points. The set of all location fingerprints and coordinates consti-

tutes the location fingerprint database2. In case of remote positioning, this database is stored

at theCU, which also executes the pattern matching algorithm and might additionally act

as anchor. If there exist multiple distributed anchors (cf.Fig. 2.1), for example distributed

access points inRSSbased location fingerprinting systems, then all individuallocation fin-

gerprints observed at each anchor are transmitted to theCU and are stacked intosm. In case

of self-positioning, each agent act asCU and, thus, must have a copy of the database and

1Parts of this chapter have been published in [43].
2Such a database is also known as radio map.
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CU

anchor

anchor

anchoranchor

Fig. 2.1:Grid points within a given surveillance area, anchors and central unit.

has to execute the pattern matching algorithm. The number ofcomponents in the vectorsm

is denoted byN . Throughout this thesis, it is assumed that the agents transmit (i.e. act as

TXs) and the anchors receive (i.e. act asRXs), which corresponds to the remote positioning

setup. Due to channel reciprocity the roles of agents and anchors are interchangeable, which

implies that this assumption does not reduce generality.

The location fingerprintsm is related to the coordinates(x,y)m and the positions of the

anchors via the corresponding propagation channels. The actual shape ofsm depends on

the signal processing at the agent and anchors, but does not matter for the here proposed

theoretical framework. For example, inRSSbased location fingerprinting systems each

element insm corresponds to the averageRSSat a specific access point (anchor). Note that

the RSSdepends also on the transmit power of the agent, which implies that the transmit

powers of all agents either have to be known or must be set to the same value. For location

fingerprinting systems employing wideband orUWB signals,sm could be a sampledCIR or

channel parameters like path delays and gains.

During the localization phase, theCU observes the vectory from an agent with unknown

position(x,y), which corresponds to remote positioning. The inference of(x,y) based ony

is formulated as anM -ary hypothesis testing problem [44] according to

HypothesisHm : The agent excitingy is located at position(x,y)m.

Note that theCU could be considered as agent, which would correspond to self-positioning.

Then the hypotheses are reformulated according to

HypothesisHm : The agent observingy is located at position(x,y)m.

Depending on the modeling ofsm, different detection problems can be distinguished.
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2.2 Deterministic Location Fingerprints

The simplest model assumes thatsm is deterministic. Deterministic location fingerprints

are commonly used inRSSbased systems due to the rather stable behavior of the average

RSS, which is mainly influenced by large scale propagation effects such aspath loss (PL)

or shadowing. The advantages of the deterministic formulation are low complexity pattern

matching algorithms, such as Euclidian distance calculation between the observation and

each location fingerprint [30,45] or the weightedk nearest neighbors algorithm [31].

In general, the observationy does not correspond exactly to one of theM location fin-

gerprints due to random distortions like thermal noise, interference, and variations of the

propagation channel over time. Therefore, the observations are commonly modeled by

y = sm +n,

where the random vectorn accounts for the distortions. This model assumes that thesm

are the true location fingerprints, which implies that the distortions during the training phase

have to be mitigated. This is usually achieved through averaging several location fingerprints

from the same position over time.

Eachsm can be interpreted as a constellation point in anN -dimensional signal space.

Thus, there are totallyM constellation points. ThePDF of y givenHm is determined by

sm and thePDF of n. ThesePDFsfor all M hypotheses suffice to derive optimal pattern

matching (classification) algorithms and calculate the corresponding error probability. These

topics are further discussed in Section2.4.

In most cases the unknown position of the agent denoted by(x,y) is not equal to one of the

grid points(x,y)m, which poses an additional source of error. The impact of this deviation on

the performance of the classification algorithm depends on its robustness to spatial variations

of the location fingerprints. In order to combat this problem, the grid spacing can be reduced

and the number of training points increased. This, however,increases the complexity of the

training phase and localization phase. Moreover, the probability of making decision errors

increases as well.

As already mentioned,RSSbased location fingerprints can be made robust to temporal and

spatial variations of the propagation channel by averagingtheRSSover small scale propaga-

tion effects. On the contrary, widebandCIRsare very sensitive to these small scale effects,

which implies that the deterministic formulation is not applicable to location fingerprints

related toCIRs.
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2.3 Novel Position Location Concept - "Geo-Regioning"

In this section, a novel position location concept based on astochastic description of the

location fingerprintssm is proposed. The main idea is to relax the requirement of exact

grid coordinates. In the above formulation assuming deterministic location fingerprints, the

objective is to estimate the exact coordinates of an agent. In the here proposed formulation,

the goal is to estimate the region, in which an agent is located in. This is illustrated in

Fig. 2.2, where the squares define the regions. Note that there are four grid points in each

region.

CU

anchor

anchor

anchoranchor

Fig. 2.2:Regions of an indoor position location system.

This relaxed problem formulation has some distinct advantages over the deterministic for-

mulation. First, the training coordinates need not be knownexactly. It is sufficient to know

that the received training signal is generated by aTX located within the considered region.

Furthermore, it is possible to trade off accuracy against complexity. The larger the regions

are chosen, the fewer of them are needed in order to cover the surveillance area. Fewer and

larger regions imply less complexity of training and localization. The drawback of larger

regions is a larger uncertainty area, which determines the fundamental position location in-

accuracy due to the spatial quantization into regions. Assuming a uniform distribution of the

agent positions within these regions, the correspondingRMS errors can be calculated.

The hypothesis testing problem for remote positioning is reformulated according to

HypothesisHm : The agent excitingy is located in regionm.

In case of self-positioning the hypotheses are stated as

HypothesisHm : The agent observingy is located in regionm.
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Since the location fingerprints represent now an area3 instead of a grid point, it is essential

to model the spatial small scale behavior of the location fingerprints. Consequently, we pro-

pose stochastic location fingerprints and assume that thereexists a parameterizedPDF, which

models the behavior of the location fingerprints over space.This PDFdepends on the shape

of the location fingerprints, i.e. on the signal processing at TX andRX, the dimensions of the

regions, and the assumptions about the propagation channel. Different regions/hypotheses

are distinguished by the parameters of thisPDF. These parameters need to be estimated dur-

ing the training phase for each region. The database consists ofM parameter sets denoted by

Θm with the corresponding coordinates(x,y)m, which represent the centers of the regions.

ThePDFof y is determined by thePDFof sm and thePDFof n.

The following fundamental questions arise:

1. How should the location fingerprintssm be chosen?

2. What parameterizedPDFshould be used to model these location fingerprints?

3. Which parameters of thisPDFare relevant to distinguish the regions?

4. What performance can be achieved in a dense multipath and non-LoS propagation

environment?

5. What is the impact of system parameters on performance and complexity of the loca-

tion fingerprinting system?

6. How much training data is needed to obtain accurate parameter estimates such that a

desired performance is achievable?

7. How can the efficiency of the training phase be improved?

In the course of this thesis, these questions will be answered.

In the next section, we complete the location fingerprintingframework by defining two

figures of merit for the position location and clustering problem, and by deriving the corre-

sponding optimal classification algorithms.

3In the three-dimensional case they represent a volume.
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2.4 Location Fingerprinting as Hypothesis Testing Problem

We start the discussion by repeating the hypotheses:

HypothesisHm : The agent excitingy is located at(x,y)m , (2.1)

where(x,y)m can be interpreted as exact position (cf. Section2.2) or as the center of a

region (cf. Section2.3).

If we are not interested in the physical position, but ratherin a clustering of a wireless

network, then it is sufficient to formulate the hypotheses as

HypothesisHm : The node excitingy is located in clusterm. (2.2)

We refer to (2.1) as position location problem and to (2.2) as clustering problem.

In order to solve the hypothesis testing problem, the Bayesian paradigm [46] is followed.

It is assumed that a priori probabilities denoted byπ1,π2, . . . ,πM can be assigned to the

hypotheses. These a priori probabilities can be consideredas relative number of agents

located in each region. If these a priori probabilities are unknown, then they are set to1/M .

The average cost or Bayes risk (R) is defined as [44,46]

R =
M∑

i=1

M∑

j=1

πjCi,jP(Hi|Hj) =
M∑

i=1

M∑

j=1

πjCi,j

∫

Zi

fj (y|Hj)dy, (2.3)

whereP(Hi|Hj) is the probability of deciding forHi, whenHj is true,fj (y|Hj)
4 is the

conditionalPDFof y givenHj , andZi defines the part of the observation space in whichHi

is chosen. The parametersCi,j denote the costs for deciding forHi whenHj is true.

Following the derivations in [46], the decision rule minimizing (2.3) is found as

m̂= argmin
m=1,2,...,M





M∑

j=1

Cm,jP(Hj |y)



 ,

where m̂ denotes the estimate for the true hypothesis and P(Hj |y) is the a posteri-

ori probability of Hj given observationy. Applying Bayes’ rule and noticing that

f (y) =
∑M

m=1πmfm (y|Hm) does not depend onm, an equivalent decision rule is given

4The conditioning onHj determines the parameter setΘj .
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by

m̂= argmin
m=1,2,...,M





M∑

j=1

πjCm,jfj (y|Hj)



 . (2.4)

In the following two sections, we define two performance measures, which are used for the

position location problem and for the clustering problem, respectively.

2.4.1 Average Positioning Error

The figure of merit for the position location problem is the average positioning error, which

is defined as

De ,
M∑

j=1

πj

M∑

i=1

di,jP(Hi|Hj) =
M∑

j=1

πj



dj,jP(Hj |Hj)+
M∑

i=1,i6=j

di,jP(Hi|Hj)





=
M∑

j=1

πjdj,j +
M∑

j=1

πj

M∑

i=1,i6=j

(di,j −dj,j)P(Hi|Hj) , (2.5)

wheredi,j = dj,i is the Euclidian distance between the center points(x,y)i and (x,y)j of

regionsi andj. For this derivation we have used the fact that
∑M

i=1 P(Hi|Hj) = 1. We notice

that the average positioning error results from Bayes risk bysetting the costsCi,j equal to

di,j . Thus, if alldi,j are known a priori between all regions, then the decision rule

m̂= argmin
m=1,2,...,M





M∑

j=1

πjdm,jfj (y|Hj)



 (2.6)

minimizesDe. Note that we can account for the fundamental position location inaccuracies

within the regions by assigning non-zero values todj,j . This is especially important, if

different regions have different dimensions. The values for dj,j andπj determine the minimal

average positioning error, which is achieved if all conditional error probabilities P(Hi|Hj)

for i 6= j are zero.

2.4.2 Total Probability of Error

When considering the clustering problem, thedi,j are not relevant. Therefore, the costs of

wrong decisions are set to one (Ci,j = 1 for i 6= j) and the costs of correct decisions are set to

zero (Ci,i = 0). This assignment leads to a minimization of the total probability of error [44],
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which is given by

Pe =
M∑

j=1

πj

M∑

i=1,i6=j

P(Hi|Hj) . (2.7)

The decision rule, which minimizes (2.7) is found by inserting the assumptions on

the costs into (2.4) and by simplifying the expression, which results in theM -ary

maximum a posteriori probability (MAP)decision rule

m̂= argmax
m=1,2,...,M

P(Hm|y) = argmax
m=1,2,...,M

πm fm (y|Hm) . (2.8)

For equally likely hypotheses, i.e.πm = 1/M for all m, this rule simplifies further to the

M -aryML decision rule.

By defining the likelihood ratiosΛi (y) for i= 1,2, . . . ,M as

Λi (y) =
fi (y|Hi)

f1 (y|H1)
, (2.9)

theM -aryMAP decision rule can be reformulated as

πiΛi (y)
m̂ 6=j
≷

m̂ 6=i
πjΛj (y) for i, j = 1,2, . . . ,M andi > j. (2.10)

TheM − 1 likelihood ratiosΛi (y) for i = 2,3, . . . ,M define the coordinate system of the

(M − 1)-dimensional decision space and theM (M −1)/2 decision rules in (2.10) define

the(M−2)-dimensional hyper planes, which are the boundaries of the decision regions. For

M = 2 the decision space is one-dimensional and there exists one decision threshold. For

M = 3 the decision space is two-dimensional and the three decision boundaries are straight

lines, which define decision areas. ForM = 4 the decision space is three dimensional and

the six hyper planes are planes.

Applying all M (M −1)/2 decision rules in (2.10) to an observation vectory produces

the MAP estimatem̂ for the true hypothesis. Depending on the particular expressions

for fm (y|Hm) the likelihood ratios in (2.9) can be considerably simplified, which reduces

the complexity of theMAP decision rule and mitigates numerical problems due to a poten-

tially high dimensionality ofy. Therefore, the decision rule stated in (2.10) might be easier

to implement than the original decision rule stated in (2.8).
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2.4.3 Location Fingerprinting with Multiple Observations p er Agent

In a realistic position location scenario, it is conceivable that theCU has multiple observa-

tions from each agent available for the localization (region detection) process. The essential

assumption is that these multiple observations are caused by an agent, which is located in

oneregion.

For example the agent could be equipped with multiple antennas and could use them

either sequentially to transmit its signals to the anchors or use orthogonal signals to trans-

mit them simultaneously. Furthermore, if the agent is mobile it can transmit signals peri-

odically always from a slightly different position. These are just two examples how such

multiple observations could be generated. Note that the same ideas can be also applied to

self-positioning.

In the following, we derive the optimal decision rule takingmultiple observations into

account. TheCU has recordedK observations{y1, . . . ,yK}. It is assumed that these ob-

servations are independent and are caused by an agent located in the same region. The

individual observations are stacked into a larger vectorȳ =
[

yT
1 , . . . ,y

T
K

]T
. The conditional

PDFof ȳ is given by the product of the individualPDFsof yk according to

fm (ȳ|Hm) =
K∏

k=1

fm (yk|Hm) . (2.11)

This follows from the assumption that the individual observations are independent. By in-

serting thePDFsfor ȳ givenHm into (2.6) or (2.8) we can modify the decision rules such

that multiple observations are exploited.

2.4.4 Pairwise Error Probabilities

For most decision problems with largeM , it is mathematically intractable to obtain analytic

expressions forDe or Pe due to complex decision regions in an(M −1)-dimensional space.

In order to circumvent this issue, it is useful to assume thatonly two hypotheses, sayHi and

Hj , are possible. The corresponding binary decision rule following the Bayesian paradigm

is given by

l , function

(

fi (y|Hi)

fj (y|Hj)

)
m̂=i
≷

m̂=j
δi,j ,
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which is a threshold test on the sufficient statisticl. A sufficient statistic is a function of

the observationy which has the property that the likelihood ratiofi(y|Hi)

fj(y|Hj)
can be written

as a function of the sufficient statistic [44]. The thresholdδi,j depends on the considered

performance measure. ForPe it is given byδi,j =
πj

πi
and forDe it is δi,j =

πj(di,j−dj,j)
πi(dj,i−di,i)

.

The sufficient statisticl is itself a random variable and has aPDFdenoted byfl|Hj
(l), if it is

assumed thatHj is the true hypothesis.

Considering the binary hypothesis testing problem, the pairwise error probabilities are

defined by

P(Hj →Hi) ,
∞∫

δi,j

fl|Hj
(l)dl and P(Hi →Hj) ,

δi,j∫

−∞

fl|Hi
(l)dl. (2.12)

The quantity P(Hj →Hi) is the probability of deciding forHi, whenHj is true and no

other hypotheses are possible. Note that the pairwise errorprobabilities are in general not

symmetric, i.e. P(Hj →Hi) 6= P(Hi →Hj). The pairwise error probabilities can be used

to upper bound both performance measures by applying the union bound [47], which gives

De ≤
M∑

j=1

πjdj,j +
M∑

j=1

πj

M∑

i=1,i6=j

(di,j −dj,j)P(Hj →Hi) ,

Pe ≤
M∑

j=1

πj

M∑

i=1,i6=j

P(Hj →Hi) . (2.13)

If we can derive analytical expressions for P(Hj →Hi), we can provide analytical upper

bounds for the performance of the position location or clustering problem without perform-

ing time consuming Monte Carlo simulations. Furthermore, analytical error expressions

usually provide insights into fundamental effects determining the performance and are vi-

able tools to optimize system parameters.
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Chapter 3

Channel Measurement Campaign

This chapter describes aUWB channel measurement campaign, which is designed to demon-

strate the feasibility of the proposed location fingerprinting method and evaluate its perfor-

mance in a dense multipath propagation environment with non-LoS conditions. A more

detailed description of this measurement campaign can be found in [48]. Note that we do

not specify the type of the location fingerprintssm yet, but they will be extracted from the

measuredCIRsobtained by this campaign.

3.1 Measurement Setup

The measurements were performed in a cellar room (cf. Fig.3.1) with a size of about

7.4 m times15 m and a height of6 m. There are many metallic objects in the room such

as metallic shelves, heating pipes, cabinets and metal cores, implying a dense multipath en-

vironment with some non-LoS situations. The propagation environment was kept mostly

static during the measurements, although people, who performed the measurement, were

always present and sometimes moving.

A time-domain correlation method was used to estimate theCIRs. The principle is to

perform a cross-correlation between the received signal and the known transmit signal at the

RX. In practice, the transmit signal is often generated usingpseudo noise (PN)bit streams

or m-sequences. The transmit signal is fed to apower amplifier (PAMP)and finally to the

transmit antenna. This signal propagates through the channel, is received by the receive

antenna, amplified by anlow noise amplifier (LNA), and sampled by an oscilloscope with

a sampling frequency of20 GHz. The measurement frequency range was roughly limited

from 3 GHz to6 GHz by the transfer functions of theUWB antenna,PAMP, LNA, and input

filter of the oscilloscope. The reference signal for the cross-correlation, i.e. the transmit
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Chapter 3 Channel Measurement Campaign

signal, was pre-stored in the oscilloscope, such that no wired connection betweenTX and

RX was required. This implies, however, that the absolute timereferences are unknown.

Thus, each measuredCIR has an unknown time shift. Furthermore, the impulse responses

of the transmit and receive antenna are comprised in the measuredCIRs, which is further

discussed in Section3.3.

3.2 Measurement Scenario

A large number ofCIRsbetween one staticRX equipped with four antennas and a mobileTX

also equipped with four antennas has been measured. TheRX acts asCU. The height ofTX

andRX antennas was chosen as1.8 m. The receive antennas were mounted in the corners of

a square with a side length of38 cm and the transmit antennas were mounted in the corners

of a square with a side length of20 cm on a two-dimensional positioning device. This device

allows to move theTX array within an area of27 cm times56 cm. The positioning device

was moved to22 different locations. These locations define the center points (x,y)m of the

M = 22 regions, which are depicted in Fig.3.1. The maximum distance between two regions

is approximately17 m, whereas the minimum separation of two transmit antenna positions in

two different regions is approximately10 cm. In AppendixA the complete distance matrix

collecting the distancesdi,j between all center points is listed.

The TX array was moved with an almost constant speed of1 cm/s within each region.

The trigger at the oscilloscope was not synchronized with the movement of theTX array,

which means that the exact positions of theTX antennas are unknown. However, since

triggering was done periodically every1.7 s, the spacing of subsequent measuredCIRs is

approximately1.7 cm. Roughly155 trigger events were performed implying2480 measured

CIRsper region.

Fig. 3.2 depicts the received signal at receive antenna3 after cross-correlation with the

referencePNbit stream. The four visibleCIRsorigin from four time-shifted transmit signals

at the four transmit antennas.

3.3 Impact of Antennas

The measuredCIRs comprise the patterns and the transfer functions of the transmit and

receive antennas. Skycross SM3TO10MA antennas, as depicted in Fig.3.3, were used for

the measurements.
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Fig. 3.1:Measurement scenario: Regions, propagation environment, and RX.
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Fig. 3.2:Output of the cross-correlation at receive antenna3.

These antennas are specified to work in the frequency range from3.1 to 10 GHz. Further-

more, the data sheet1 claims that these antennas are omnidirectional in the azimuth plane,

1SM3TO10MA data sheet is online available at www.skycross.com/Products/PDFs/SMT-3TO10M-A.pdf.
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Fig. 3.3:Skycross SM3TO10MA UWB antenna.

which is defined as the plane perpendicular to the axis of the antenna. The measured antenna

patterns in the azimuth plane for different frequencies aredepicted in Fig. 6.1 on page 59

in [49]. It can be concluded from these measurement results that the largest gain difference

is approximately5 dB, which occurs between the azimuth angles90 degrees and270 de-

grees. Further, it can be concluded that the antenna gain stays roughly constant for small

changes in the azimuth angle.

The orientations of the receive antennas were fixed during the whole measurement cam-

paign. Further, the transmit antennas were mounted with fixed orientations on the positioning

device. Due to the movement of this device within each regionthe orientations of the trans-

mit antennas were only slightly changing. Therefore, it is assumed that the influence of the

antenna patterns on theCIRsmeasured in each region is negligible.

3.4 Measurement Signal-to-Noise Ratio

The thermal noise due to theLNA and the electronics of the oscilloscope is assumed to

be an additive zero mean white Gaussian noise process. The corresponding noise samples

are therefore Gaussian distributed with zero mean and variance σ2
mea, which is given by

the room temperature, the noise figures of theLNA and oscilloscope, and the measurement

bandwidth. The measurementSNR is denoted by SNRmea and is defined as the average

energy of theCIRswithin one region divided by2σ2
mea. The measurementSNRranges from

45 dB to 55 dB depending on the distances between the center points of the regions and the
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RX. Due to this high measurementSNR, it is assumed that the measuredCIRsare essentially

distortion-free.

3.5 Energy Normalization

In order to remove the dependence of the location fingerprints on the transmit power of the

agents, the average energy ofCIRs within one region is normalized to the same value for

all regions. This is necessary, whenever it cannot be guaranteed that all agents use the same

transmit power. For example this can happen, when the data rate is adapted to the current

work load or channel conditions. It is important to notice that energy normalization implies

that thePL information is not used for position location.

3.6 Temporal Alignment

The measurement setup does not provide absolute timing information, which means that

there exists an unknown time offset for each measuredCIR. We have already pointed out

that signal metrics related to the direct path are not required for location fingerprinting. How-

ever, we require some sort of temporal alignment of the measuredCIRs, in order to obtain

meaningful location fingerprints and estimate meaningful statistical parameters.

In every wireless communication system, theRX needs to synchronize its symbol timing

to the symbol timing of theTX. Such a synchronization algorithm would be responsible

for the temporal alignment task in a realistic RX implementation. In the following, simple

temporal alignment strategies are discussed.

3.6.1 Problem Formulation

We consider a sampled received signal in an observation window [0,K−1] denoted byr and

assume that theCIR denoted byh of lengthN <K is located somewhere within the obser-

vation window. The objective is to identify a reference sample, estimate it for each measured

CIR and shift the time axis accordingly such that all measuredCIRs have a common time

reference. Such a reference sample could be, for example, the sample with the maximum

absolute value.
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3.6.2 Maximum Absolute Value Alignment

The simplest strategy is to identify the sample with the maximum absolute value as the

reference sample. This can be written as

nmaxabs = argmax
n∈{0,...,K−1}

|r[n]|.

Depending on theSNR, the noise samples present inr may produce large variations in

nmaxabs. Thus, this alignment strategy requires a highSNR.

In LoS situations, theCIRsare most likely aligned to the direct path, which implies that

samples before the reference sample are only noise samples.However, in case of a non-

LoS situation, theCIRsare aligned to the strongest path, which is not necessarily the direct

path. This means that also samples before the reference sample can carry significantCIR

energy and contain position location information. There isa trade-off between accounting

for possible non-LoSsituations and wasting samples by accounting for noise-only samples.

In general, it can be assumed that the position location system can afford moreRX com-

plexity, for example a higherSNR, during the training phase than during the localization

phase. Therefore, we restrict theSNR analysis to the localization phase and assume that

we can provide SNRmea during the training phase. Thus, the temporal alignment ofCIRs

utilized during the training phase is done at SNRmea.

Time-of-Arrival Alignment A more sophisticated temporal alignment strategy is to iden-

tify the reference sample as first sample inh, i.e. h[0]. The first sampleh[0] is usually

interpreted asToA of theCIR. The interested reader is referred to [6,22,23] for a detailed

discussion of various methods with different complexitiesfor ToA estimation. The simula-

tion results provided in this thesis consider exclusively maximum absolute value alignment

as discussed above.
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Chapter 4

Location Fingerprinting with a Coherent

Receiver

In this chapter1, location fingerprinting with asingleanchor using acoherentRX is studied.

The RX is called coherent, because it can performCIR estimation. Note that we do not

require anything from the agents except from being able to send a training sequence with a

certain bandwidth forCIR estimation. Especially time synchronization between agents and

RX is not required. Thus, the whole complexity of the position location system is shifted to

the anchor, which also acts asCU in accordance to the framework developed in Chapter2.

We adopt the formulation of stochastic location fingerprints proposed in Section2.3, which

means that the location fingerprintssm within each regionm are modeled by aPDFwith pa-

rameter setΘm. In the course of this chapter, we will answer some of the fundamental ques-

tions raised in Chapter2. The first two questions, which are treated in Sections4.1and4.2,

are concerned with the choice of the location fingerprints and with an accurate and mathe-

matically tractable stochastic description of them.

1Parts of this chapter have been published in [50,51].
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4.1 Choice of the Location Fingerprints

A physical multipath propagation channel withL paths can be interpreted as tapped delay

line [52] with L taps according to

h(t, τ) =
L∑

l=1

γl(t)δ (τ − τl(t)),

whereγl(t) is the time-varying gain andτl(t) is the time-varying delay of pathl. Time vari-

ations of gains and delays are caused by movement ofTX or RX (or both) and/or movement

of objects in the environment.

Since any wireless transmission system is band-limited, the continuous timeCIR

of interest is as well and can be represented by discrete-time samples denoted by

h[t,n] , hband-limited

(

t, n
fs

)

with fs as the sampling rate. Iffs fulfills the sampling theorem,

the continuous timeCIR can be recovered by interpolation with time-shifted sinc functions.

We consider an equivalent baseband representation of the continuous timeCIR, which

implies complex valued samplesh[t,n]. Since the equivalent baseband samples provide a

complete description of the continuous timeCIR, it is proposed to use these samples within

an observation window as location fingerprint and definesm with lengthN according to

sm (t) , [hm[t,0],hm[t,1], . . . ,hm[t,N −1]]T ,

where the subscriptm denotes the agent’s region. Thus,hm[t,n] denotes then-th sample of

an equivalent basebandCIR from an agent located in regionm observed at time instantt.

The time dependency of these samples is still considered, which causes time-varying location

fingerprints. Due to the time windowing, the continuous timeCIR cannot be reconstructed

based onsm (t) without error. The observation window should be chosen suchthat the main

part of theCIR energy is captured. Furthermore, it is assumed thatsm (t) does not change

in t during one observation window. Since the observation duration is typically in the order

of tens of nanoseconds, this is assumption is well justified in indoor scenarios due to the

limited speed of TX, RX, and objects in the environment.

If fs is larger than Nyquist rate this corresponds to oversampling, which provides a redun-

dant representation of the continuous timeCIR. This implies that the length ofsm increases

for the same observation window duration and, consequentlythat more statistical parameters

have to be estimated. This, in turn, increases the complexity of the training phase without

increasing the information content. Thus,fs is chosen as Nyquist rate.
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4.2 Regional Channel Model

4.2 Regional Channel Model

For design, implementation, and evaluation of a location fingerprinting system, a statistical

model ofsm (t) is required. The statistical description should be robust to time-variations

caused by a randomly changing propagation environment, forexample, by moving people.

More importantly, we have to accurately model the variations of the location fingerprints

within a small region of space. This change in position in theorder of a few multiples of the

carrier wavelength causes small scale fading of the samplesh[t,n], which can be modeled

with various probability distributions [52,53]. In the following we use the terms channel taps

and samples interchangeably.

A common assumption on the small scale fading behavior of equivalent baseband channel

taps is that they are complex Gaussian distributed. The justification of this assumption is

given by the central limit theorem. Many reflected and scattered partial waves of similar

average power from different directions superimpose at thereceive antenna and contribute

to one channel tap. If the number of partial waves is large enough, the central limit theo-

rem can be applied and the resulting distribution of the channel tap can be assumed to be

Gaussian [54,55]. However, as the sampling frequency becomes larger due to increasing

signal bandwidth (approaching UWB bandwidths) less of thesepartial waves contribute to

one channel tap. This fact questions the applicability of the central limit theorem.

In literature, there exist various studies on the tap statistics for UWB channels. For the tap

amplitudes, the Nakagami-m [56], Log-normal [49, 57], and Weibull [58] distributions are

proposed. However, also Rayleigh and Rice amplitude distributions arising from a complex

Gaussian channel model are supported by some channel measurement campaigns [59, 60].

The phase distribution of the channel taps is commonly assumed to be uniform between−π
andπ.

In the next section, we applyAkaike’s information criterion (AIC)[61] to channel taps

obtained by the measurement campaign described in Chapter3, in order to find the best

distribution out of a candidate set for the modeling of the small scale fading behavior. A

short review ofAIC can be found in AppendixB. Furthermore, thorough discussions about

UWB channel modeling can be found in [52, 53, 60, 62, 63]. The AIC is applied to chan-

nel taps after measurement post-processing steps in the following order: Passband filtering

from 3 to 6 GHz, equivalent baseband transformation, threefold interpolation (upsampling to

60 GHz sampling rate), temporal alignment, downsampling to Nyquist rate (downsampling

to 3 GHz sampling rate), and energy normalization.
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4.2.1 Marginal Distribution of Channel Taps

The considered ensemble consists of all measuredCIRs from one region (all four transmit

antennas) to receive antenna3. The number ofCIRs in this ensemble is620. Region2

with LoS CIRsand region18 with non-LoS CIRsare chosen for presentation in this sec-

tion. Further investigations show that the obtained results and drawn conclusions hold for all

other regions as well. Although the measurement process forone region lasted for roughly

250 seconds, it is assumed that the ensemble is measured at a single time instantt = t0.

Thus, the time dependency of the location fingerprints is omitted in the following considera-

tions. The propagation environment was kept mostly static during the measurements, which

justifies this assumption.
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Fig. 4.1:Normalized PDPs in dB for regions2 and18.

Fig. 4.1 depicts the normalizedpower delay profiles (PDPs)for regions2 and18 in dB.

The reference sample is set tonmaxabs= 31. It can be seen that samples before the reference

sample carry significantCIR energy for region18, which is not the case for region2. The

observation window has a duration of60 ns, which corresponds toN = 180 samples obtained

with 3 GHz Nyquist sampling.

Amplitude Distribution The candidate set consists of the following six distributions:

Nakagami-m, Log-normal, Weibull, Gamma, Rayleigh, and Rice.All distributions have

two parameters except for the Rayleigh distribution, which has only one parameter. This

choice is based on channel modeling literature as discussedabove. Fig.4.2 and Fig.4.3

depict the respective Akaike Weights for all fitted candidate distributions for region2 and

region18. The Akaike Weights (cf. AppendixB) are estimates for the probability that the
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Fig. 4.2:Akaike Weights for tap amplitudes|h[1]|, |h[2]|, . . . , |h[180]| for CIRs from region2.
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gion18.

30



4.2 Regional Channel Model

corresponding distribution shows the best modeling quality within the candidate set. Thus,

a high Akaike Weight indicates that this distribution is a good candidate to model amplitude

variations of the corresponding channel tap. The Akaike Weights sum up to one for eachn.

Following observation can be made:

1. There does not exist a single distribution, which shows the best fit for alln.

2. Log-normal and Gamma distributions are not suited for themajority of taps.

3. The channel taps can be separated into two categories withdifferent behavior:

• The taps surroundingnmaxabsare not well modeled with a Rayleigh or Rice dis-

tribution due to the temporal alignment, which enforces large tap amplitudes for

all CIRs.
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Fig. 4.4:Scatter plot forh [nmaxabs] for region2 (left) and region18 (right).

Fig. 4.4 shows a scatter plot forh [nmaxabs] for region2 and region18. It can be

seen that the reference samples do not follow a complex Gaussian distribution.

This can be also observed for surrounding channel taps. These taps, however, do

not carry significant information for location fingerprinting, since the temporal

alignment procedure is done in the same way for all regions.

• The majority of all other taps is best modeled with the Rayleigh distribution.

However, the Nakagami-m or the Weibull distribution has sometimes the largest

Akaike Weight. When we look at the parameter values for Nakagami-m and

Weibull in these cases, it can be observed that they are very close to the values

that reduce the respective distribution to a Rayleigh distribution.

4. There exists no significant difference betweenLoS region2 and non-LoS region18

except for the first arriving cluster (samples9 to 21). Here, Nakagami-m distribution
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fits the tap statistics from region18 best. However, the values for the parameterm

are again close to1, which would reduce the Nakagami-m distribution to the Rayleigh

distribution.

5. Fig.4.5and Fig.4.6depict the fittedPDFsand the histograms of the reference sample

and a multipath channel tap for regions2 and18. It can be seen that Rayleigh and

Rice show a bad fit for the reference sample. For the multipath channel tap allPDFs

except Gamma and Log-normal almost overlap. Note that the Akaike Weights for

Rayleigh and Rice for the chosen multipath channel taps are smaller than for Weibull

and Nakagami-m.
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Fig. 4.5:PDFs of|h [nmaxabs]| from region2 (left) and region18 (right).
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It can be concluded from these empirical results that the Rayleigh distribution is a mean-

ingful candidate to model the small scale fading behavior ofmost of the channel tap ampli-

tudes. This is also in line with the results from measurementcampaign I in [59], where a

measurement scenario similar to the one described in Chapter3 is considered. The ensemble

in [59] consists ofCIRsfrom aTX array to one receive antenna in a static environment.

However, there is an obvious modeling mismatch of the Rayleigh distribution for taps

surroundingnmaxabs. These taps would be better modeled by any other distribution than

Rayleigh or Rice, which can be seen from Fig.4.5. According to the theory ofAIC, we

would have to use multiple candidate distributions to accurately model all channel tap am-

plitudes. Unfortunately, this would prevent us from defining a suitable joint distribution of

the channel taps, which is discussed later in Section4.2.2. Therefore, it is proposed to stick

to the Rayleigh distribution for all channel taps. With the application of location fingerprint-

ing in mind, this is a sensible modeling decision, because the channel taps carrying the least

information about the agent’s location are the samples surroundingnmaxabs. The reason for

this is the temporal alignment process, which is the same forall CIRsfrom all regions.

The distributions of the tap phases remain to be investigated in the following. The working

hypothesis is that the phases are uniformly distributed between−π andπ. This is motivated

by propagation effects, because already small changes in the path delays cause large changes

of the tap phases.

Phase Distribution As stated above, the phase distribution is generally assumed to be

uniform in literature. Thus, we seek to verify this assumption based on visual inspection of

the histograms obtained from measured channel taps.

Fig. 4.7 depicts the histograms of the tap phasesφ [n] , arg[h[n]] for the two considered

regions. The gray scale encodes relative occurrence, i.e.,darker means more frequently.

Visual inspection generally confirms the uniform phase distribution hypothesis, which is also

supported by the experimental findings in [60]. An exception are the samples forn≤ 32 from

region2, for which some phases have almost zero relative occurrence. This implies that, in

case ofLoSpropagation and sufficiently small multipath interferencefrom succeeding paths,

the temporal alignment works accurately enough to partially recover phase information of

the LoS path. This is not the case forCIRsfrom region18 due to the multipath interference

affecting also preceding samples ofnmaxabs.

This effect of the temporal alignment process is emphasized, if alignment is done with

highly oversampled passbandCIRs. For the here presented results,9-fold interpolation is
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applied implying a sampling rate of180 GHz. The new measurement post-processing order

is: 9-fold interpolation, temporal alignment, passband filtering from3 to 6 GHz, equivalent

baseband transformation, downsampling to Nyquist rate, and energy normalization.
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Fig. 4.8:Histograms of the tap phases for CIRs from region2 (left) and 18 (right). The
gray scale encodes relative occurrence. Temporal alignment of passband CIRs with
180 GHz sampling rate.

Fig. 4.8 depicts the corresponding histograms of the tap phases for the two considered

regions. For region2 it can be observed that the phase of the reference samplenmaxabs= 31

is almost deterministic, i.e.φ [nmaxabs] = π. Furthermore, the surrounding samples show

similar phase distributions with zero relative occurrencefor many values. For region18 two

very likely values forφ [nmaxabs] ∈ {0,π} can be observed, but the phases of the remaining

channel taps are well modeled by a uniform distribution.
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4.2 Regional Channel Model

Most of the channel tap phases are very well modeled by a uniform distribution, if the

temporal alignment process is done with baseband signals. For the remaining simulation

results in this thesis temporal alignment is exclusively performed with baseband signals.

Conclusions Based on this empirical analysis of measured channel taps, wecome to the

conclusion that the most promising stochastic model of the channel taps is circular symmetric

Gaussian [64,65], which leads to Rayleigh distributed amplitudes and uniformly distributed

phases. Interestingly, this model has the least complexity(only one free real parameter per

channel tap) compared to all other candidates. Furthermore, the Gaussian distribution has

many advantages in terms of mathematical tractability. It is, for example, straightforward to

extend the Gaussian distribution to amultivariate (MV)Gaussian distribution.

4.2.2 Second Order Statistics

So far, we have investigated the marginal channel tap statistics of equivalent basebandCIRs

over rectangular shaped regions of dimension27 cm times56 cm. However, a full stochastic

description of the location fingerprints requires a joint distribution ofsm (t). In this section,

we consider the same ensembles of measuredCIRs from region2 and region18 as for the

analysis of the marginal channel tap statistics. It is againassumed that the ensembles are

observed at a single time instantt= t0. This implies that the time dependency of the location

fingerprints is neglected. Therefore, the joint distribution ofsm , sm (t0) is sought.

In order to apply model selection techniques likeAIC as used for the marginal tap statistics

a huge amount of independentCIR realizations needs to be measured. Since this is not

feasible, the following analysis focuses only on the secondorder statistics, i.e. correlations

among channel taps. In general, correlations among channeltaps of an equivalent baseband

CIR exists due to the following reasons (cf. [52,53,60]):

• Band-limited filters with non-rectangular frequency responses. This includes also the

antenna transfer functions.

• Spatial variations over multiple wavelengths cause multipath components to extend

over several channel taps.

• Frequency dependent propagation mechanisms, which are further discussed in Sec-

tion 7.1.

• Correlated scatterers or correlated multipath components.
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Chapter 4 Location Fingerprinting with a Coherent Receiver

The last three effects are related to the propagation environment and are, therefore, location

dependent. It is expected that these correlations can be exploited to improve the location

fingerprinting performance by providing a more distinct stochastic description of the location

fingerprints originating from different regions.

We propose to model the location fingerprint vectorssm as complex-valued jointly Gaus-

sian random vectors. Hence, the distribution ofsm is fully determined by the first and second

order statistics, i.e. by the mean and the covariance. This modeling assumption is in accor-

dance to the results of Section4.2.1, because the marginal distributions of a complex-valued

jointly Gaussian random vector are complex-valued Gaussian.

Complex-Valued Jointly Gaussian Random Vectors In this paragraph, we review the

definitions of complex-valued jointly, proper, and circular symmetric Gaussian random vec-

tors.

A complex-valued random vectorh of lengthN is said to be jointly Gaussian distributed,

if the real-valued random vectorh̃ of length2N defined as

h̃,




Re[h]

Im[h]





is jointly Gaussian distributed. Thus, in order to specify the distribution ofh, we require the

mean vector̃µ = E
[

h̃
]

and the covariance matrix̃Σ = E
[(

h̃− µ̃

)(

h̃− µ̃

)T
]

.

The distribution ofh is said to be proper [64,65] if and only if Σ̃ can be written as

Σ̃ =




Re[A] Im[A]

− Im[A] Re [A]



 ,

for some non-negative definite Hermitian matrixA. In this case we have forµ = E[h] that

Σ = E
[

(h−µ)(h−µ)H
]

= A

Z = E
[

(h−µ)(h−µ)T
]

= 0.

Note that thepseudo-covariance matrixZ becomes zero. Thus, the proper Gaussian PDF is

fully determined byµ andΣ and is given by

f (h) =
1

πN |Σ| exp
(

−(h−µ)H
Σ

−1 (h−µ)
)

.
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4.2 Regional Channel Model

In order to specify a conventional jointly Gaussian random vector of lengthN , 3N +2N2

free real parameters are required. For a proper Gaussian random vector of lengthN , only

2N +N2 free real parameters are required.

If µ is the zero vector, then the distribution ofh is called circular symmetric Gaussian. In

order to specify a circular symmetric Gaussian random vector, Σ with N2 free real parame-

ters is required.

Empirical Correlation Matrices In this paragraph, we present empirical correlation matri-

ces of location fingerprints from region2 and region18. In accordance to the results from

Section4.2.1, the channel taps are assumed to have zero mean, which implies that E[sm] = 0

is assumed.

The empirical covariance and correlation matrices are estimated based on a set ofL loca-

tion fingerprints from regionm:
{

s(1)
m ,s(2)

m , . . . ,s(L)
m

}

. The ML estimateŝΣm of the covari-

ance matrixΣm andẐm of the pseudo-covariance matrixZm are given by

Σ̂m =
1

L

L∑

l=1

s(l)
m

(

s(l)
m

)H
andẐm =

1

L

L∑

l=1

s(l)
m

(

s(l)
m

)T
. (4.1)

By normalizing the entries in these covariance matrices according to

[

R̂m

]

i,j
=

[

Σ̂m

]

i,j
√[

Σ̂m

]

i,i

[

Σ̂m

]

j,j

and
[

K̂m

]

i,j
=

[

Ẑm

]

i,j
√[

Σ̂m

]

i,i

[

Σ̂m

]

j,j

,

the corresponding empirical correlation matrixR̂m and pseudo-correlation matrix̂Km are

obtained.

Fig. 4.9and Fig.4.10depict the absolute values of the empirical correlation matrices and

pseudo-correlation matrices for region2 and region18 using ensembles ofL= 620 measured

CIRs per region. For both regions, several correlation coefficients with an absolute value

larger than0.5 - especially in the vicinity of the main diagonal - can be observed.

The correlation values for channel taps withn ≤ nmaxabs= 31 in the left plot of Fig.4.9

are larger than0.5, which is not the case in the left plot of Fig.4.10. The reason is again the

temporal alignment process. Since region2 is aLoS region and the multipath interference

from succeeding paths on channel tapsn≤ nmaxabsis weak, these channel taps have similar

amplitudes and phases for all temporally alignedCIRs. This results in high channel tap

correlation values. In region18 there exists also multipath interference forn ≤ nmaxabs,
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Fig. 4.9:Absolute values of correlation matrix̂R2 (left) and pseudo-correlation matrix̂K2

(right).
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Fig. 4.10:Absolute values of correlation matrix̂R18 (left) and pseudo-correlation matrix̂K18

(right).

which explains why the corresponding correlation values are significantly smaller. Although

these high correlation values cannot improve the localization performance forLoS regions -

because they are equal for allLoS regions - they can help to distinguishLoS and non-LoS

regions.

In general, it cannot be assumed that the pseudo-correlation matrices and, consequently,

the pseudo-covariance matrices vanish. Visual inspectionof the right plots in Fig.4.9 and

Fig. 4.10indicates that there exist some non-negligible pseudo-correlation values. Therefore,

it will be again a modeling decision, whether the location fingerprints are assumed to be

circular symmetric or not. In order to reduce the complexityof the training phase as much as

possible, only as few free modeling parameters as possible should be used. This reasoning
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4.3 Distortions of the Location Fingerprints

favors the assumption of circular symmetric location fingerprints. On the contrary, if a lot of

training data is available, a better performance could be achieved assuming non-zero pseudo-

covariance matrices.

4.2.3 Summary

It is proposed to model the location fingerprintssm as circular symmetric Gaussian random

vectors. The zero mean assumption stems from the empirical analysis of the marginal chan-

nel tap statistics performed in Section4.2.1. Hence, thePDF of location fingerprints from

agents located in regionm is given by

fm (s|Hm) =
1

πN |Σm| exp
(

−sH
Σ

−1
m s

)

.

In order to specify this PDF for each region the estimation ofΣm with N2 free real parame-

ters is required. Thus, the parameter setΘm = {Σm} fully describes the location fingerprints

from agents located in regionm, which are obtained with a coherentRX.

For the sake of performance comparison we present in the coarse of this chapter analytical

and empirical performance results for the following location fingerprint models:

• COV model:

Circular symmetric Gaussian PDF withΘm =
{

Σm = E
[

smsH
m

]}

andN2 free real

parameters.

• PCV model:

Zero mean complex-valued jointly Gaussian PDF withΘm =
{

Σm,Zm = E
[

smsT
m

]}

and2N2 +N free real parameters.

• PDP model:

Circular symmetric Gaussian PDF assuming independent channel taps withΘm =
{

PDPm , diag[Σm]
}

andN free real parameters.

4.3 Distortions of the Location Fingerprints

4.3.1 Antenna Patterns

If the agents are mobile, there exists inevitable variations (distortions) of the location fin-

gerprints due to antenna patterns of TX and RX antenna. If the antenna patterns deviate

39



Chapter 4 Location Fingerprinting with a Coherent Receiver

significantly from omnidirectional antennas2, the location fingerprints depend strongly on

the antenna orientations. This effect has to be accounted for during the training phase by

either separate training (parameter estimation) for all relevant orientations or by averaging

the location fingerprints over all orientations. If the impact of the antenna patterns is ignored,

the varying antenna orientations due to movements of the agent will distort the location fin-

gerprints in comparison to the training phase and act as error source.

Throughout this thesis, we assume approximately omnidirectional antennas in the azimuth

plane and consider only application scenarios which require two-dimensional localization.

Note that theUWB antennas described in Section3.3, which were used for the channel

measurements, fulfill this assumption. Therefore, it can beassumed that distortions of the

location fingerprints caused by antenna patterns are negligible.

4.3.2 Thermal Noise and Time Variations

So far, we have proposed a stochastic model for location fingerprints in a quasi-static en-

vironment and for largeSNR. We assume that these conditions can be fulfilled during the

training phase, such that the parameter setsΘm can be estimated for allM regions. However,

during the localization phase we might face lowerSNRand, moreover, time variations of the

propagation environment caused by moving objects like people, machines, or other agents.

Thus, we discuss and model the impact of these distortions onthe location fingerprints in the

following.

The measurement campaign II in [59] is concerned with time variations. The measurement

scenario is composed of aTX and anRX at fixed positions and a time varying propagation

environment caused by moving people. The authors find based on AIC that the channel

taps are best modeled by a non-zero mean proper Gaussian distribution. This implies that

there exists a deterministic mean component caused by the static part of the environment like

walls, floor and ceiling, and a stochastic zero mean component caused by the movements.

This stochastic component is according to the results in [59] best modeled by a circular

symmetric Gaussian distribution.

The distribution of thermal noise is commonly modeled as zero mean Gaussian. Thus,

we can conclude that a sensible model for the distortions is acircular symmetric Gaussian

random vectorn. Without any prior information about the statistics of the distortions, the

only reasonable covariance matrix ofn is a weighted identity matrix.

2This is especially relevant for three-dimensional position location scenarios, because it is very hard to design
an antenna which is approximately omnidirectional in all three dimensions, i.e. isotropic.
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4.4 Position Location and Clustering Systems

Consequently, the observation vectory of a coherentUWB RX during the localization

phase is modeled as

y = sm +n,

with independent random vectorssm andn. The conditionalPDFof y assuming the agent is

located in regionm is given by

fm (y|Hm) =
1

πN |Σm +σ2I | exp
(

−yH
(

Σm +σ2I
)−1

y
)

.

We define theSNRin dB accounting for all existing distortions as

SNRm , 10log10




E
[

sH
msm

]

2σ2



= 10log10

(

Tr [Σm]

2σ2

)

. (4.2)

Note that theSNRwill be generally different for each regionm due to the varying distances

(x,y)m to theRX. However, after the energy normalization step in the post-processing stage,

we have assured thatE = Tr [Σm] for all m and, thus, SNR= SNRm for all m. Further, note

that thisSNRdefinition is consistent to the widely usedEb/N0 expression, whereEb denotes

the energy per bit of the received signal andN0/2 is the power spectral density of an additive

white Gaussian noise process.

4.4 Position Location and Clustering Systems

4.4.1 Training Phase

The parameters of the conditionalPDFfm (y|Hm) must be estimated during a training phase

based onL location fingerprints caused by agents located in regionm. This has to be done

for all M regions. TheML estimates for the covariance and the pseudo-covariance matrix

are given in (4.1). Due to the zero mean assumption, these two estimates are unbiased, i.e.

E
[

Σ̂m

]

= Σm and E
[

Ẑm

]

= Zm. Due to a finite number of training signals, the estimated

covariance matrices are random quantities. It can be shown thatΣ̂m andẐm are distributed

according to a Wishart distribution [66,67]. Further information on the Wishart distribution

is given in AppendixD.

The quality of the covariance matrix estimate is analyzed inthe following. The region

indexm is dropped for notational convenience. The expected value of the squared absolute
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Chapter 4 Location Fingerprinting with a Coherent Receiver

estimation error of the(i, j)-th component of the covariance matrix is given by

E

[∣
∣
∣
∣

[

Σ̂

]

i,j
− [Σ]i,j

∣
∣
∣
∣

2
]

= E

[∣
∣
∣
∣

[

Σ̂

]

i,j

∣
∣
∣
∣

2
]

−
∣
∣
∣[Σ]i,j

∣
∣
∣

2

=
1

L2

L∑

l=1

L∑

k=1

E
[

s[i](l)
(

s[j](l)
)∗
(

s[i](k)
(

s[j](k)
)∗
)∗]

−
∣
∣
∣[Σ]i,j

∣
∣
∣

2

=
1

L2





L∑

l=1

L∑

k=1,k 6=l

∣
∣
∣[Σ]i,j

∣
∣
∣

2
+

L∑

l=1

E
[

s[i](l)
(

s[j](l)
)∗ (

s[i](l)
)∗

s[j](l)
]


−
∣
∣
∣[Σ]i,j

∣
∣
∣

2

=
1

L2

(

L(L−1)
∣
∣
∣[Σ]i,j

∣
∣
∣

2
+L

(

[Σ]i,i [Σ]j,j +2
∣
∣
∣[Σ]i,j

∣
∣
∣

2
))

−
∣
∣
∣[Σ]i,j

∣
∣
∣

2

=
1

L

(

[Σ]i,i [Σ]j,j +
∣
∣
∣[Σ]i,j

∣
∣
∣

2
)

.

The expected value of the product of four Gaussian random variables, i.e.

E
[

s[i](l)
(

s[j](l)
)∗ (

s[i](l)
)∗

s[j](l)
]

, is derived in AppendixE. We notice that the esti-

mation quality increases linearly withL. Further, we note thatN does not influence the

estimation quality of a single component of the covariance matrix. However, asN increases

for a fixedL the overall structure of the covariance matrix is harder to estimate as the

estimation errors of individual components accumulate. Asa rule of thumb,L must be

approximately as large as the number of free real parameters, such that the stochastic

description becomes accurate [32]. In order to guarantee that the estimated covariance

matrix is not rank deficient,L ≥ N is required. The impact ofL on the position location

performance is investigated in Section4.6.3.

The proposed location fingerprinting framework in Chapter2 enables the combination

of training and localization phase via iterative algorithms, which improve the quality of the

parameter estimates during the localization phase. This idea is further discussed in Chapter6.

4.4.2 Localization Phase

The localization phase consists of evaluating (2.6) or (2.8), depending on the chosen figure

of merit, with an observation vectory. However, it is computationally expensive to evaluate

M MV GaussianPDFsfor (2.8) and even more expensive to evaluateM2 MV Gaussian

PDFsfor (2.6). In the latter case we cannot simplify the expression by computing the natural

logarithm due to the summation ofMV GaussianPDFs. A possible solution would be a

stored lookup table for allMV GaussianPDFswhich in turn requires large storage capacity.
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4.5 Analytical Pairwise Error Probabilities

However, for (2.8) taking the natural logarithm gives

m̂= argmax
m=1,2,...,M

ln(πm)+ ln(fm (y|Hm))

= argmax
m=1,2,...,M

ln(πm)+ ln




1

πN
∣
∣
∣Σ̂m +σ2I

∣
∣
∣

exp
(

−yH
(

Σ̂m +σ2I
)−1

y
)




= argmax
m=1,2,...,M

ln(πm)− ln
(∣
∣
∣Σ̂m +σ2I

∣
∣
∣

)

−yH
(

Σ̂m +σ2I
)−1

y.

From this equation it can be seen that there are many terms which can be computed once and

stored. The only operations which have to be performed for each observation are the evalua-

tions ofM quadratic formsyH
(

Σ̂m +σ2I
)−1

y with pre-computed matrices
(

Σ̂m +σ2I
)−1

.

Multiple Observations If there areK independent observationsȳ =
[

yT
1 , . . . ,y

T
K

]T
avail-

able (cf. Section2.4.3), we apply (2.11) and obtain a slightly modified decision rule:

m̂= argmax
m=1,2,...,M

ln(πm)−K ln
(∣
∣
∣Σ̂m +σ2I

∣
∣
∣

)

−
K∑

k=1

yH
k

(

Σ̂m +σ2I
)−1

yk.

PCV model The PCV model assumes a non-zero pseudo-covariance matrix. Therefore,

y is split into real and imaginary part resulting inỹ, which is a real-valued zero meanMV

Gaussian random vector with length2N . The corresponding covariance matrix can be com-

puted fromΣ̂m andẐm according to

ˆ̃
Σm =

1

2




Re
[

Σ̂m + Ẑm

]

Im
[

−Σ̂m + Ẑm

]

Im
[

Σ̂m + Ẑm

]

Re
[

Σ̂m − Ẑm

]



 .

4.5 Analytical Pairwise Error Probabilities

For the theoretical analysis and optimization of a positionlocation (or communication) sys-

tem it is essential to be able to calculate or at least bound the figure of merits analytically.

If this is mathematically not feasible one has to resort to computationally expensive Monte

Carlo simulations for performance evaluation. Moreover, optimization of a large number

of system parameters is infeasible with Monte Carlo simulations. In this section, analytical

expressions for the pairwise error probabilities are derived. Applying the bounds in (2.13)

results in upper bounds for the average positioning errorDe and the total probability of er-

ror Pe.
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In order to calculate the pairwise error probabilities P(Hj →Hi) and P(Hi →Hj), we

consider the binary hypothesis testing problem given by

fi (y|Hi)

fj (y|Hj)

m̂=i
≷

m̂=j
δi,j .

Taking the natural logarithm and collecting terms, the likelihood ratio can be simplified to

yH
((

Σj +σ2I
)−1 −

(

Σi +σ2I
)−1

)

y
m̂=i
≷

m̂=j
δ̄i,j , (4.3)

where the threshold̄δi,j is given by

δ̄i,j = ln(δi,j)+ ln





∣
∣
∣Σi +σ2I

∣
∣
∣

|Σj +σ2I |



 . (4.4)

We note that for this problem the sufficient statisticl is given by

l = yH
((

Σj +σ2I
)−1 −

(

Σi +σ2I
)−1

)

y = yHAy. (4.5)

Note that the matrixA is Hermitian but neither positive semidefinite nor negativesemidefi-

nite. Thus, some eigenvalues ofA are positive and some are negative. For the calculation of

the pairwise error probabilities we require thePDFof the sufficient statistic given eitherHi

orHj . We will derive thePDFof l givenHi which implies thaty is distributed according to

a zero meanMV GaussianPDFwith covariance matrixΣi +σ2I . The derivation of thePDF

givenHj follows analogously.

The first step is towhiteny by a linear transformation according tow = Λ
−1/2UHy, where

Λ andU are the diagonal eigenvalue matrix and the unitary eigenvector matrix ofΣi +σ2I ,

such that we have the decompositionΣi +σ2I = UΛUH . The covariance matrix ofw is the

identity matrix which is shown by

E
[

wwH
]

= Λ
−1/2UHE

[

yyH
]

UΛ
−1/2 = I .

Consequently, the sufficient statisticl can be written in terms ofw according to

l = wH
(

Λ
1/2UHAUΛ

1/2
)

w = wHBw. (4.6)

The matrixB is again Hermitian and can be decomposed into eigenvalue andeigenvector

matrices according toB = V∆VH . The unitary transformationv = VHw renders the covari-
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4.5 Analytical Pairwise Error Probabilities

ance matrix ofv as identity and diagonalizes the quadratic form in (4.5). Thus, the sufficient

statistic in terms ofv is given by

l = vH
∆v =

N∑

n=1

[∆]n,n |v[n]|2 . (4.7)

We notice that allN random variables|v[n]|2 are i.i.d. exponentially distributed with ex-

pected value1. Thus, thePDFof the sufficient statisticl is given by a weighted sum of i.i.d.

exponential random variables. Note that the weights are equal to the real valued eigenvalues

of B and depend on the assumed true hypothesis. Further, some eigenvalues ofB can be pos-

itive and some can be negative. In order to proceed, we split the sum in (4.7) into two parts

collecting the positive and negative weights, respectively. Thus, we have thatl = l(+) − l(−)

and

l(+) =
N (+)
∑

n=1

φ(+)[n]
∣
∣
∣v(+)[n]

∣
∣
∣

2
andl(−) =

N (−)
∑

n=1

φ(−)[n]
∣
∣
∣v(−)[n]

∣
∣
∣

2
,

where the sets of the corresponding weights are given by
{

φ(+)
}

=
{

[∆]n,n | [∆]n,n ≥ 0
}

and
{

φ(−)
}

=
{

− [∆]n,n | [∆]n,n < 0
}

. Note that the two random variablesl(+) and l(−)

are independent. According to [47], the PDFsof l(+) and l(−) assuming mutually distinct

weights are given in closed form by

fl(+)|Hi
(x) =







∑N (+)

n=1 C(+)[n] exp
(

− x
φ(+)[n]

)

for x≥ 0

0 for x < 0
,where

C(+)[n] =
N (+)
∏

i=1,i6=n

1

φ(+)[n]−φ(+)[i]
,

and

fl(−)|Hi
(y) =







∑N (−)

n=1 C(−)[n] exp
(

− y
φ(−)[n]

)

for y ≥ 0

0 for y < 0
,where

C(−)[n] =
N (−)
∏

i=1,i6=n

1

φ(−)[n]−φ(−)[i]
.

The definition of the pairwise error probability is P(Hi →Hj) ,
∫ δ̄i,j
−∞ fl|Hi

(l)dl. Follow-

ing the presentation in [65] on page185 we can readily usefl(+)|Hi
(x) andfl(−)|Hi

(y) to
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calculate P(Hi →Hj) for δ̄i,j ≥ 0 according to

P(Hi →Hj) =

∞∫

y=0

δ̄i,j+y
∫

x=0

fl(+)|Hi
(x)fl(−)|Hi

(y)dxdy

=

∞∫

y=0

Fl(+)|Hi

(

δ̄i,j +y
)

fl(−)|Hi
(y)dy,

whereFl(+)|Hi
(x) is thecummulative distribution function (CDF)of l(+) givenHi. Plugging

in the expressions forfl(+)|Hi
(x) andfl(−)|Hi

(y) and carrying out the integration we get the

following closed form expression for the pairwise error probabilities:

P(Hi →Hj) =
N (+)
∑

n=1

N (−)
∑

k=1

C(+)[n]φ(+)[n]C(−)[k]φ(−)[k]







1−
φ(+)[n] exp

(

− δ̄i,j

φ(+)[n]

)

φ(+)[n]+φ(−)[k]






.

The situation changes slightly for̄δi,j < 0. In this case we have

P(Hi →Hj) =

∞∫

y=−δ̄i,j

δ̄i,j+y
∫

x=0

fl(+)|Hi
(x)fl(−)|Hi

(y)dxdy

=

∞∫

y=−δ̄i,j

Fl(+)|Hi

(

δ̄i,j +y
)

fl(−)|Hi
(y)dy

=
N (+)
∑

n=1

N (−)
∑

k=1

C(+)[n]φ(+)[n]C(−)[k]
(

φ(−)[k]
)2

exp
(

δ̄i,j

φ(−)[k]

)

φ(+)[n]+φ(−)[k]
.

The pairwise error probability P(Hj →Hi) can be calculated analogously by assuming that

Hj is the true hypothesis and by using

P(Hj →Hi) ,
∞∫

δ̄i,j

fl|Hj
(l)dl = 1−

δ̄i,j∫

−∞

fl|Hj
(l)dl.

In order to verify these derivations, the analytical results are compared to numerical pair-

wise error probabilities obtained from a Monte Carlo simulation with 60000 realizations per

hypothesis. The matricesΣi andΣj are estimated usingL= 620 measuredCIRs from re-

gion i= 4 andL= 620 measuredCIRs from regionj = 5 (cf. Chapter3). It is assumed
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thatΣ4 andΣ5 are the true covariance matrices. Moreover, it is assumed that the empirical

estimation of the covariance matrices is error-free. Theoretically this would requireL = ∞
training signals. The size of the observation window is set to Ts = 20 ns and the signal

bandwidth isB = 3 GHz. The length of the location fingerprints results asN = 60 samples.
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Fig. 4.11:Analytical pairwise error probabilities and numerical Monte Carlo results.

Fig. 4.11depicts the analytical pairwise error probabilities and the results of the Monte

Carlo simulations. It can be seen that the numerical results coincide with the analytical

results. In order to obtain analytical upper bounds onPe andDe, these analytical expressions

for the pairwise error probabilities have to be substitutedto the bounds given in (2.13).

4.6 Theoretical and Experimental Performance Analysis

In this section, the performance of the proposed location fingerprinting system with a co-

herentRX is analyzed. The figures of merit arePe for the clustering problem andDe for

the position location problem. We consider the ensemble of measuredCIRs from all four

transmit antennas to receive antenna3, which resembles a remote positioning scenario. The

UWB channel measurement campaign is described in Chapter3. The total number of mea-

suredCIRsper region is620. Further, theCIRsare normalized, such that the average energy

is the same for all regions. This implies that thePL information is not used for position

location as already discussed in Section3.5.

It is assumed that the cluster application requires a performance ofPe ≈ 10−2. This would

imply that99 percent of the observations are classified to the correct clusters. Further, it is

assumed that the position location application requires a performance ofDe ≈ 25 cm. Note

that the fundamental positioning uncertainty isdi,i ≈ 18 cm for all regions.

47



Chapter 4 Location Fingerprinting with a Coherent Receiver

The following two approaches are pursued for performance analysis:

1. We use measuredCIRsand perform Monte Carlo simulations. In order to obtain re-

alistic estimates of the figures of merit we resort to a randomized cross-validation

method [68], which is described in Section4.6.1.

2. We apply the analytical results on the pairwise error probabilities obtained in Sec-

tion 4.5. Note that these results assume that the channel taps are indeed jointly Gaus-

sian distributed.

There is an inevitable mismatch between experimental and theoretical results due to the

stochastic modeling of location fingerprints. A reasonablesmall mismatch indicates that the

stochastic model is accurate and applicable.

4.6.1 Randomized Cross-Validation Method

The first step is to partition the set of measuredCIRsper region intoL CIRsfor parameter

estimation (training phase) and the remainingCIRsfor performance evaluation (localization

phase). The choice of the training signals is random. If the impact of distortions (SNR) is

analyzed, then1000 realizations ofn are generated for each partition. Using Monte Carlo

simulations the figures of merit for each partition are calculated. The last step is to repeat the

partitioning a number of times (here100 times) and to average the obtained results.

4.6.2 Default System Parameters

Important system parameters are the number of training signalsL per region, theSNR, the

one-sided bandwidth of the passband signals denoted byB, the observation window size or

symbol period denoted byTs, and the number of regionsM . Note thatTs andB determine

the length of the location fingerprints according toN = TsB due to sampling at Nyquist rate

with fs = B. The default system parameter values for the following simulation results are

summarized as follows.

• Default model is the COV model withΘm = {Σm}.

• Default number of observations per agent isK = 1, i.e. ȳ = y.

• Default number of training signals isL= 400. This leaves220 test signals per region.

• DefaultSNRis the measurementSNRdenoted by SNRmea in Chapter3. This corre-

sponds to adding no distortion signalsn, or equivalently, settingσ2 to zero.
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4.6 Theoretical and Experimental Performance Analysis

• Default bandwidth isB = 3 GHz. This is the largest possible signal bandwidth deter-

mined by the hardware constraints of the measurement equipment.

• Default observation window size isTs = 30 ns. Together with the default bandwidth

this gives the default length of the location fingerprints with N = 90 samples. Note

that30 ns corresponds roughly to the largestRMS delay spread among allCIRsfrom

all regions. TheRMS delay spreads of the measuredCIRsare reported in [69]. How-

ever, the maximum excess delays of theCIRsare in general larger than30 ns and can

become as large as80 ns.

• Default number of regions isM = 22, which corresponds to the whole measurement

set.

• Default a priori probabilities areπm = 1/M .

• Default reference sample isnmaxabs= 8.

4.6.3 Number of Training Signals

In this section, the impact ofL on the performance is investigated. We seek to answer the

question, how many training signals are required such that the target performance can be

achieved. Furthermore, interactions with other system parameters are investigated.

4.6.3.1 Analytical Results

An immediate application of the analytical results from theSection4.5 is the analysis of the

impact ofL on the performance. The advantage of the analytical approach is thatL is not

limited to the total number of measuredCIRs, which implies that the asymptotic behavior

can be studied.

First, we analyze the binary hypothesis testing problem with H4 andH5, for which we

know that the pairwise error probabilities are equal to the conditional error probabilities. We

calculateΣ4 andΣ5 using all620 measuredCIRs from each region and assume that these

are the true covariance matrices. In contrast to the resultsin Fig. 4.11, finite values forL are

chosen. This implies that the matrixA in (4.5) and the threshold̄δ4,5 in (4.4) are given by

A =
(

Σ̂5 +σ2I
)−1 −

(

Σ̂4 +σ2I
)−1

andδ̄4,5 = ln(δ4,5)+ ln





∣
∣
∣Σ̂4 +σ2I

∣
∣
∣

∣
∣
∣Σ̂5 +σ2I

∣
∣
∣



 ,
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Chapter 4 Location Fingerprinting with a Coherent Receiver

whereΣ̂4 andΣ̂5 are estimates ofΣ4 andΣ5 in accordance to (4.1) based onL training

signals. We utilize the fact that̂Σ4 andΣ̂5 are distributed according to a Wishart distribution

and generate1000 realizations of them for each value ofL. Note thatL is a parameter of the

Wishart distribution (cf. AppendixD). For increasingL the realizations are more and more

similar to the true covariance matricesΣ4 andΣ5. For each realization of̂Σ4 andΣ̂5 with

a givenL the corresponding analytical pairwise error probabilities are calculated and these

results are averaged for final presentation in Fig.4.12.
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Fig. 4.12:Analytical pairwise error probabilities as function ofL at SNR= 25 dB for the
COV model.

Fig. 4.12depicts the analytical pairwise error probabilities as function ofL < ∞ and for

perfect estimates, i.e.L = ∞. The curves forN = 90 samples are obtained with the default

system parameters except for SNR= 25 dB. The curves forN = 60 are obtained by reducing

Ts to 20 ns. These results allow us to get some insight into the performance loss due to a finite

number of training signals. At first, it can be seen that the error probability forL < 100 is

larger than0.1, which is not acceptable for many applications. However,100 training signals

per region are already a lot. It can be concluded that the proposed location fingerprinting

approach with a coherent RX requires a clever procedure to perform parameter estimation

with few training signals, while still achieving small error probabilities. Chapters6 and7

propose means to achieve this goal.

Further, we can compare the error probabilities in Fig.4.12for two differentN . Decreas-

ingN implies that the number of degrees of freedom of the locationfingerprints is decreased.

Consequently, the location fingerprints lose in differentiability and the performance for per-

fect estimates (L = ∞) decreases. However, the situation changes forL < ∞. ForL ≈ 100

the two performance curves forN = 60 andN = 90 intersect. If less than100 training sig-

nals are available, then decreasingN will reduce the error probabilities. It can be concluded
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4.6 Theoretical and Experimental Performance Analysis

from these results that decreasingN improves the performance for smallL. The drawback

is, however, that smallN implies already bad performance. In Fig.4.12, N is decreased by

reducingTs from 30 ns to20 ns at fixedB. Similar results are obtained whenB is reduced

at fixedTs.
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Fig. 4.13:Analytical pairwise error probabilities as function ofL at SNR= 25 dB with
Ts = 20 ns for the COV and the PCV model.

A further application of the analytical results is the analysis of the performance depend-

ing on L for different modeling assumptions. In the following, we compare the perfor-

mance results of the COV model and the more complex PCV model accounting also for the

pseudo-covariance matrix. Note that the number of free realparameters increases fromN2

to 2N2 +N in this case. Further note that the analytical results derived in Section4.5cannot

be applied to the PCV model, because the decision problem in (4.3) changes from a complex

Gaussian problem with circular symmetric Gaussian random vectors to a general Gaussian

problem [44] with real valued random vectors. In [44], it is shown that there does not exist a

closed form expression for the pairwise error probabilities of the general Gaussian problem.

For performance analysis one can resort to upper bounds on the pairwise error probabili-

ties like the Chernoff bound or approximations, which are given in closed form. The exact

pairwise error probabilities can be calculated only numerically.

In Section5.2 we derive a numerical algorithm to compute thePDFsfor l(+) and l(−)

for real Gaussian random variablesv(+)[n] andv(−)[n]. Having thesePDFswe can com-

pute the corresponding pairwise error probabilities for the general Gaussian problem nu-

merically. Fig.4.13 depicts the pairwise error probabilities as function ofL for different

modeling assumptions. Note that the results for the COV modelare the same as in Fig.4.12

for Ts = 20 ns. The conclusion from these curves is thatL > 1000 is required in order to be
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Chapter 4 Location Fingerprinting with a Coherent Receiver

able to benefit from the higher complexity of the PCV model. Based on this result, it can be

concluded that the PCV model is only of minor applicability and importance, because a very

large number of training signals is required.

4.6.3.2 Experimental Results

In this section, we use measuredCIRs to study the impact ofL on Pe andDe. The fol-

lowing performance results are obtained for the default system parameters considering all

M = 22 regions.

For L < N the empirical covariance matriceŝΣm are rank deficient, i.e. singular3. For

singularΣ̂m and no artificial distortion signal, i.e.σ2 = 0, the decision rules in (2.6) and (2.8)

cannot be evaluated. In order to cope with this problem, we propose to apply a perturbation

method: A weighted identity matrixσ2
pI is added to the singular̂Σm. This ensures full rank

of the overall covariance matrix. For the performance results in Fig.4.14, σ2
p is chosen such

that anSNR of 30 dB is emulated. However, note that no artificial distortion signals are

added to the test signals during the localization phase.
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Fig. 4.14:Pe (left) andDe (right) as function ofL for default system parameters withK = 1
andK = 2 observations per agent.

Fig. 4.14depictsPe andDe as function ofL for measuredCIRs. The PDP model and the

COV model are considered forK = 1 andK = 2 available observations per agent. The per-

turbation method is applied forL≤ 100 and it can be observed that reasonable performance

can be achieved with the COV model although the empirical covariance matrices are singu-

lar. However, further decreasingL degrades the performance of the COV model drastically.

3Note thatL ≥ N is a necessary but not sufficient condition for regular covariance matrices.
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For L < 60, it is better to ignore all off-diagonal elements of the covariance matrices and

apply the PDP model instead of the COV model.

A significant performance gain for both models can be observed, whenK = 2 observations

per agent are exploited. Especially for the COV model, almosterror-free performance is

achieved forL> 300. For the performance results in Fig.4.14the observation pairs per agent

are chosen randomly from the set of test signals. Further simulations show a continuous

performance improvement asK is increased.

4.6.4 Conditional and Pairwise Error Probabilities

In this section, all numerically obtained conditional error probabilities P(Hi|Hj) using mea-

suredCIRsand all analytical pairwise error probabilities P(Hj →Hi) are investigated. Note

that P(Hj →Hi) are calculated for finiteL and that the default system parameters are ap-

plied.
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Fig. 4.15:P(Hi|Hj) for measured CIRs (left) and analytical P(Hj →Hi) (right) for the
COV model.

Fig. 4.15depicts all P(Hi|Hj) for measured CIRs and P(Hj →Hi) for the COV model.

It can be observed that the values for P(Hj →Hi) are generally smaller than the values for

P(Hi|Hj), because the measuredCIRsare not exactly Gaussian distributed and there exists

an inevitable modeling mismatch. Nevertheless, it can be seen that in both cases the largest

error probabilities are{P(H3|H9) ,P(H9 →H3)} followed by{P(H4|H8) ,P(H8 →H4)},

and{P(H5|H7) ,P(H7 →H5)}. These results emphasize the importance of the analytical

pairwise error probabilities. If a large pairwise error probability is predicted then also the

conditional error probability for measured data will be high. With this knowledge one has the
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Chapter 4 Location Fingerprinting with a Coherent Receiver

opportunity to optimize system parameters, region dimensions and region positions. If the

pairwise error probabilities are very large, it is conceivable to merge the two clusters/regions

into a single cluster/region.

Another interesting observation from Fig.4.15 is that most classification errors happen

among nearby regions. This holds for experimental as well asanalytical results. For example

there are almost no classification errors between the regionset{1,2, . . . ,11} and the region

set{12,13, . . . ,22}. According to these results, it can be expected that the proposed location

fingerprinting approach is scalable which means that smallPe andDe can be sustained, while

M and the surveillance area are increased.

In order to calculatePe analytically one has to resort to bounds (2.13) as discussed in

Section2.4.4. Note that this provides only an approximation (not an upperbound) to the

empiricalPe for measuredCIRsdue to the modeling mismatch.

4.6.5 Distortion Analysis

Let us recall theSNRdefinition (4.2) afterCIR energy normalization as

SNR= 10log10

(
E

2σ2

)

,

whereE denotes the average energy ofCIRs andσ2 the variance of each sample of the

distortion vectorn. By changingσ2 we can emulate differentSNRoperating points. Note

thatσ2 = 0 corresponds to the defaultSNRcase.

We assume a highSNRfor the training phase. Thus, the temporal alignment and parameter

estimation during the training phase is done at SNRmea. However, the temporal alignment

of location fingerprints observed during the localization phase is generally influenced by the

distortion signal. Therefore, we present two results:

1. The temporal alignment is done with distorted location fingerprints. The correspond-

ing curve in Fig.4.16is denoted bywith align noise.

2. The temporal alignment is done with distortion-free location fingerprints. The corre-

sponding curves in Fig.4.16are denoted byw/o align noise.

The second result shows the best achievable performance. This could be obtained with

more sophisticated alignment algorithms, which perform better than the maximum absolute

value alignment described in Section3.6.2. An extensive analysis of such alignment algo-

rithms is, however, beyond the scope of this thesis and recommended for future work.
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Fig. 4.16:Pe (left) and De (right) as function of SNR for default system parameters and
measured CIRs.

Fig. 4.16depictsPe andDe as function of theSNRfor measuredCIRsand for the COV

and PDP model. In order to reach the target performance for distortion-free alignment and

the COV model, anSNRof around30 dB is required. In case of noisy alignment the required

SNRincreases to around40 dB.

Multiple Observations per Agent Multiple observations per agent can be exploited in

order to improve the performance at lowSNR. The mechanics are exactly the same as dis-

cussed in Section4.6.3.2. There is, however, a major difference: The observations need not

be collected from different transmitter positions, because the main error sources at lowSNR

are random distortions, which change independently from observation to observations. Thus,

also a static agent with only a single antenna can produce exploitable multiple observations.

4.6.6 Signal Bandwidth

In this section, the impact of the signal bandwidth on the performance is investigated. The

largest bandwidth supported by the measurement equipment is3 GHz in the frequency band

from 3 GHz to 6 GHz. In order to reduce the bandwidth an ideal bandpass filtercentered

around4.5 GHz with the desired bandwidthB is applied to the measuredCIRs. The temporal

alignment is performed after bandwidth reduction. Note that the reference sample is adapted

to the bandwidth (sampling rate) such that the reference time instant is kept roughly the

same for all bandwidths. For example, consider the default bandwidth ofB = 3 GHz with

the default reference sample ofnmaxabs= 8, which implies a reference time instant of8/3 ns.
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Now, letB be1 GHz. In order to achieve roughly the same reference time instant, we have

to setnmaxabsto 3.
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Fig. 4.17:Pe (left) andDe (right) as function ofB for default system parameters and mea-
sured channels.

Fig. 4.17depictsPe andDe as function ofB for all three considered models and mea-

suredCIRs. The remaining system parameters are set to their default values. A constant

performance improvement with increasingB can be observed for all models. The decreas-

ing performance gap between the COV and the PCV model for decreasingB is explained by

the different number of free parameters of these models. ForsmallN evenL = 400 train-

ing signals are sufficient to obtain accurate parameter estimates for the PCV model. The

performance of the PDP model is plotted for the sake of completeness.

ReducingB has two effects:

1. The temporal resolution of the multipath propagation channel is reduced and an in-

creasing number of multipath components contribute to the individual channel taps. As

a consequence, the statistics of the location fingerprints from different regions become

more similar, which is one reason for the performance degradation asB decreases.

2. The length of the location fingerprints is reduced for decreasingB. This implies (i) a

reduced number of degrees of freedom and (ii) fewer free model parameters. Less de-

grees of freedom cause a performance degradation, whereas less free parameters imply

that less training signals are required for accurate estimation of covariance matrices.

For example, letB = 2 GHz andTs = 30 ns, which impliesN = 60. Simulation results

show thatL can be reduced to300, while still achieving a performance ofPe ≈ 0.03.

In order to achieve the samePe in Fig. 4.17with N = 90, L= 400 training signals are

required.
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It can be concluded that a larger signal bandwidth yields better performance of the pro-

posed location fingerprinting system provided that enough training signals are available.

However, it is important to keep in mind that increasingB increases the number of free

model parameters, which in turn implies that more training signals for parameter estimation

are required.

4.6.7 Observation Window Size

In this section, the impact of the observation window size onthe performance is investigated.

We varyTs from 5 ns up to50 ns, which implies anN from 15 to 150 with the default

bandwidth ofB = 3 GHz. Similar to increasingB, increasingTs has two effects:

1. LargerTs implies largerN , with the same implications as above.

2. IncreasingTs implies that also multipath components arriving later at the receive an-

tenna are observed and can be exploited for localization. However, the impact of

later multipath components on the position location performance vanishes due to the

increased propagation distance and the corresponding largerPL. This effect is empha-

sized in case of lowSNR, because all multipath components with an amplitude below

the noise floor have only marginal impact on the performance.
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Fig. 4.18:Pe (left) andDe (right) as function ofTs for default system parameters and mea-
sured CIRs.

Fig. 4.18depictsPe andDe as function ofTs for all three considered models and measured

CIRs. The remaining system parameters are set to their default values. For the three different

models different optimal values forTs can be observed. Since the PDP model has onlyN
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free real parameters, the largestTs of 50 ns is optimal. On the contrary the PCV model has

2N2 +N free real parameters. Thus, withL = 400 training signals the optimal value for

Ts is 20 ns. For the default COV model we find thatTs = 40 ns achieves best performance,

although the performance difference toTs = 35 ns andTs = 45 ns is only marginal. Note that

these results are obtained for the measurementSNR. In general, the optimalTs also depends

on theSNR. We further observe that the default value ofTs, which is based on the largest

RMS delay spread, is a sensible choice providing nearly optimalperformance.

4.7 Summary and Conclusions

This chapter presents a thorough study of a location fingerprinting system employing asingle

anchor, which is able to estimateCIRswith large bandwidths. Performance results based on

measuredCIRs in a dense multipath environment with non-LoS situations show the high

potential of the proposed location fingerprinting method. It is feasible to achieve a total

probability of error of less than10−2 and an average positioning error of less than20 cm

for the considered surveillance area, which is quantized into M = 22 regions. As for all

location fingerprinting systems, the complexity of the training phase dominates the overall

complexity. Chapters6 and7 propose means to reduce the complexity of the training phase.

However, before techniques to improve the efficiency of the training phase are investigated,

we turn our attention towards reducedRX (anchor) complexity in the next chapter.
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Chapter 5

Location Fingerprinting with a

Generalized Energy Detection Receiver

In this chapter1, we aim at location fingerprinting with a low complexityUWB RX struc-

ture. The fundamental difference to a coherentRX considered in Chapter4 is that it cannot

estimate theCIR but rather performs nonlinear analog signal processing to obtain energy

samples. The corresponding system model of the generalizedED RX is described in Sec-

tion 5.1.

The main motivation for these investigations is anchor complexity. This is especially

important for the self-positioning scenario. The coherentRX considered in Chapter4 has to

perform the transformation into equivalent baseband and tosample this signal with Nyquist

rate. For large signal bandwidths as considered inUWB systems these operations require

very powerful and power-hungry hardware components. This high RX complexity would be

feasible if the anchor is static and connected to the power supply. However, for an ad-hoc

network it is beneficial, when all nodes regardless of complexity are able to perform location

fingerprinting. Furthermore, it is envisioned that in such an ad-hoc network there will be

mainly low complexity devices, which are battery powered.

We first describe the system model of the considered low complexityUWB RX and present

the corresponding choice of the location fingerprints. Thenwe tackle the problem of their

stochastic description. Similar to Chapter4, we conclude this chapter with a performance

analysis.

1Parts of this chapter have been published in [43].
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Chapter 5 Location Fingerprinting with a Generalized EnergyDetection Receiver

5.1 Generalized Energy Detection Receiver

The system model of a generalizedED RX is depicted in Fig.5.1.

replacements

p(t) hm(t,τ)
r(t)

g(t)(·)2

UWB

node
generalized ED front-endw(t)

hBP (t)
ym[n]

fed

Fig. 5.1:Communication system with a generalized ED RX.

The TX employs either pulse position modulation or on-off keying and theRX uses an

analogED front-end with a generalized integration filterg(t). The conventional ED front-

end mainly investigated in literature considers only rectangular integration filters. However,

it is shown in [5, 70] that g(t) can be optimized based on a priori knowledge of channel

and interference statistics such that significant gains in bit error probability are achievable.

Therefore, we try to be as general as possible in this system model and allow for arbitrary

integration filtersg(t).

The unmodulated input signal to the squaring devicer(t) within one symbol period[0,Ts]

is given by

r(t) =
∫

τ

hm(t, τ) q(t− τ)
︸ ︷︷ ︸

p(t)∗hBP (t)

dτ +
∫

τ

w(t− τ)hBP (τ)dτ, (5.1)

whereq(t) is the equivalent transmit pulse after convolution ofp(t) with the front-end band-

pass filterhBP (t) andhm(t, τ) is the generally time-varying CIR from an agent located in

regionm. It is assumed thathm(t, τ) does not change int during one symbol period (ob-

servation window). SinceTs is in the order of tens of nanoseconds, this assumption is well

justified. This assumptions simplifies (5.1) to the standard input-output relation of linear

time-invariant systems. The stochastic processw(t) accounts for possible distortions as de-

scribed in Section4.3. We stick to the SNR definition in (4.2) in order to be able to compare

the performance of both approaches. The SNR has been defined according to

SNR= 10log10

(
Eb

N0

)

,
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5.1 Generalized Energy Detection Receiver

whereEb is the average energy of continuous timeCIRs andN0/2 is the power spectral

density of the white Gaussian processw(t).

It is assumed, that the generalized ED RX is synchronized to the symbol timing of the TX.

For example, a low complexity solution for symbol synchronization with generalized ED

RXs is proposed in [71]. For the simulation results in this chapter we apply the same max-

imum absolute value alignment strategy as in Chapter4, which is described in Section3.6.

The temporal alignment is performed before the squaring device using the signalr(t) at

SNRmea.

The signal after the generalized integration filterg(t) is sampled at a rate offed producing

the energy samplesym[n]. The sampling ratefed andTs specify the number of observed

energy samplesN = Tsfed. ForN = 1 the only available information for location finger-

printing is the RSS. This information is far too coarse for reliable localization with only one

anchor. However, by increasingfed for a fixedTs a higher spatio-temporal resolution of the

UWB channel is obtained, and it is expected that reasonable localization accuracy can be

achieved with a single anchor. The influence offed on the performance is investigated in

Section5.7.

5.1.1 Choice of the Location Fingerprints

The location fingerprinty of lengthN for the generalized ED RX is obtained by stacking

all energy samplesy[n] for n = 1,2, . . . ,N into one vector. As discussed in Chapter2 we

require the conditionalPDFsfm (y|Hm) for m = 1,2, . . . ,M for evaluation of the decision

rules in (2.6) or (2.8). The stochastic modeling of the energy samplesy[n] for UWB propa-

gation channels is not treated in literature to the best of the author’s knowledge. An accurate

stochastic description is, however, essential for any kindof ML or MAP operation on the

energy samples. There exist two possible approaches to thismodeling problem:

A Take existing and accepted stochastic models for the UWB propagation channel as

discussed in Section4.2 and try to come up with a mathematical derivation of the

distribution of the energy samplesy[n].

B Apply a model selection criterion like AIC directly to measured energy samplesy[n].

Section5.2is concerned with approachA and provides a numerical algorithm to calculate

the theoretic distribution of the energy samples based on the regional channel model pro-

posed in Section4.2. Section5.3 follows approachB and applies AIC to measured energy

samples, which are obtained by processing measuredCIRsaccording to the generalized ED

RX front-end in Fig.5.1.
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Chapter 5 Location Fingerprinting with a Generalized EnergyDetection Receiver

5.1.2 System Parameters

If not mentioned otherwise, the system parameters are fixed as follows for the calculation

of computer simulation results. The transmit pulsep(t) is assumed to be flat in the desired

frequency band. The front-end bandpass filterhBP (t) is rectangular in frequency domain

and has3 GHz bandwidth from3 to 6 GHz. The sampling frequency of the generalized ED

RX is equal tofed = 1 GHz. A symbol period ofTs = 30 ns is considered, which leads to

N = 30. Continuous-time signals are represented in the computer bysamples obtained with

fs = 40 GHz sampling.

5.2 Exact Distribution of Energy Samples for a Gaussian

Channel Model

In the following, the exactPDFsof the energy samplesym[n] are calculated under the as-

sumption that the propagation channelhm(t, τ) and the distortion signalw(t) are realizations

of real Gaussian processes. The specific parameters of theseGaussian processes are not rele-

vant for these theoretical derivations. There are three reasons to consider a Gaussian channel

model:

1. There exist analyses of measurement data (cf. Section4.2), which support the Gaus-

sian assumption also for UWB propagation channels. Furthermore, it is shown in

Chapter4 that the regional channel model applying jointly Gaussian channel taps pro-

vides an accurate stochastic description of the equivalentbasebandCIRsand excellent

location fingerprinting performance.

2. This derivation enables performance prediction based onfirst and second order channel

statistics (mean and covariance functions) without requiring extensive channel mea-

surements. Mean and covariance functions fully determine the Gaussian process and

can be obtained via ray tracing tools or deterministic channel models.

3. For all other stochastic models the mathematical derivation will most likely fail due to

intractability.

The interval of the real and band-limited signalr(t) causing sampleym[n] is represented

by the vectorrn,m of lengthJ = fs
fed

, which is obtained by samplingr(t) with fs. Note

that J = 40 for the default system parameters. Following the Gaussian assumption it is

proposed thatrn,m is a realization of a MV Gaussian distribution with mean vector vn,m and
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5.2 Exact Distribution of Energy Samples for a Gaussian Channel Model

covariance matrixSn,m. In the following derivations the sample indexn and the region index

m are dropped for notational convenience.

The generalized integration filterg(t) is assumed to be time-limited from0 to 1/fed. Addi-

tionally assuming thatg(t) is a real and positive function, the energy sampley can be written

as positive definite Gaussian quadratic form according to

ym[n] = rT
n,mGrn,m

↓ . . . dropping sample indexn and region indexm.

y = rT Gr . (5.2)

The PDF of the random energy sampley is denoted byf (y). The entries in the diagonal

matrixG are obtained by samplingg(−t) for −1/fed≤ t≤ 0 with fs. As derived in [72], the

quadratic form in (5.2) can be diagonalized, such thatf (y) remains unchanged, according to

rT Gr PDF⇐⇒
J∑

j=1

λjz
2
j ,

whereλj denotes thej-th eigenvalue ofS1/2GS1/2. The random variableszj are independent

and Gaussian distributed with variance one and their meansγj are given by

γj =
(

S−1/2uj

)T
v,

whereuj denotes thej-th eigenvector ofS1/2GS1/2.

If all λj are equal and there exists at least oneγj 6= 0, theny is distributed according to a

Noncentral Chi-square distribution2. Such a PDF is obtained, when the conditional PDF of

y given a channel realization is sought (e.g. [73]). Note that this is only valid for rectangular

integration filters, i.e.g(t) = constant for0 ≤ t≤ 1/fed and zero otherwise.

For arbitraryλj , a closed form expression forf (y) does not exist. Grenander, Pollak,

and Slepian present an efficient and numerically stable approach to calculatef (y) for zero

mean random variableszj (γj = 0 ∀j) in [74]. This method is extended to the general case

of nonzero means in the following. The algorithm is based on Fourier’s inversion of the

characteristic function ofy, which is for nonzero means given by [75]

Ψ(t) =
J∏

j=1

(1−2tλj)
−1/2 exp

(
tγ2

jλj

1−2tλj

)

for t= ıω. (5.3)

2If all γj = 0, theny is distributed according to a Chi-square distribution.
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Chapter 5 Location Fingerprinting with a Generalized EnergyDetection Receiver

The logarithmic derivative of (5.3) is given by

∂ln(Ψ(t))

∂t
=
∂Ψ(t)

∂t

1

Ψ(t)
= ı

J∑

j=1

λj

1−2tλj
+

γ2
jλj

(1−2tλj)
2 . (5.4)

Applying the inverse Fourier transform to (5.4) results in an integral equation forf (y) given

by

yf (y) =

y∫

0

f (y− τ)a(τ)dτ,

where

a(τ) =
1

2





J∑

j=1

exp

(

− τ

2λj

)(

1+
γ2

j τ

2λj

)

 .

This integral equation can be numerically solved with the trapezoidal integration rule ac-

cording to [74], which gives

f (k∆) =
1

k− 1
2a(0)

k−1∑

l=1

f(l∆)a((k− l)∆) for k = 2,3, . . . ,

where∆ is the mesh size. This recursive equation requires nonzero initial values, which are

obtained by using an analytic approximation off (y) aroundy = 0 based on Taylor series

expansion of (5.3) and inverse Fourier transform. The approximation is givenby

f (y) =
y(J/2)−1 exp

(
1
2

∑J
j=1 γ

2
j

)

2J/2Γ(J/2)
∏J

j=1λ
1/2
j



1+
y

2J

J∑

j=1

γ2
j −1

λj
+E

(

y2
)



 . (5.5)

All exponents ofy in the error termE
(

y2
)

are larger than or equal to2. Thus, this error

term is negligible for sufficiently small values ofy. The derivation of this approximation

is outlined in AppendixC. Note that the termexp
(

1
2

∑J
j=1 γ

2
j

)

might lead to numerical

instabilities for large values ofγj .

Fig. 5.2depicts the numerically obtained PDFf(y) for ∆ = 0.005, J = 10, λj = 1 ∀j, and
∑J

j=1 γ
2
j = 6.9, and the analytical PDF ofy, which is known to be Noncentral Chi-square.

The numerical values show a perfect match to the analytic curve. For illustration purposes

not all numerical values are plotted.
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5.3 Stochastic Modeling of Energy Samples
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Fig. 5.2:Analytic PDF (Noncentral Chi-square) and numerically obtained PDF for
∆ = 0.005, J = 10, λj = 1 ∀j, and

∑J
j=1 γ

2
j = 6.9.

With this numerical algorithm the exactPDFsof energy samples for arbitrary Gaussian

processes at the input of the ED and arbitrary positive integration filters can be computed.

This enables the development of ML and MAP synchronization algorithms [42] and data de-

tection rules for generalized EDRXs. In this thesis the theoretically derived exactPDFsare

used for benchmarking purposes. We propose closed formPDFsin Section5.3to model the

energy samples and would like to know how well they match to the exact PDF. Furthermore,

the exactPDFscan be used to predict the performance of the location fingerprinting system,

if the parameters of the Gaussian channel model are known.

5.3 Stochastic Modeling of Energy Samples

In this section AIC (cf. AppendixB) is applied to measured energy samples, which are

obtained by processing measuredCIRsfrom one region according to the generalized ED RX

front-end in Fig.5.1. The goal is to find closed formPDFsthat provide an accurate stochastic

description of the energy samples. Note that we require simple closed formPDFsfm (y|Hm)

for a computationally efficient calculation of (2.6) or (2.8). The candidate set considered here

consists of commonly usedPDFsfor continuous nonnegative random variables in closed

form with one or two parameters: Chi-square, Gamma, Weibull,Log-normal, Noncentral

Chi-square, Nakagami-m, and Rayleigh.

65



Chapter 5 Location Fingerprinting with a Generalized EnergyDetection Receiver

We investigate two different impulse responsesg(t) depicted in Fig.5.3: (i) A rectangular

integration window and (ii) the impulse response of a first-order low-pass filter with a3 dB

bandwidth of1 GHz.
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g
(t
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First-order low-pass

Fig. 5.3: Investigated impulse responsesg(t).

In the next section artificially generated energy samples based on a Gaussian channel

model are considered. In this case the exactPDFsof the energy samples are known from

Section5.2. Thus, we can compare the exact PDF to the closed form PDF and measure their

approximationquality, since the operating model is known. In Section5.3.2we apply AIC

to measured energy samples, for which the exact PDF (operating model) is unknown.

5.3.1 Gaussian Channel Model

It is assumed thatw(t) andhm(t, τ) are realizations of real Gaussian processes. Therefore

r(t) is itself a realization of a real Gaussian process. Note thatcontinuous-time signals are

assumed to be sampled withfs, such thatr(t) in the interval[0,Ts] can be described by the

vectorr , which is a realization of a MV Gaussian distribution. The corresponding statistical

parameters ofr (mean vector and covariance matrix) are estimated based on620 measured

CIRsfrom region4, which is chosen for presentation. The obtained results anddrawn con-

clusions in this section carry over to all other21 regions. Given these parameters,10000 ar-

tificial realizations ofr are generated. Processing them according to the generalized ED RX

front-end depicted in Fig.5.1, artificial realizations of the energy samplesy4[n] are obtained.

Rectangular Integration Window Fig. 5.4 shows the Akaike Weights for all candidate

PDFsand a rectangular integration window at low and high SNR. At low SNR (10 dB), all
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Fig. 5.4:Akaike Weights at SNR= 10 dB (left) and SNR= 40 dB (right) for Gaussian chan-
nel model using a rectangular integration window.

energy samples are best modeled by the Gamma PDF. This homogeneity is caused by the

dominating effect of the distortion signalw(t) with identical statistics for alln. The energy

samples cannot be modeled with a Chi-square PDF because the zero mean and white random

processw(t) is no longer white after bandpass filtering. Note that only the integration of a

squared white Gaussian process produces a Chi-square distribution.

At high SNR (40 dB), the non-stationary statistics of the propagation channel are dom-

inating the distribution ofy4[n]. Since the statistics of the channel change withn due to

multipath propagation (non-stationary channel statistics), the best modelingPDFsfor y4[n]

might change withn as well. It can be seen from Fig.5.4 that still mostly the Gamma PDF

achieves highest weights, but for exampley4[5] is better modeled with a Log-normal PDF.

Thus, depending on the channel statistics and the SNR, eitherthe Gamma PDF or the Log-

normal PDF are best suited among thePDFsin the candidate set to describe the statistics

of y4[n].

Fig. 5.5 shows the fitted closed form PDFs and the exact PDFs obtained numerically

(cf. Section5.2) of y4[5] andy4[9] for SNR= 40 dB. It can be seen that the Log-normal

PDF approximates the PDF ofy4[5] better and the Gamma PDF approximates the PDF of
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Fig. 5.5:PDFs fory4[5] (left) andy4[9] (right) for Gaussian channel model at SNR= 40 dB
using a rectangular integration window.

y4[9] better. However, both approximations show a very good matchto the exact PDF, which

supports the applicability of these closed form PDF approximations.
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Fig. 5.6:Akaike Weights at SNR= 10 dB (left) and SNR= 40 dB (right) for Gaussian chan-
nel model using a first-order low-pass filter.
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Fig. 5.7:PDFs fory4[9] (left) andy4[15] (right) for Gaussian channel model at SNR= 40 dB
using a first-order low-pass filter.

First-order Low-pass Filter Fig. 5.6 depicts the Akaike Weights for all candidate PDFs

and a first-order low-pass filter at low and high SNR. Similar conclusions as for the rect-

angular integration window can be drawn. However, we can observe that the homogeneity

at low SNR is lost. Log-normal and Gamma PDF alternate although the input statistics are

essentially the same for eachn. This effect can also be observed for distortion signalw(t)

only by neglecting the channel. Thus, it depends on the particular realizations ofr , whether

Log-normal or Gamma PDF has the higher Akaike Weight. At highSNR mostly the Log-

normal PDF is winning. Fig.5.7 shows the fitted closed form PDF and the exact PDF of

energy samplesy4[9] andy4[15] at high SNR using a first-order low-pass filter. It can be

observed that Log-normal and Gamma PDF show a very good matchto the exact PDF.

5.3.2 Measured Channel Impulse Responses

For the calculation of the Akaike Weights, an ensemble of620 measuredCIRsfrom all four

transmit antennas located in region4 to receive antenna3 is used. We only show results for

a rectangular integration window, but the results and conclusions carry over to a first-order

low-pass filter and, moreover, to all other21 regions.

The Akaike Weights in Fig.5.8give essentially the same picture as the Akaike Weights for

the Gaussian channel model. We conclude that also for measured CIRs the Gamma and Log-

normal PDF are best suited to model the stochastic behavior of the energy samples. It can

be seen from Fig.5.9that the exact PDF can differ from all other PDFs, since it is computed

under the assumption of a Gaussian channel model. Especially in the left plot of Fig.5.9the

exact PDF does not match to Gamma PDF, Log-normal PDF, and thehistogram. The reason
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Fig. 5.8:Akaike Weights at SNR= 10 dB (left) and SNR= 40 dB (right) for measured CIRs
from region4 using a rectangular integration window.
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Fig. 5.9:PDFs for y4[3] (left) and y4[9] (right) for measured CIRs from region4 at
SNR= 40 dB using a rectangular integration window.

for this mismatch is the temporal alignment and the fact thatthe channel taps causingy4[3]

deviate significantly from a Gaussian distribution. This observation indicates that approachB
may be more promising than approachA for the stochastic modeling of energy samples.
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5.3 Stochastic Modeling of Energy Samples

5.3.3 Summary

In summary we consider the following PDFs for the stochasticmodeling of energy sam-

plesym[n]:

• The exact PDF for a Gaussian channel model is derived in Section 5.2and is denoted

by fE(y[n]|Hm). The parameters of the Gaussian channel model can be estimated

from measured CIRs from regionm or can be obtained by a geometrical channel model

and a ray tracing approach.

• The Gamma PDF with shape parameterαn,m and scale parameterβn,m:

fG(y[n]|Hm) =







(y[n])αn,m−1 exp(−y[n]/βn,m)

β
αn,m
n,m Γ(αn,m)

for y[n] ≥ 0,

0 otherwise.

• The Log-normal PDF with meanµn,m and varianceσ2
n,m:

fL (y[n]|Hm) =







1

y[n]
√

2πσ2
n,m

exp
(

− (ln(y[n])−µn,m)2

2σ2
n,m

)

for y[n] ≥ 0,

0 otherwise.

If statistically independent energy samples are assumed, then the joint PDF of the location

fingerprint vectory is obtained as product of the marginal PDFs according to

1.) Exact:fm,E(y|Hm) =
N∏

n=1

fE(y[n]|Hm) , (5.6)

2.) Gamma:fm,G(y|Hm) =
N∏

n=1

fG(y[n]|Hm) , (5.7)

3.) Log-normal:fm,L (y|Hm) =
N∏

n=1

fL (y[n]|Hm) . (5.8)

In general, the joint PDF given in (5.6) is an approximation to the exact joint PDF ofy as-

suming a Gaussian channel model, because correlations inr cause dependencies iny. How-

ever, it is mathematically and computationally intractable to compute the exact joint PDF,
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Chapter 5 Location Fingerprinting with a Generalized EnergyDetection Receiver

which would require the numerical inversion of anN -dimensional characteristic function.

Correlations among energy samples are further discussed in the next section.

5.4 Correlation among Energy Samples

So far, we have investigated the marginal distributions of the energy samples iny. However,

a full stochastic description ofy requires a joint PDF as already discussed in Section4.2.2. It

has been shown in Section4.6that the channel tap correlations, which are caused by the prop-

agation channel, differ from region to region and can be exploited to improve the location

fingerprinting performance. Based on this observation for a coherentRX, it is conjectured

that also correlations among energy samples exist, which are caused by propagation effects

and a region specific. Thus, accounting for correlations among energy samples is a means to

improve the position location performance for a generalized ED RX.

We are looking for a mathematically tractable MV PDF fory, which is able to model

correlations among energy samples. There exists a comprehensive discussion of continuous

MV distributions in [76] covering MV Gaussian, MV Exponential, MV Extreme Value, MV

Beta, MV Gamma, MV Logistic, MV Liouville, and MV Pareto distributions. However,

the mathematical expressions for the respective PDFs, except for the MV Gaussian PDF, are

involved and mostly not given in closed form. This essentially prevents the derivation of

ML parameter estimation and ML or MAP decision algorithms. Therefore, there is a lack of

alternatives. One possible solution would be the MV Gaussian distribution. However, since

the components iny are energy samples and therefore non-negative, this model is obviously

not accurate.

Based on the analysis of the marginal distributions the best stochastic description ofy

would be either the MV Gamma or the MV Log-normal distribution. The MV Gamma PDF

cannot be given in closed form [76], which leaves as only alternative the MV Log-normal

distribution. The corresponding PDF is given in closed formby

fm,MVL (y|Hm) =







exp
(

− 1
2

(

(ln(y)−µm)T
Σ

−1
m (ln(y)−µm)

))

(2π)N/2|Σm|1/2
∏N

n=1 y[n]
for y ≥ 0,

0 otherwise,
(5.9)

where the natural logarithm inln(y) is taken element-wise. The random variable trans-

formation x = ln(y) rendersx as jointly Gaussian distributed with mean vectorµm and

covariance matrixΣm. This can be shown by the MV random variable transformation theo-
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remfX (x) = fMVL (y) |J| and by noticing that the determinant of the JacobianJ is given by

|J| =
∏N

n=1 y[n].

5.4.1 Empirical Correlation Matrices

Fig. 5.10depicts the empirical correlation matrices ofy for 620 artificially generated CIRs

based on the Gaussian channel model in the left plot and for620 measured CIRs from re-

gion 2 in the right plot. The parameters for the Gaussian channel model are estimated based

on620 measured CIRs from region2. Fig. 5.11depicts the corresponding empirical correla-

tion matrices ofx = ln(y). It can be observed that in both cases the correlation coefficients

are considerably smaller for the Gaussian channel model than for measured CIRs. The rea-

sons for the large correlation values forn≤ 4 are again the temporal alignment and the weak

multipath interference on the LoS path.
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Fig. 5.10:Absolute values of empirical correlation matrices ofy for Gaussian channel model
(left) and measured CIRs (right) from region2.

5.4.2 Analytical Expression for Correlation Coefficients

The analytical expression for the correlation coefficient between two energy samplesy[i] and

y[j] based on the statistical parameters ofr is derived in the following. The equations for the

energy samplesy[i] andy[j] are given by

y[i] = rT
i Gr i andy[j] = rT

j Gr j .
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Fig. 5.11:Absolute values of empirical correlation matrices ofx for Gaussian channel model
(left) and measured CIRs (right) from region2.

The mean vectors ofr i andr j are denoted byvi andvj , respectively. The covariance matrices

of r i andr j are denoted bySi andSj , respectively. The covariance matrix betweenr i andr j

is denoted byS(i,j). Note that the region indexm is neglected in this derivation for notational

convenience. The integration filterg(t) is assumed to be restricted to the interval[0,1/fed]

such that it influences only a single energy sample.

The correlation coefficient betweeny[i] andy[j] is defined as

ρi,j =
E[(y[i]−E[y[i]]) (y[j]−E[y[j]])]

√

E
[

(y[i]−E[y[i]])2
]

E
[

(y[j]−E[y[j]])2
] . (5.10)

The expected value of an energy sampley[n] is given by

E[y[n]] = E
[

rT
n Grn

]

= Tr [SnG]+vT
n Gvn =

J∑

k=1

g [k]
(

[Sn]k,k +(vn [k])2
)

.

The second equality follows from the fact thatG is a diagonal matrix withg = diag[G].

Further, the expected value of the product of two energy samples is given by

E[y[i]y[j]] = E
[

rT
i Gr irT

j Gr j

]

=
J∑

k=1

J∑

l=1

g [k]g [l]E
[

(ri [k])2 (rj [l])2
]

.

This expression holds for arbitrary distributions ofr i andr j and a diagonal matrixG. Un-

fortunately, the expectation is hard to calculate for arbitrary distributions, since moments up

to the fourth order are involved. However, we obtain for jointly Gaussian random vectorsr i
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andr j

E[y[i]y[j]] =
J∑

k=1

J∑

l=1

g [k]g [l]



 [Si]k,k [Sj ]l,l +2
([

S(i,j)

]

k,l

)2

+4vi [k]vj [l]
[

S(i,j)

]

k,l

+(vi [k])2 [Sj ]l,l +(vj [l])2 [Si]k,k +(vi [k])2 (vj [l])2



.

The expectation of the product of four correlated jointly Gaussian random variables

(E[X1X2X3X4]) is derived in AppendixE. The above result follows directly by choosing

X1 =X2 = ri [k] andX3 =X4 = rj [l].

Consequently, the covariance coefficient betweeny[i] andy[j] is given by

E[(y[i]−E[y[i]]) (y[j]−E[y[j]])] = E[y[i]y[j]]−E[y[i]]E[y[j]]

=
J∑

k=1

J∑

l=1

g [k]g [l]



2
([

S(i,j)

]

k,l

)2

+4vi [k]vj [l]
[

S(i,j)

]

k,l



.

The correlation coefficientρi,j follows by using this expression in (5.10) with the corre-

sponding indicesi andj. Assuming that the vectorsr i andr j are zero mean then the covari-

ance coefficient depends only onS(i,j) andG. It can be concluded that the energy samples

y[i] andy[j] are strongly correlated if the two vectorsr i andr j are strongly correlated.

5.5 Position Location and Clustering Systems

5.5.1 Training Phase

For the evaluation of (2.6) and (2.8), the parameters of the conditional PDFs ofy givenHm

for all m must be estimated during a training phase. In contrast to location fingerprinting

with a coherent RX, the distortion signalw(t) is comprised in the location fingerprints of

a generalized ED RX. This implies that the training phase mustbe repeated for each SNR

operating point, since the SNR influences the stochastic description of y. Consequently, a

high SNR during the training phase is no longer required.

The ML parameter estimates forfm,G(y[n]|Hm) based onL training samples
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y
(1)
m [n],y

(2)
m [n], . . . ,y

(L)
m [n] from nodes located in regionm are given by [77]

ln(α̂n,m)− Γ
′

(α̂n,m)

Γ(α̂n,m)
= ln




1

L

L∑

l=1

y(l)
m [n]



− 1

L

L∑

l=1

ln
(

y(l)
m [n]

)

, (5.11)

β̂n,m =
1

α̂n,mL

L∑

l=1

y(l)
m [n].

Although there exists no closed form solution forα̂n,m in (5.11), numerical solvers can be

applied.

The ML parameter estimates forfm,MVL (y|Hm) are given by [76]

µ̂m =
1

L

L∑

l=1

ln
(

y(l)
m

)

=
1

L

L∑

l=1

x(l)
m

Σ̂m =
1

L

L∑

l=1

(

ln
(

y(l)
m

)

− µ̂m

)(

ln
(

y(l)
m

)

− µ̂m

)T
=

1

L

L∑

l=1

(

x(l)
m − µ̂m

)(

x(l)
m − µ̂m

)T
.

The ML parameter estimates forfm,L (y|Hm) follow directly from the ML parameter esti-

mates forfm,MVL (y|Hm).

We notice that there are2N free real parameters to estimate if it is assumed that the energy

samples are independent. If we model also the correlation among energy samples there are

N +N(N + 1)/2 free real parameters to estimate. The accuracy of the parameter estimates

is determined byL as already discussed in Section4.4.1. The impact ofL on the position

location performance is investigated in Section5.7.2.

The proposed location fingerprinting framework in Chapter2 enables the combination

of training and localization phase via iterative algorithms, which improve the quality of the

parameter estimates during the localization phase. This idea is further discussed in Chapter6.

5.5.2 Localization Phase

The localization phase consists of evaluating (2.6) or (2.8), depending on the figure of merit,

with an observation vectory. The actual metrics depend on the PDF ofy. As an example we

consider decision rule (2.8) for the MV Log-normal model, which can be formulated as

m̂= argmax
m=1,2,...,M

πm

|Σ̂m|1/2
exp



−(ln(y)− µ̂m)T
Σ̂

−1
m (ln(y)− µ̂m)

2



 ,
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where we have neglected all terms that are independent ofm. Taking the natural logarithm

gives

m̂= argmax
m=1,2,...,M

ln

(

πm

|Σ̂m|1/2

)

− (ln(y)− µ̂m)T
Σ̂

−1
m (ln(y)− µ̂m)

2
.

This decision rule is similar to the decision rule, which hasbeen obtained in Section4.4.2

for a coherent RX. Prior to the calculation of the quadratic form with the pre-calculated

and stored matrix̂Σ
−1
m , the natural logarithm of the observation vectory must be calculated

and the mean̂µm must be subtracted. Furthermore, it can be observed that theimpact of

the distortion signalw(t) is no longer visible in the decision rule as compared to the rule

in Section4.4.2. This is due to the nonlinear RX front-end and the stochastic modeling

approach, which accounts for the impact ofw(t) in µ̂m andΣ̂m.

Multiple Observations per Agent If there areK observations̄y =
[

yT
1 , . . . ,y

T
K

]T
available

(cf. Section2.4.3), we apply (2.11) and obtain a slightly modified decision rule:

m̂= argmax
m=1,2,...,M

ln

(

πm

|Σ̂m|K/2

)

− 1

2

K∑

k=1

(ln(yk)− µ̂m)T
Σ̂

−1
m (ln(yk)− µ̂m) .

5.6 Accuracy of Closed Form Approximations

In Section5.3, visual inspection has shown that the proposed closed form PDFs are rea-

sonable approximations to the exact PDFs ofym[n] for a Gaussian channel model. In this

section, we support this observation by analyzingPe. For this analysis, it is sufficient to re-

strict the number of hypotheses toM = 2. Let us considerH5 andH10 with π5 = π10 = 0.5.

We presentPe results assuming a Gaussian channel model as well as for measured CIRs.

The parameters of the Gaussian channel model are estimated using620 measured CIRs from

each region. Based on these parameters the exact marginal PDFs are calculated and conse-

quentlyf5,E(y|H5) andf10,E(y|H10) are obtained according to (5.6). The parameters of the

closed form PDFs are estimated based onL = 400 training signals per region according to

Section5.5.1.

The left plot of Fig.5.12depictsPe for artificially generated CIRs based on a Gaussian

channel model. The energy samples iny are generally dependent due to correlations in

r . In order to obtain independent energy samples the Gaussianchannel model is modified,

such that the covariance matricesS(i,j) between the vectorsr i and r j for i 6= j are zero
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Fig. 5.12:Pe for H5 andH10 with π5 = π10 = 0.5 assuming a Gaussian channel model (left)
and for measured CIRs (right).

matrices. This is done to ensure that decision rule (2.8) using the exact PDF (5.6) is optimal.

The corresponding performance curves can be seen in the leftplot of Fig.5.12marked with

independent. It can be seen that all closed form PDFs achievePe close to the optimum, at

which the Gamma PDF comes closest. These performance results support the accuracy and

applicability of the proposed closed form PDFs.

The unmodified Gaussian channel model causes dependencies in y. The corresponding

curves are marked withdependentin the left plot of Fig.5.12. There is a performance loss

due to the wrong independence assumption. Note that the exact PDF given in (5.6) does

not provide minimalPe anymore. Only the MV Log-normal PDF given in (5.9) accounts

for the correlations among energy samples. However, it can be seen that for the Gaussian

channel model the achievable performance improvement compared to the PDFs assuming

independent energy samples is only marginal.

The right plot of Fig.5.12depictsPe for measured CIRs. It can be observed that all closed

form PDFs outperform the exact PDF. This supports the conclusion from Section5.3that the

direct modeling of energy samples (approachB) is more promising than the mathematical

derivation of the exact PDF based on a Gaussian channel model(approachA). Nevertheless,

the exact PDF derived from the Gaussian channel model is useful for performance prediction

providing conservative values forPe.

A significant performance improvement of the MV Log-normal PDF compared to the

other PDFs can be observed from the right plot of Fig.5.12. Such an improvement cannot

be observed in the left plot of Fig.5.12assuming a Gaussian channel model. These results

are conform with the empirical correlation matrices shown in Fig.5.11, where it can be seen

78



5.7 Experimental Performance Analysis

that the correlation coefficients assuming a Gaussian channel model are significantly smaller

than for measured CIRs. It can be concluded from these results that the MV Log-normal

PDF is the preferable PDF for modeling the location fingerprint y generated by a generalized

ED RX.

For comparison the performance of a coherent RX with default parameters (cf. Chapter4)

is plotted as reference. In order to reachPe = 10−2, an SNR of around21 dB is required for

the coherent RX, whereas an SNR of around30 dB is required for the ED RX. Furthermore,

the error floor at high SNR can be significantly reduced by applying a coherent RX.

5.7 Experimental Performance Analysis

In this section, the performance of location fingerprintingwith a generalized ED RX is in-

vestigated. The figures of merit arePe for the clustering problem andDe for the position

location problem. We consider the ensemble of measuredCIRsfrom all four transmit anten-

nas to receive antenna3, which resembles a remote positioning scenario. The UWB channel

measurement campaign is described in Chapter3. The total number of measuredCIRsper

region is620. The CIRs are normalized such that the average energy is the same for all

regions implying that thePL information is not used for localization. In order to obtainre-

alistic estimates for the figures of merit we resort to the randomized cross-validation method

described in Section4.6.1. The performance metricsPe andDe are calculated assuming

Gamma PDF (5.7), Log-normal PDF (5.8), and MV Log-normal PDF (5.9).

5.7.1 Default System Parameters

Important system parameters are the number of training signalsL per region, the SNR, the

sampling frequency of the energy detectorfed, the observation window size or symbol period

denoted byTs, and the number of regionsM . Note thatTs andfed determine the length of

the location fingerprints according toN = Tsfed. The default values of these parameters are

summarized as follows.

• Default number of training signals isL= 400. This leaves220 test signals per region.

• Default SNR is the measurement SNR denoted by SNRmea in Chapter3. This corre-

sponds to adding no artificial distortion signals.

• Default sampling rate isfed = 1 GHz.
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• Default observation window size isTs = 30 ns. Together with the default sampling

rate this gives a default length of the location fingerprintsof N = 30 energy samples.

• Default number of regions isM = 22, which corresponds to the whole measurement

set.

• Default a priori probabilities areπm = 1/M .

• Default integration filterg(t) is rectangular.

• Default reference sample isnmaxabs= 3.

Two performance curves for each closed form PDF are calculated and plotted:

(1) The ED RX hasK = 1 observationy available for region detection.

(2) The ED RX hasK = 2 observations̄y =
[

yT
1 ,y

T
2

]T
from the same region available.

The observation pairs are picked randomly from the test dataset.

5.7.2 Number of Training Vectors
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Fig. 5.13:Pe (left) andDe (right) as function ofL.

Fig. 5.13 depicts the position location performance as a function ofL. The remaining

parameters are set to their default values. The length ofy is N = 30, which means that

N +N(N +1)/2 = 495 free real parameters must be estimated for the MV Log-normalPDF.

The other two PDFs assuming independent taps require the estimation of2N = 60 free real

parameters. Therefore, the performance of the MV Log-normal PDF drops drastically for

small L, since the stochastic description becomes inaccurate. However, forL > 100 the

higher model complexity of MV Log-normal pays off. Further,it can be observed that two

available observations3 give a significant performance improvement. For example, the aver-
3The corresponding performance curves in Fig.5.13are marked with (2).

80



5.7 Experimental Performance Analysis

age positioning error can be decreased from93 cm to43 cm using the MV Log-normal model

with L= 200 training signals. Simulation results show that more than two observations give

additional performance gains.

5.7.3 Distortion Analysis
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Fig. 5.14:Pe (left) andDe (right) as function of SNR.

Fig. 5.14depicts the performance as function of the SNR. The remainingparameters are

set to their default values. As reference, the performance of a coherent RX with default sys-

tem parameters is shown. These curves are the same as the solid black curves with square

markers depicted in Fig.4.16. It can be seen that there is a substantial performance loss of

the generalized ED RX in comparison to the coherent RX. The error floor at high SNR in-

creases fromPe ≈ 0.009 to Pe ≈ 0.22 and fromDe ≈ 0.18 m toDe ≈ 0.76 m, when the MV

Log-normal model is assumed. This performance loss can be recovered by exploiting mul-

tiple observations per agent, which can be seen by the curvesmarked with (2) in Fig.5.14.

Since the distortion signalw(t) changes from observation to observation, the agents need not

be mobile and do not require multiple antennas. However, in order to obtain a reasonable

performance for the generalized ED RX an SNR of at least25 dB is required. In case of a

coherent RX the required SNR reduces to approximately15 dB.

5.7.4 Sampling Frequency of Energy Detector

Fig. 5.15 shows the performance as function offed. The remaining parameters are set to

their default values. Increasingfed has two effects:
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Fig. 5.15:Pe (left) andDe (right) as function offed.

1. The bandwidth of the filterg(t) is increased and the multipath components of the

propagation channel are better resolved in time. This leadsto better performance due

to more distinguished location fingerprints with more degrees of freedom.

2. The number of free parameters is increased, which requires largerL for an accurate

stochastic description.

It can be observed from Fig.5.15thatL= 400 is large enough such that performance gains

are achievable whenfed is increased to2 GHz. It can be also seen that performance drops fast

for decreasingfed implying that the temporal resolution of the propagation channel becomes

too coarse. It can be concluded that a sampling frequency offed ≥ 500 MHz is required for

reasonable performance.

5.7.5 Number of Regions

The number of regions is an important system parameter. AsM increases, it can be expected

that Pe increases as well. The communication theoretic analogy would be a signal space

with a fixed number of dimensions and an increasing number of constellation points for a

fixed SNR. How fastPe increases, depends on the dimensionality of this signal space or in

the position location setup on the degrees of freedom of the location fingerprints. The larger

the degrees of freedom (signal space dimensions) are, the slower will be the performance

degradation for increasingM . Note that RSS location fingerprints have only one degree of

freedom per access point (anchor), which implies a rapid performance degradation. Since

we are considering location fingerprints based on the UWB propagation channel we expect

a graceful performance degradation for increasingM due to many degrees of freedom. The
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following results support our conjecture of graceful performance degradation for increas-

ingM .
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Fig. 5.16:Conditional error probabilities P(Hi|H4) for observations from region4 for
L= 200 and MV Log-normal PDF.

Fig. 5.16 depicts the conditional error probabilities P(Hi|H4) for observations from re-

gion 4 assuming one or two available observations. The stochasticmodel for the location

fingerprints is the MV Log-normal PDF. The default system parameters except forL= 200

are applied. It can be seen that most of the classification errors occur among physically close

regions, which implies that classification errors are mainly local phenomenons. Thus, it is

expected that increasingM will not lead to a significant increase inPe as long as the addi-

tional regions are not very close to already considered regions. Furthermore,De will stay

essentially constant, since classification errors among nearby regions have only marginal

impact onDe.

If the position location application requires larger or full coverage of the room, it is con-

ceivable that the region dimensions are increased at the cost of a larger fundamental posi-

tioning uncertainty while maintaining reasonably small values forM andPe. For example

the total probability of error considering the eight adjacent regions{1,2,3,4,8,9,10,11} is

calculated asPe = 0.22. If regions{1,2,3,4} and regions{8,9,10,11} are merged into two

super-regions the total probability of error reduces toPe = 0.12. For this example the default

parameter settings except forL= 200 are applied, the MV Log-normal PDF is assumed, and

one observation per agent is considered.
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5.8 Summary and Conclusions

This chapter presents a detailed analysis of a location fingerprinting system employing a

singleanchor with low complexity. The location fingerprints correspond to vectors of energy

samples, which can be modeled with a Gamma, a Log-normal, or aMV Log-normal PDF. An

experimental performance analysis based on measured CIRs reveals that the MV Log-normal

PDF provides the best performance as long as the number of training signals is sufficiently

large.

An average positioning error ofDe ≈ 93 cm at high SNR,fed = 1 GHz, L= 200, and

M = 22 can be achieved with a single observation per agent. If two observations are avail-

able, the error decreases toDe ≈ 43 cm. If the distortions are non-negligible (low SNR) the

corresponding performance degradation can be compensatedby using more observations per

agent for the region detection process.The agents need not be mobile and do not require mul-

tiple antennas in this case, because the distortions changefrom observation to observation.

In this chapter, it is demonstrated how location fingerprinting can be performed with a low

complexity generalized ED RX. With the MV Log-normal PDF we propose an accurate and

mathematically tractable stochastic model for a vector of energy samples, which is able to

account for correlations among the energy samples.

In the upcoming Chapters6 and7, two promising methods to increase the efficiency of

the training phase are proposed. The objective is to reduce the required number of training

signals per region, while maintaining a certain position location performance.
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Chapter 6

Combination of Training Phase and

Localization Phase

In this chapter1, we propose to combine the parameter estimation phase with the localization

phase in order to jointly improve the quality of the parameter estimates and the performance

metrics. To the best of the author’s knowledge, this idea to jointly train and localize has

not been known in the location fingerprinting community so far. It is, however, well known

that the complexity of the training phase is the main limitation, which prevents a practical

implementation of location fingerprinting systems. This fact emphasizes the importance of

this idea even more.

First, we discuss in Section6.1, how the hypothesis testing framework introduced in Sec-

tion 2.4must be adapted such that joint parameter estimation and localization can be imple-

mented with theexpectation maximization (EM)algorithm. Then, we review the required

theory to understand and apply theEM algorithm in Section6.2, discuss the position loca-

tion and clustering system in Section6.3, and finally provide an experimental performance

analysis in Section6.4.

1Parts of this chapter have been published in [78].
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6.1 Location Fingerprinting via Parameter Estimation of

Mixture Densities

We consider the same scenario as discussed in Section2.1: The surveillance area is quantized

into M regions, in which the agents can be located. This implies that each agent has to be

located in one of thoseM regions. Further, there exists a parameterizedPDF, which models

the stochastic behavior of the location fingerprints and whose parameters distinguish the

regions. The conditionalPDFof a location fingerprinty of an agent located in regionm is

denoted byfm (y|Θm) with parameter setΘm.

Let y be the location fingerprint of an agent with unknown position. Since the agent could

be located in any region, the parameter set of thePDFdescribingy could be any of theM

parameter setsΘm. Consequently, it is proposed to model the unconditionalPDFof y as a

mixture density [79] according to

f (y|Θ) =
M∑

m=1

πmfm (y|Θm) , (6.1)

where the weightsπm of the componentPDFssum up to one. These weights are in analogy

to the a priori probabilities defined in Section2.4. The set of parameters describingf (y|Θ)

is given by

Θ = {π1,π2, . . . ,πM ,Θ1,Θ2, . . . ,ΘM} .

If the individual parameter setsΘm and the weightsπm are known perfectly2, then the opti-

mal position location procedure is to apply theM -ary hypothesis testing framework devel-

oped in Section2.4. In practice, however,πm may be unknown andΘm must be estimated

from a finite number of training signals. It has been shown in Section4.6.3and Section5.7.2

that a large number of training signals is required, in orderto obtain accurate parameter

estimates and good position location performance.

The modeling off (y|Θ) as mixture density enables the combination of parameter esti-

mation and region detection. Each new observationy is first assigned to the most likely

componentPDF (region detection step) and then used to improve the parameter estimates.

An iterative algorithm accomplishing this task is theEM algorithm, which is reviewed in the

next section.

2Recall that this would require infinitely many training signals.
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6.2 Expectation Maximization Algorithm

6.2 Expectation Maximization Algorithm

The original problem, which led to the design of theEM algorithm, was the search forML

parameter estimates of aPDF based on an empirical data set with incomplete or missing

values [80].

Later on, it was found that theEM approach is also very useful for optimizing likelihood

functions, which cannot be optimized analytically. For example such involved likelihood

functions arise fromML parameter estimation of mixture densities [81]. The idea is to

simplify the likelihood function by assuming the existenceof missing parameters, which is

outlined in the next section. A detailed tutorial about theEM algorithm can be found in [82]

and in Chapter 9 of [32].

6.2.1 Maximum Likelihood Parameter Estimation for Mixture De nsities

We consider the mixture density from (6.1) and search for theML parameter estimateŝΘ of

Θ based onLb independent observationsY =
{

y1,y2, . . . ,yLb

}

. The according log-likelihood

function is given by

Λ(Θ|Y) , ln(f (Y|Θ)) = ln





Lb∏

l=1

f (yl|Θ)



=
Lb∑

l=1

ln





M∑

m=1

πmfm (yl|Θm)



 . (6.2)

The ML parameter estimateŝΘ are obtained by maximizingΛ(Θ|Y) with respect toΘ,

which is mathematically complex due to the logarithm of a sumof componentPDFs.

We apply the trick of assuming the existence of an unobserved(missing) data set denoted

by u =
[

u1,u2, . . . ,uLb

]

, where the value of each elementul ∈ {1,2, . . . ,M} indicates the

componentPDFof the corresponding observationyl. For example, iful =m thenyl belongs

to them-th componentPDFfm (yl|Θm).

We denoteY as incomplete data set and{Y ,u} as complete data set. Assuming knowledge

of Y andu, the complete log-likelihood function is given by

Λ(Θ|Y ,u) , ln(f (Y ,u|Θ)) = ln





Lb∏

l=1

f (yl,ul|Θ)





=
Lb∑

l=1

ln(ful
(yl|Θul

))+ ln(πul
) . (6.3)
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Depending on the particular expressions for the componentPDFs the complete log-

likelihood function can be maximized with respect toΘ with several methods. For some

PDFslike MV Gaussian there exist even analytical expressions forΘ̂. The main problem is,

however, thatu is usually unknown.

We proceed by assuming thatu is a random vector, which makes the complete log-

likelihood functionΛ(Θ|Y ,u) itself a random variable. Theexpectationstep of theEM

algorithm calculates the expected value ofΛ(Θ|Y ,u) with respect tou givenY and the pa-

rameter estimates from the last iterationi− 1 denoted byΘ[i−1]. Mathematically, this is

written as

Q(Θ,Θ[i−1]) = Eu [Λ(Θ|Y ,u) |Y ,Θ[i−1]]

=
∫

u

Λ(Θ|Y ,u)p(u|Y ,Θ[i−1])du, (6.4)

wherep(u|Y ,Θ[i−1]) denotes the conditionalPDFof the unobserved data given the obser-

vation setY andΘ[i−1]. The cost functionQ(Θ,Θ[i−1]) is maximized in themaximiza-

tion step according to

Θ[i] = argmax
Θ

(Q(Θ,Θ[i−1])) , (6.5)

which gives the new parameter estimatesΘ[i]. Equations (6.4) and (6.5) are general and

must be further derived until theEM algorithm can be implemented. In order to proceed, we

require an expression forp(u|Y ,Θ[i−1]).

For the special case ofML parameter estimation of mixture densities, the conditional

probability mass function (PMF)3 of u is given by

p(u|Y ,Θ[i−1]) =
Lb∏

l=1

p(ul|yl,Θ[i−1]) =
Lb∏

l=1

f (yl,ul|Θ[i−1])

f (yl|Θ[i−1])

=
Lb∏

l=1

πul
[i−1]ful

(yl|Θul
[i−1])

∑M
m=1πm [i−1]fm (yl|Θm [i−1])

,

where the first equality is due to the definition ofu, which states that eachul is only linked

to the correspondingyl. This implies independent components inu. The second equality

resembles Bayes’ rule and the third equality follows from plugging in known expressions

from (6.2) and (6.3).

3Note thatu is in this case a discrete random vector.
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This expression forp(u|Y ,Θ[i−1]) is inserted into (6.4) and after some calculations4 we

obtain

Q(Θ,Θ[i−1]) =
M∑

m=1

Lb∑

l=1

ln(πmfm (yl|Θm))p(m|yl,Θ[i−1])

=
M∑

m=1

Lb∑

l=1

ln(πm)p(m|yl,Θ[i−1])+
M∑

m=1

Lb∑

l=1

ln(fm (yl|Θm))p(m|yl,Θ[i−1]) ,

(6.6)

wherep(m|yl,Θ[i−1]) denotes the conditional a posterioriPMF of them-th component

PDFand is given by

p(m|yl,Θ[i−1]) =
πm [i−1]fm (yl|Θm [i−1])

∑M
k=1πk [i−1]fk (yl|Θk [i−1])

. (6.7)

Note thatp(m|yl,Θ[i−1]) is the probability mass of the event that the observationyl be-

longs to them-th componentPDFgivenΘ[i−1].

The remaining step is to maximize (6.6) with respect toΘ in order to obtain new parameter

estimates. Depending on the componentPDFs, this can be still mathematically complex.

However, for some componentPDFslike MV Gaussian orMV Log-normal5 it is possible to

derive analytical expressions for the parameters, which maximize (6.6). In the next section,

we provide update equations for Gaussian mixture densities.

6.2.2 Gaussian Mixture Densities

Gaussian mixture densities are at hand, when all componentPDFsareMV Gaussian. If all

componentPDFsareMV Log-normal, then a Gaussian mixture density inx is obtained by

the random variable transformationx = ln(y). The parameter setΘ of Gaussian mixture

densities consists of the weightsπm, a set of mean vectorsµm, and a set of covariance

matricesΣm.

The update equations for the new parameter estimatesΘ[i] in terms of the old parameter

4This derivation can be found in detail in [82].
5Note that the MV Log-normal PDF can be easily transformed into an MV Gaussian PDF (cf. Section5.4).

89



Chapter 6 Combination of Training Phase and Localization Phase

estimatesΘ[i−1] are given by6

πm[i] =
1

Lb

Lb∑

l=1

p(m|yl,Θ[i−1]) ,

µm[i] =

∑Lb
l=1 ylp(m|yl,Θ[i−1])
∑Lb

l=1 p(m|yl,Θ[i−1])
,

Σm[i] =

∑Lb
l=1 p(m|yl,Θ[i−1])(yl −µm[i]) (yl −µm[i])H

∑Lb
l=1 p(m|yl,Θ[i−1])

. (6.8)

These update equations perform theexpectationandmaximizationstep simultaneously. The

EM algorithm starts with initial parameters estimates denoted by Θ[0] and iterates through

the update equations in (6.8) until convergence. Convergence is reached, when the change

of the cost functionQ(Θ[i],Θ[i−1]) −Q(Θ[i−1],Θ[i−2]) is less than a certain value. It

is shown in [80,81] that each iteration increases the cost function and that theEM algorithm

is guaranteed to converge. However, theEM algorithm converges in general only to a local

optimum, which implies that the obtained parameter estimates are not necessarily theML

parameter estimates. Which local optimum is reached, depends on the initial parameter

estimatesΘ[0].

6.3 Position Location and Clustering Systems

In this section, we outline the required steps of position location and clustering systems using

theEM algorithm for joint region/cluster detection and parameter estimation.

6.3.1 Training Phase

As discussed above, the initial parameter estimatesΘ[0] determine the convergence behavior

and the outcome of theEM algorithm. It is assumed that the system gathersL training

signals per region/cluster during a supervised training phase. These training signals are used

to calculateΘ[0]. This step is in analogy to the training phases discussed in Section4.4.1and

Section5.5.1. The objective is to reduceL as much as possible, while maintaining a certain

Pe or De.

In order to exploit the training signals not only for initialization of theEM algorithm

but also for parameter estimation in each iteration step, itis proposed to modify the update

6A detailed derivation is provided in [82].
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equations in (6.8). The idea is to include the initial parameter estimatesΘ[0] in the update

equations by exploiting the a priori knowledge ofp(m|yl,Θ[i−1]) for the training signals,

which takes on the value1, if the training signalyl is caused by aTX located in regionm,

or the value0, if the TX causingyl is located in any other region. The modified update

equations follow as

πm[i] =
1

L ·M +Lb



L+
Lb∑

l=1

p(m|yl,Θ[i−1])



 ,

µm[i] =
Lµm[0]+

∑Lb
l=1 ylp(m|yl,Θ[i−1])

L+
∑Lb

l=1 p(m|yl,Θ[i−1])
,

Σm[i] =
LΣm[0]+

∑Lb
l=1 p(m|yl,Θ[i−1])(yl −µm[i]) (yl −µm[i])H

L+
∑Lb

l=1 p(m|yl,Θ[i−1])
. (6.9)

These update equations are obtained, when allL ·M training signals are included in the set

of observationsY giving a new set withLb +L ·M observations.

6.3.2 Localization Phase

During the localization phase, the system gathers and stores Lb location fingerprints, i.e.

Y, for agents with unknown positions. In case of remote positioning, these observations

can be obtained from multiple agents at different positionsor also from moving agents at

different time instants. In case of self-positioning, these observations are obtained at one

moving agent at different time instants. UsingY andΘ[0], the update equations in (6.9) are

applied until convergence is reached at iterationi⋆. The resulting parameter estimates can be

extracted fromΘ[i⋆].

Clustering of the individual location fingerprintsyl is performed according to

m̂= argmax
m∈1,2,...,M

p(m|yl,Θ[i⋆]) = argmax
m∈1,2,...,M

(

πm [i⋆]fm (yl|Θm [i⋆])

f (yl|Θ[i⋆])

)

= argmax
m∈1,2,...,M

πm [i⋆]fm (yl|Θm [i⋆]) , (6.10)

which is in analogy to (2.8). The PMFsp(m|yl,Θ[i⋆]) for all M clusters and allLb obser-

vations have been already computed by theEM algorithm.

Region detection of the individual location fingerprintsyl is performed in accordance
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to (2.6):

m̂= argmin
m=1,2,...,M





M∑

j=1

πj [i⋆]dm,jfj (yl|Hj)





= argmin
m=1,2,...,M





M∑

j=1

πj [i⋆]dm,jfj (yl|Θj [i⋆])



 . (6.11)

The number of observed location fingerprintsLb influences the performance of theEM al-

gorithm. The largerLb the better will be the parameter estimation quality after convergence.

More accurate parameter estimates imply improvedPe andDe. Therefore, it would be ben-

eficial to collect and store as many location fingerprints as possible before theEM algorithm

is applied. There are, however, two drawbacks. First, the region/cluster information is de-

layed due to the required time for collecting observations.Second, collecting many location

fingerprints requires large storage capacity. TheadaptiveEM algorithm described below

mitigates these drawbacks.

Adaptive EM Algorithm Let us assume thatLb is limited due to the aforementioned rea-

sons. After recordingY with the largest allowedLb, the update equations in (6.9) are applied,

which produces parameter estimatesΘ[i⋆]. Clustering or region detection is performed ac-

cording to (6.10) or (6.11), respectively. If new location fingerprints are recorded the update

equations in (6.9) can be applied once again usingΘ[i⋆] as the new initial parameter esti-

mates. Repeating this step results in anadaptiveEM algorithm, which has the ability to track

significant changes in the propagation environment like therelocation of large objects. The

adaptiveEM algorithm is outlined as follows:

1. Perform supervised training and measureL location fingerprints per region. Calculate

initial parameter estimatesΘ[0].

2. Measure observation setY1 and apply (6.9) with initial parametersΘ[0] until conver-

gence. The resulting parameter estimates areΘ1 [i⋆1].

3. Measure observation setY2 by overwritingY1 and apply (6.9) with initial parameters

Θ1 [i⋆1] until convergence. The resulting parameter estimates areΘ2 [i⋆2].

4. Continue. . .

A performance study of theadaptiveEM algorithm can be found in [78].

Multiple Observations per Agent Multiple location fingerprints per agent can also be used

within the mixture density framework, in order to improve the position location performance
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as proposed in Section2.4.3. The corresponding mixture model in (6.1) must be modified in

accordance to (2.11), which gives

f (ȳ|Θ) =
M∑

m=1

πmfm (ȳ|Θm) =
M∑

m=1

πm

K∏

k=1

fm (yk|Θm) .

This modification requires modified update equations, whichcan be derived following sim-

ilar steps as in [82]. First, the cost functionQ(Θ,Θ[i−1]) needs to be modified according

to

Q̄(Θ,Θ[i−1]) =
M∑

m=1

L̄b∑

l=1

ln(πm)p(m|ȳl,Θ[i−1])

+
M∑

m=1

L̄b∑

l=1





K∑

k=1

ln
(

fm

(

yk,l|Θm

))



p(m|ȳl,Θ[i−1]) ,

whereȳl ,
[

yT
1,l, . . . ,y

T
K,l

]T
, Lb =K · L̄b, and the modified posteriorPMF of them-th com-

ponentPDFis given by

p(m|ȳl,Θ[i−1]) =
πm [i−1]

∏K
k=1 fm

(

yk,l|Θm

)

∑M
j=1πj [i−1]

∏K
k=1 fj

(

yk,l|Θj

) .

The modified update equations follow as

πm[i] =
1

L ·M + L̄b



L+
L̄b∑

l=1

p(m|ȳl,Θ[i−1])



 ,

µm[i] =
Lµm[0]+

∑L̄b
l=1

(
∑K

k=1 yk,l

)

p(m|ȳl,Θ[i−1])

L+K
∑L̄b

l=1 p(m|ȳl,Θ[i−1])
,

Σm[i] =
LΣm[0]+

∑L̄b
l=1 p(m|ȳl,Θ[i−1])

(
∑K

k=1

(

yk,l −µm[i]
)(

yk,l −µm[i]
)H
)

L+K
∑L̄b

l=1 p(m|ȳl,Θ[i−1])
.

(6.12)

6.4 Experimental Performance Analysis

In this section, the performance of a localization or clustering system applying theEM algo-

rithm is investigated. We consider a remote positioning scenario. The anchor node employs

either a coherentRX or anED RX. The figures of merit arePe for the clustering prob-
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lem andDe for the position location problem.Pe andDe are estimated using Monte Carlo

simulations and the cross-validation method described in Section4.6.1.

We consider the same measuredCIRs as in Sections4.6 and5.7 from all four transmit

antennas to receive antenna3. TheCIRsare normalized such that the average energyEm is

the same for all regions implying that thePL information is neglected.

The default system parameters are summarized in the following. If not mentioned other-

wise, these values are used to calculatePe andDe.

• DefaultSNRis the measurementSNRdenoted by SNRmea in Chapter3.

• Default observation window size isTs = 30 ns.

• Default number of regions isM = 22.

• Initial a priori probabilities areπm[0] = 1/M for all m.

• CoherentRX:

– Default bandwidth isB = 3 GHz.

– Default reference sample isnmaxabs= 8.

– Default stochastic model for the location fingerprints is the COV model.

• ED RX:

– Default sampling rate isfed = 1 GHz.

– Default reference sample isnmaxabs= 3.

– Default integration filterg(t) is rectangular.

– Default stochastic model for the location fingerprints is the MV Log-normal

model.

6.4.1 Singular Initial Covariance Matrices

The initial empirical covariance matrices are rank deficient if L <N as already discussed in

Section4.6.3.2. In order to calculatep(m|yl,Θ[0]) in (6.7) the likelihoods of the location

fingerprintsyl are required, which in turn requires the inversion of the initial covariance

matrices.

This poses a problem especially to coherentRXs, because the location fingerprints have

generally more samples than those of theED RX. For example the default parameter setting

of a coherentRX described in Section4.6.2implies a length ofN = 90, which means that
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L > 90 is a necessary - but in general not sufficient - condition for regular initial covariance

matrices.

Two methods are proposed in the following, which cope with the problem of singular7

initial covariance matrices.

1. Hybrid method: The idea is to use thePDP model instead of the COV model for

initialization of theEM algorithm. The off-diagonal elements of the initial covariance

matrices are ignored and only the diagonal elements are used. This ensures full rank

by assuming independent components iny. Note that this method can be also applied

to theMV Log-normalPDF if the anchor employs anED RX. For initialization the

correlations among energy samples are ignored and the Log-normalPDFis applied.

2. Perturbation method: This method has been already discussed and applied in Sec-

tion 4.6.3.2. The COV model with perturbation is used for initialization of the EM

algorithm. A weighted identity matrixσ2
pI is added to the singular initial covariance

matrix. This ensures full rank of the overall covariance matrix. For the performance

results in Fig.6.1the values ofσ2
p are chosen such thatSNRsof 28, 30, and32 dB are

emulated.
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Fig. 6.1:Pe (left) andDe (right) as function ofL for a coherent RX with default system
parameters andLb = 6600.

Fig. 6.1 depictsPe andDe as function ofL for a coherentRX with default parameters,

the two aforementioned initialization methods. From each region,300 location fingerprints

are randomly selected, which results inLb = 22 ·300 = 6600. The hybrid method works

better forL≤ 20, because the initial estimates of the covariance matrices are very imprecise

7This holds also for covariance matrices with very small eigenvalues, i.e. ill-conditioned matrices.
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and their structures are mainly dominated by artifacts. Thus, it is better to ignore all off-

diagonal elements and restrict the initial statistical region description to thePDP model.

However, note that theEM algorithm assumes the COV model, which implies that except for

initialization the full covariance matrices are used.

ForL larger than20, the perturbation method outperforms the hybrid method. The per-

turbation method requires the choice of the weightσ2
p of the perturbing identity matrix. A

too large weight changes the initial covariance matrices too much, which results in an inac-

curate stochastic description. However, a too small weightleads to numerical instabilities

during matrix inversion due to very small eigenvalues. As aforementionedσ2
p is chosen such

thatSNRsof 28, 30, and32 dB are emulated with theSNRdefinition from (4.2). It can be

seen from Fig.6.1 that the optimal weight depends onL. For largerL, smaller perturbation

weights provide better performance, because the initial estimates of the covariance matrices

become more accurate. This effect can be observed from Fig.6.1. The curve for 28 dB cuts

the curve for 30 dB atL = 60 and the curve for 32 dB atL = 90. Altogether, it can be seen

that the performance is rather insensitive to the specific choice ofσ2
p. It can be concluded

that a perturbationSNRof 30 dB provides a good compromise for all consideredL.

6.4.2 Number of Training Signals L and Observations Lb

The performance of theEM approach is compared to the results from Chapters4 and 5.

The results of the COV model and the results of the Gamma model,each withK = 1 ob-

servation per agent, are used as reference for this comparison. The respectivePe andDe

reference curves can be also found in Fig.4.14and Fig.5.13. The results of thePDPmodel

from Fig.4.14are not shown here, because they are very similar to the performance of the

Gamma model in Fig.5.13. The Gamma model is chosen as reference for theED RX, since

it provides best performance forL < 100 according to Fig.5.13.

Fig. 6.2 depictsPe andDe as function ofL. The curves obtained with a coherentRX

are labeled with CO and the curves obtained with anED RX are labeled withED. The

parameterLb is set toLb = 2200, respectivelyLb = 4400, implying 100, respectively200,

observed location fingerprints per region. The perturbation method is applied for the CO

results andσ2
p is chosen such that a perturbationSNR of 30 dB is emulated. The hybrid

method is applied for theED results due to better performance than the perturbation method.

It can be observed from Fig.6.2 that theEM approach achieves smallerPe andDe than the

reference results. The improvement is more considerable for the coherentRX, because its

performance is mainly limited by inaccurate parameter estimates due to few training signals.
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Fig. 6.2:Pe (left) andDe (right) as function ofL.
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Fig. 6.3:Pe (left) andDe (right) as function ofLb. The dashed lines indicate the reference
values ofPe andDe as depicted in Fig.4.14.

Fig. 6.3depictsPe andDe as function ofLb for a coherentRX and different values ofL.

The dashed lines indicate the reference values ofPe andDe (cf. Fig. 4.14) for the respective

values ofL. It can be observed thatPe andDe can be significantly decreased, if the number of

observationsLb is increased. This improvement is most significant for the smallest number of

training signals, i.e.L= 50, because classification errors are mainly caused by the inaccurate

parameter estimates in this case. It can be concluded that the EM approach will eventually

provide reasonablePe andDe even for very few training signals as long asLb is large enough.

6.4.3 Multiple Observations per Agent

In this section, we study the achievable performance improvement of theEM approach, if

multiple observations per agent are available.
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Fig. 6.4:Pe (left) andDe (right) as function ofL for a coherent RX with default system
parameters.

Fig. 6.4 shows the performance of a coherentRX with default system parameters as

function of L for K ∈ {1,2,3}. The total number of observed location fingerprints

from agents with unknown positions is kept constant atLb = 6600, which means that

L̄b ∈ {6600,3300,2200}. The update equations in (6.12) are applied until convergence is

reached. Performance curves for both aforementioned initialization methods are plotted in

Fig. 6.4. The perturbationSNRis set to30 dB. ForL≤ 20 the hybrid method works better

than the perturbation method. This effect is emphasized with increasingK. Applying the

perturbation method forK = 3 andL≤ 20 results in the worst performance. For smallL

only the hybrid method provides a consistent performance improvement with increasingK.

AsL increases the perturbation method outperforms the hybrid method for allK. Altogether,

it can be observed that significant performance improvements are achievable by exploiting

multiple observations per agent. Practical ways to obtain these observations are discussed

in Section2.4.3. The average positioning error can be reduced to approximately 25 cm us-

ing onlyL= 40 training signals per region and assuming that three location fingerprints per

agent are available for position location. The smallest achievable average position location

error forL = 10 training signals is around76 cm for K = 3 and the hybrid initialization

method.

Fig. 6.5depicts the performance of anED RX with default system parameters as function

of L for K ∈ {1,2,3}. TheEM algorithm is initialized by applying the hybrid method. A

consistent performance improvement with increasingK for all values ofL can be observed.

A remarkable small average position location error of roughly 30 cm is achievable with

K = 3 andL = 20. The smallest achievable average position location error for L = 10

training signals is approximately40 cm for K = 3, which outperforms the coherentRX.
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Fig. 6.5:Pe (left) andDe (right) as function ofL for an ED RX with default system param-
eters. Initialization of the EM algorithm is done with the hybrid method.

This is an important results, which states that the low complexity ED RX is the preferableRX

structure if only few training signals are available. This behavior is caused by the different

lengths of the respective location fingerprints.

6.5 Summary and Conclusions

The theoretical location fingerprinting framework introduced in Chapter2 is extended by

modeling the unconditionalPDFof location fingerprints as a mixture of componentPDFs.

This modeling approach enables the application of theEM algorithm for joint parameter

estimation and localization. Already classified location fingerprints are used to improve the

quality of the parameter estimates, i.e. act as training signals. This theoretical framework is

formulated in a generic way such that it can be applied to all location fingerprinting system,

which are based on the Bayesian paradigm.

An empirical performance analysis demonstrates that the required number of training sig-

nals can be significantly reduced for both studiedRX structures. However, it is also shown

that a certain number of a training signals is still requiredfor the initialization of theEM

algorithm, in order to achieve acceptable position location and clustering performance. In

the next chapter, a novel method for initial parameter estimation is proposed, which has the

potential to reduce the complexity of the training phase even further.
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Chapter 7

Efficient Training Phase

This chapter proposes an efficient estimation procedure of the parametersΘm of the condi-

tional PDFsfm (y|Hm). It is based on a simplified UWB channel model, which takes the

geometry of the propagation environment into account. The inputs to this efficient training

phase are either only very few1 measuredCRs2 at known TX locations or a floor plan de-

scribing the geometry of the propagation environment. The outputs are predictedCRsfor

arbitrary TX positions within the region of interest, whichare used to empirically estimate

the parametersΘm. Note that virtually infinitely many training signals are available with

this approach.

7.1 Electromagnetic Wave Propagation

Theoretically, it would be possible to calculate the electromagnetic field in a given volume

of space at a specified time by solving Maxwell’s equations. However, such a computation

would require the knowledge of the electrical parameters ofall materials in the environment

and enormous processing power. Fortunately, such high modeling accuracy is not necessary

for most engineering problems.

A mathematically convenient simplification is the multipath approximation based on the

high-frequency approximation of electromagnetic wave propagation [83]. Its simplest form

is called geometrical optics, where it is assumed that the electromagnetic field is composed

out of partial waves traveling along geometric propagationpaths (rays) and experiencing

propagation effects during interaction with objects in theenvironment. This model provides

accurate results as long as the interacting objects are electrically large, i.e. their dimensions

1It is shown in this chapter that at least threeCRsare required for a two-dimensional localization problem.
2A CR is defined as convolution of aCIR with a transmit pulse.
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are larger than the considered wavelengths. Furthermore, their electrical properties should

remain approximately constant for the wavelengths under study. The wavelengths used by

UWB systems range from3 cm up to10 cm, which implies that for example walls, floors,

ceilings, and furniture can be considered as electrically large interacting objects.

In the following paragraphs the most important propagationeffects are summarized. A

more detailed discussion can be found in Chapter4 of [52], Chapter4 of [84] and in most

textbooks on wireless communication.

Free Space Propagation and Antennas The propagation of electromagnetic waves in

free space is well understood and is mathematically described in the far field by the Friis

transmission equation, which relates the transmitted power PTX to the received powerPRX

via the free spacePL according to

PRX = PL(f,d)PTX =GTX (f)

(

c0

4πfd

)2

GRX (f)PTX ,

where the antenna power gainsGTX (f) andGRX (f) depend on the frequencyf . In general

the received power depends also on the orientation of the antennas, which is neglected in the

above equation. The received power decreases with the square of the distanced and with the

square of the frequencyf .

Reflection and Transmission Reflection from and transmission through dielectric or con-

ductive, electrically large objects can be very well modeled with the theory of geometrical

optics. For indoor propagation especially walls, floor, ceiling, windows, and large furniture

objects can be considered as reflecting objects. How much of the impinging field strength

is reflected from the object and how much goes through the object is determined by the re-

flection and transmission coefficients, respectively. For example, the reflection coefficient

of perfect conductors like metallic objects has magnitude one. The overall PL of a reflected

partial wave is determined by the sum of the distances between TX, reflector, and RX.

In general, reflection and transmission coefficients are frequency dependent [53, 63, 85].

For example, the reflection coefficient of tempered glass is0.65 for a frequency of10.5 GHz

and changes to0.9 for a frequency of7.5 GHz [86]. This implies that each reflection and

transmission should be described by a linear filter with a frequency selective transfer func-

tion.
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Diffraction Diffraction occurs at object corners, curvatures, wedges,and surface irregu-

larities. This propagation effect cannot be modeled with the theory of geometrical optics.

Therefore, the high-frequency approximation is extended with the uniform theory of diffrac-

tion [83]. A result of this theory is that the multipath approximation (propagation along rays)

can still be applied. The propagation path goes via the interacting object (diffraction point)

from TX to RX. Instead of a reflection coefficient, a diffraction coefficient is defined, which

decreases with increasing frequency. Diffraction is also frequency dependent with the same

implications as for reflection and transmission.

Scattering Scattering describes the interaction of an electromagnetic wave with an elec-

trically small object, whose dimensions are in the order of the wavelength or smaller. Such

an interacting object is also called point scatterer and canbe considered as the source of a

new electromagnetic wave propagating isotropically in alldirections according to Huygens’

principle. Therefore, the overall PL for point scatterers is determined by the product of the

distances between TX, scatterer, and RX.

Diffuse Scattering The typical UWB propagation channel is not only composed out of

partial waves caused by electrically large objects, which are well modeled by the multipath

approximation, but also out of many components resulting from diffuse scattering or reflec-

tions from rough surfaces [52]. These components cannot be accurately described with the

multipath approximation and are commonly modeled stochastically [87,88].

Deterministic and Stochastic Channel Modeling The overall UWB propagation chan-

nel can be modeled as a combination of deterministic (concentrated) multipath components

mainly caused by specular reflections and point scatterers,and of a stochastic component

accounting for diffuse scattering and reflections from rough surfaces.

The UWB location fingerprinting system discussed so far assumes a pure stochastic de-

scription of the UWB channel. We will show in the remaining part of this chapter, how the

existence of deterministic channel components can be exploited, in order to obtain estimates

for the parameter setsΘm based on very few measuredCRs.

103



Chapter 7 Efficient Training Phase

7.2 Input Output Relations in Passband and Equivalent

Baseband

We restrict our attention to the two-dimensional Euclideanspace in the following considera-

tions. However, all proposed concepts can be extended to three dimensions. The coordinate

system is translated such that the position of the RX is in the origin (0,0). The position of

the TX is denoted by(x,y). We consider spatial variations of the TX position in the order of

a few multiples of the largest considered wavelength of the UWB signal.

Applying the multipath approximation, we obtain an input output relation between the

transmitted signalsc(t) and the received signalrc(t,x,y). The received signal is also called

CR in this chapter. The subscriptc stands forcarrier and indicates that we are dealing with

passband signals. Furthermore, the dependency of the received signal on the position of the

TX is made explicit. The input output relation for passband signals follows as

rc(t,x,y) =
L∑

l=1

γl(x,y)sl
c (t− τl(x,y))+wc(t), (7.1)

whereL is the total number of deterministic paths,γl(x,y) and τl(x,y) are the gain and

delay of thel-th path, andwc(t) is a realization of a stochastic process, which accounts for

the stochastic channel component and distortions like thermal noise and time variations. The

impulse responses of transmitting and receiving antenna, band selection filters, and ampli-

fiers are comprised insc(t). The path gainγl(x,y) accounts for the loss in amplitude of the

l-th partial wave due to traveled distance and thel-th interacting object. Due to frequency

dependent propagation effects each partial waveformsl
c(t) will be slightly distorted, which

is indicated by the superscriptl. It is assumed without loss of generality that the path delays

increase withl, i.e. τi(x,y)< τj(x,y) for i < j.

For sake of completeness, the corresponding input output relation in equivalent baseband

is given by

r(t,x,y) =
L∑

l=1

γl(x,y)exp(−ı2πfcτl(x,y))sl (t− τl(x,y))+w(t),

wherew(t) andsl(t) are the equivalent baseband representations ofwc(t) andsl
c(t), respec-

tively. The carrier frequency or center frequency ofsc(t) is denoted byfc. It can be observed

that the path delays influence the phases of the path gains of the equivalent baseband signal

through the termexp(−ı2πfcτl(x,y)).
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7.3 Analysis of Path Delays

In this section, the functional dependence (mapping) of thepath delays on the TX position

and the geometrical description of interacting objects is derived and analyzed. The knowl-

edge of this mapping enables the prediction of path delays for arbitrary TX positions. Note

that the roles of TX and RX are interchangeable due to channel reciprocity. Thus, also path

delays for fixed TX position and arbitrary RX positions can be calculated this way.

The estimation of geometrical parameters, which describe the impact of interacting ob-

jects on the path delays, can be viewed as extraction of information about the propagation

environment from the path delay structure ofCIRs. Imaging of the propagation environment

as described in [89,90] is a related technique, which also extracts information ofthe propa-

gation environment based on a set of CIR measurements obtained from a TX moving along a

known trajectory. Time domain imaging algorithms are basedon migration techniques [91]

such as Kirchhoff migration [89,90]. However, the goal of such imaging techniques is the

generation of a complete image of the environment, which requires the estimation of the

shape of the interacting objects. In contrast to this, we only seek to estimate parameters de-

scribing the influence of the interacting objects on the pathdelays, which is a considerably

easier task.

7.3.1 Geometrical Description of Interacting Objects

Reflecting objects are approximated by straight lines (or planes) and, hence, can be described

in the two-dimensional Euclidian space by their start points(xs,ys)l and end points(xe,ye)l,

which could be for example the corners of the room. Diffracting and scattering objects are

described by the coordinates of the diffraction or scattering point denoted by(xd,yd)l. The

indexl denotes thel-th partial wave, which is connected to thel-th interacting object. In this

notation an interacting object could represent a sequence of interactions like for example

multiple reflections.

In general the path delayτl(x,y) of thel-th path depends on the TX position(x,y) and the

geometrical description of thel-th interacting object. For notational convenience the path

indexl is dropped in the following considerations.

7.3.2 Nonlinear Mapping of Transmitter Position on Path Dela ys

For a diffraction or scattering point with coordinates(xd,yd), the corresponding path delay

is determined by the sum of the distances from TX to(xd,yd) and from(xd,yd) to the RX

105



Chapter 7 Efficient Training Phase

according to

τ(x,y) =
1

c0

(√

(x+a)2 +(y+ b)2 +
√

a2 + b2
)

,

with the geometrical parametersa= −xd andb= −yd.

The situation is slightly more complex for reflecting objects, which are approximated as

straight lines in the following. The vectorr describing a reflecting object and the vectors

between its start point and the TX position are defined as

r ,




xe −xs

ye −ys



 and s,




x−xs

y−ys



 .

With these vectors the coordinates of the image point3 (xi,yi) and consequently the path

delay can be calculated according to




xi

yi



= 2
rT s

‖r‖2 r −s+




xs

ys



 andτ(x,y) =
1

c0

√

x2
i +y2

i .

Performing algebraic manipulations, the equation for the path delay can be reformulated as

τ(x,y) =
1

c0

√

(x+a)2 +(y+ b)2,

with the following geometrical parameters

a=
2(ye −ys)(ysxe −xsye)

‖r‖2 and b= −2(xe −xs)(ysxe −xsye)

‖r‖2 .

We conclude from these derivations that the functional dependence of the path delays on the

geometrical description of scattering (diffracting) objects and specular reflecting objects can

be stated as

τ(x,y) =
1

c0

(√

(x+a)2 +(y+ b)2 +d
)

, (7.2)

whered is either
√
a2 + b2 for scattering and diffracting objects or zero for specularreflecting

objects. Hence, the knowledge of the geometrical parametersa andb is sufficient to calculate

the corresponding path delay for arbitrary TX positions.

The behavior of the first path(l = 1) depends on theLoS condition of the propagation

3The image point is obtained by mirroring the source point(x,y) on the reflector.
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channel. In case ofLoS condition, the first path is equal to the direct path, which implies

thata1 = b1 = 0. In case of non-LoScondition, the direct path might not exist anda1 andb1
describe already an interacting object.

Equation (7.2) is derived for a single interaction. It is expected that thefunctional depen-

dence ofτ on (x,y) stays as in (7.2) also for multiple interactions, but the corresponding

geometrical parametersa, b, andd become more complicated and include the geometrical

descriptions of all involved interacting objects.

Extension to Three Dimensions In this paragraph the functional dependence of the path

delayτ on theTX position in the three-dimensional Euclidean space denotedby (x,y,z) is

derived. In case of a diffraction or scattering point described by(xd,yd, zd) the relationship

is obtained as above according to

τ(x,y,z) =
1

c0

(√

(x+a)2 +(y+ b)2 +(z+ c)2 +
√

a2 + b2 + c2
)

,

with the geometrical parametersa = −xd, b = −yd, andc = −zd. Reflections in the three-

dimensional space happen on surfaces, which are approximated as planes in the following.

A reflecting plane is specified in the Hessian normal form, which requires the normal vector

n , [nx,ny,nz]T with unit norm and the vectorr from the origin to a point on the plane.

Then the equationnT
(

[px,py,pz]T − r
)

= 0 defines the plane of points(px,py,pz). The

smallest distance of an arbitrary point(x,y,z) to this plane is given by
∣
∣
∣nT

(

[x,y,z]T − r
)∣
∣
∣.

With this the image point of(x,y,z) at the reflecting plane can be calculated according to








xi

yi

zi








=








x

y

z








+








2nT















x

y

z








− r















n.

Performing again algebraic manipulations, the path delay equation is obtained as

τ(x,y,z) =
1

c0

√

(x+a)2 +(y+ b)2 +(z+ c)2,

with the following geometrical parameters

a= −2nx

(

nT r
)

,

b= −2ny

(

nT r
)

,

c= −2nz

(

nT r
)

.
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7.3.3 Upper Bound on Path Delay Variation

A change of the position of the TX causes a variation of the delays of the multipath com-

ponents depending on the geometry of the propagation environment. The smallest possible

variation is zero and the largest possible variation determines the search interval for an algo-

rithm, which should track path delay variations caused by TXmovement.

Assume that the position of the TX is changed inx-direction from(x,y) to (x+ ∆,y).

The largest possible delay variation of each path is derivedby

max |τ(x,y)− τ(x+∆,y)|

=
1

c0
max

a,b

∣
∣
∣
∣

√

(x+a)2 +(y+ b)2 −
√

(x+a+∆)2 +(y+ b)2
∣
∣
∣
∣

≤ 1

c0
max

a,b

∣
∣
∣
∣

√

(x+a−x−a−∆)2 +(y+ b−y− b)2
∣
∣
∣
∣=

|∆|
c0
, (7.3)

which follows from the reverse triangle inequality. It remains to be shown that this upper

bound is achievable, which is done by settingb = −y. Thus, the path delays corresponding

to observationr(t,x+∆,y) must satisfy the bounds

τ(x,y)− |∆|
c0

≤ τ(x+∆,y) ≤ τ(x,y)+
|∆|
c0
.

These bounds are only achievable forb = −y, which implies that they-coordinate of the

interaction point (e.g. point scatterer) must be equal to the y-coordinate of the TX position.

The same chain of consequences holds for the change of the TX position to(x,y+∆).

In analogy to the derivation in (7.3), the path delay for the general observation

r(t,x+∆x,y+∆y) must satisfy

τ(x,y)−
√

∆2
x +∆2

y

c0
≤ τ(x+∆x,y+∆y) ≤ τ(x,y)+

√

∆2
x +∆2

y

c0
.

7.3.4 Linearization of Path Delays

Since we are interested in the behavior of the path delays in the vicinity of a reference

point4 (x0,y0), it is proposed to approximate (7.2) with a first order Taylor series expansion

4For the location fingerprinting application this referencepoint acts as a region’s center point.
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in the point(x0,y0) according to

τ(x,y) = τ(x0,y0)+ ᾱ (x−x0)+ β̄ (y−y0)+R1 (x,y) , (7.4)

with the linear coefficients̄α andβ̄ as

ᾱ=
∂τ(x,y)

∂x

∣
∣
∣
∣
(x0,y0)

=
1

c0
· x0 +a
√

(x0 +a)2 +(y0 + b)2
,

β̄ =
∂τ(x,y)

∂y

∣
∣
∣
∣
(x0,y0)

=
1

c0
· y0 + b
√

(x0 +a)2 +(y0 + b)2
. (7.5)

The remainder term R1 (x,y) in (7.4) determines the accuracy of the linearization. According

to Taylor’s Theorem [92] this term can be written as

R1 (x,y) =
(y0x−x0y+ b(x−x0)−a(y−y0))2

2c0

(

(x0 + s(x−x0)+a)2 +(y0 + s(y−y0)+ b)2
)3

2

,

for somes ∈ [0,1]. If the reference point and the geometrical parametersa andb describ-

ing a specific interacting object are fixed, the respective linearization error for arbitrary TX

positions can be upper bounded by maximizing R1 (x,y) with respect tos ∈ [0,1]. In order

to illustrate the quality of this linearization for arbitrary geometries, we present numeri-

cally obtained values for the expected and maximum approximation errors as a function

of the Euclidian distancede =
√

(x−x0)2 +(y−y0)2 between(x,y) and(x0,y0). There-

fore, the Cartesian coordinates(x,y) are substituted by polar coordinates according to

x= de cosφ+x0 andy = de sinφ+y0 resulting in the error term R1 (de,φ) as function of

de andφ. The expected and maximum approximation errors are defined as

Cexp(de) ,
1

J

J∑

j=1

Eφ

{∣
∣
∣
∣R

(j)
1 (de,φ)

∣
∣
∣
∣

}

,

Cmax(de) , max
φ∈[0,2π]

j∈{1,2,...,J}

∣
∣
∣
∣R

(j)
1 (de,φ)

∣
∣
∣
∣ ,

where the expectation and maximum are taken over the angleφ andJ realizations of(x0,y0),

a, andb. Each realization of(x0,y0), a, andb accounts for a certain reference point and

a certain geometry of an interacting object. The ensemble ofmany of those realizations

provide a statistic over all possible propagation geometries. The admissible realizations of

a andb are restricted such that the Euclidian distance between theinteracting objects and
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(x0,y0) is larger than0.3 m and that the Euclidian distance between the interacting objects

and the RX is smaller than5 m.
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Fig. 7.1:Expected and maximum approximation errors in ns as a function of Euclidian dis-
tance to(x0,y0).

Fig. 7.1depicts the expected and maximum approximation errors forJ = 106 geometries.

Further numerical results indicate that these curves are stable. Thus, the largest approxi-

mation error for position(x,y) with a distance to(x0,y0) of 0.3 m is 0.5 ns. However, the

expected approximation error is around0.01 ns at0.3 m distance, which supports the appli-

cability of the proposed linearization. It can be concludedthat for most of the path delays

a linear approximation is well suited to describe their behavior in vicinity of the reference

point (x0,y0).

Analysis of the Linear Coefficients ᾱ and β̄ The linear coefficients̄α andβ̄ can be upper

and lower bounded according to

− 1

c0
≤ ᾱ≤ 1

c0
and − 1

c0
≤ β̄ ≤ 1

c0
,

which follows from the bounds

−1 ≤ x0 +a
√

(x0 +a)2 +(y0 + b)2
≤ 1 and −1 ≤ y0 + b

√

(x0 +a)2 +(y0 + b)2
≤ 1.

Furthermore, the conditionc2
0

(

ᾱ2 + β̄2
)

= 1 follows from (7.5), which implies that̄α andβ̄

cannot take on arbitrary values between− 1
c0

and 1
c0

. For example if̄α= ± 1
c0

thenβ̄ must be
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zero. These theoretical bounds and this condition are important for the design of algorithms,

which should estimatēα andβ̄ from empirical data.

Relation of ᾱ and β̄ to the Angle of Departure The linear coefficients̄α andβ̄ are related

to the angle of departure of the corresponding multipath component. This relationship is

analyzed in this paragraph.

(x0,y0)

(x0,y0 +∆)

(x0 +∆,y0)

interacting object

to RX

Fig. 7.2:Propagation paths from TX via interacting object to RX.

Fig. 7.2 depicts three propagation paths from three TX positions denoted by (x0,y0),

(x0 +∆,y0), and (x0,y0 +∆) via an interacting object to the RX. The time required for

the signal to travel to the RX for TX position(x0,y0) is denoted byτ(x0,y0).

Fig. 7.3depicts a close up of Fig.7.2. The two right-angled triangles define the angles of

departureφx andφy with respect tox-axis andy-axis according to

cosφx =
∆a

∆
and sinφy =

∆o

∆
,

where∆ is the length of the hypotenuses of these triangles. The adjacent leg ofφx has the

length∆a and the opposite leg ofφy has the length∆o.

If the distance from(x0,y0) to the interacting object is large compared to∆, the plane

wave assumption can be invoked, which states that the three propagation paths in Fig.7.2and

Fig. 7.3 can be treated as parallel. In the close up in Fig.7.3 it can be seen that these paths

are indeed approximately parallel. Accordingly, the lengths∆a and∆o can be approximated
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(x0,y0)

(x0,y0 +∆)

(x0 +∆,y0)

∆a

∆o

φx

φy

Fig. 7.3:Angles of departureφx andφy.

by

∆a ≈ c0 (τ(x0 +∆,y0)− τ(x0,y0)) and∆o ≈ c0 (τ(x0,y0)− τ(x0,y0 +∆)) .

Assuming plane waves, the anglesφx andφy are equal and the approximations for∆a and

∆o are exact, which implies

cosφ= cosφx =
c0 (τ(x0 +∆,y0)− τ(x0,y0))

∆
,

sinφ= sinφy =
c0 (τ(x0,y0)− τ(x0,y0 +∆))

∆
.

Another consequence of the plane wave assumption is that thelinearization in (7.4) be-

comes error-free, i.e. R1 (x,y) = 0. Since the plane wave assumption implies parallel paths,

the path delay for an arbitrary position(x,y) can be written as

τ(x,y) = τ(x0,y0)+
cosφ

c0
︸ ︷︷ ︸

ᾱ

(x−x0)+

(

−sinφ

c0

)

︸ ︷︷ ︸

β̄

(y−y0) ,

which can be seen from Fig.7.3. The relationships between̄α andβ̄ and the angle of depar-
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tureφ follow as

ᾱ=
cosφ

c0
=
τ(x0 +∆,y0)− τ(x0,y0)

∆
andβ̄ = −sinφ

c0
=
τ(x0,y0 +∆)− τ(x0,y0)

∆
.

It can be concluded from these relationships that the plane wave assumption, applied for

angle of departure orAoA estimation with antenna arrays, is in analogy to the linear approx-

imation proposed in (7.4). The advantage of the linearization in (7.4) is the characterization

of the error term R1 (x,y), which enables an accuracy analysis of the linearization. Fur-

thermore, in literature there exist a lot of algorithms, which estimateφ with antenna arrays.

Those can be applied, in order to obtain approximations forᾱ and β̄. Note that we are

interested in the angles of departure (or arrival) of deterministic multipath components.

7.3.5 Temporal Alignment

As already discussed in Section3.6, the proposed location fingerprinting method does not

require time synchronization between TX and RX. This impliesthat each received signal

rc(t,x,y) has an unknown time reference. In order to remove this uncertainty, temporal

alignment strategies have been proposed in Section3.6. In this chapter, temporal alignment

is performed by redefining the path delays according to

τ̃l(x,y) , τl(x,y)− τr(x,y)

=
1

c0

(√

(x+al)
2 +(y+ bl)

2 −
√

(x+ar)2 +(y+ br)2 +dl −dr

)

,

whereτr(x,y) is the path delay of a reference path. Assuming LoS channel conditions, the

reference path is defined as the direct path withr = 1 anda1 = b1 = 0. For non-LoS channel

conditions, the reference path might be defined as the strongest path (cf. Section3.6.2), i.e.

largest|γl(x,y)|. According to the definition of̃τl(x,y), the reference path of each received

signalrc(t,x,y) arrives at timet= 0 for all (x,y).

The maximal change of the redefined path delays for a translation of ∆x in x-direction
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and of∆y in y-direction can be computed based on (7.3) and follows as

max |τ̃l(x,y)− τ̃l(x+∆x,y+∆y)|
= max |τl(x,y)− τl(x+∆x,y+∆y)+(τr(x+∆x,y+∆y)− τr(x,y))|
≤ max |τl(x,y)− τl(x+∆x,y+∆y)|+max |τr(x,y)− τr(x+∆x,y+∆y)|

= 2

√

∆2
x +∆2

y

c0
.

Thus, the redefined path delays accounting for temporal alignment must satisfy

τ̃l(x,y)−2

√

∆2
x +∆2

y

c0
≤ τ̃l(x+∆x,y+∆y) ≤ τ̃l(x,y)+2

√

∆2
x +∆2

y

c0
. (7.6)

Applying the linear approximation from (7.4) to the redefined path delays results in

τ̃l(x,y) ≈ τl(x0,y0)− τr(x0,y0)
︸ ︷︷ ︸

τ̃l(x0,y0)

+(ᾱl − ᾱr)
︸ ︷︷ ︸

αl

(x−x0)+
(

β̄l − β̄r

)

︸ ︷︷ ︸

βl

(y−y0) , (7.7)

where the redefined linear coefficientsαl andβl are given by

αl = ᾱl − ᾱr =
1

c0




x0 +al

√

(x0 +al)
2 +(y0 + bl)

2
− x0 +ar
√

(x0 +ar)2 +(y0 + br)2



 ,

βl = β̄l − β̄r =
1

c0




y0 + bl

√

(x0 +al)
2 +(y0 + bl)

2
− y0 + br
√

(x0 +ar)2 +(y0 + br)2



 . (7.8)

These coefficients measure the linear change of the path delays with (x,y) relative to the lin-

ear change of the reference path with(x,y), which implies thatαr = βr = 0. Let us assume

thatr = 1 andα2 = 0 implying ᾱ2 = ᾱ1, which means that the linearized delays of the first

and the second path change identically as function ofx. Upper and lower bounds onαl and

βl follow from the bounds on̄αl, β̄l, ᾱr, andβ̄r according to

− 2

c0
≤ αl ≤ 2

c0
and − 2

c0
≤ βl ≤ 2

c0
. (7.9)

7.4 Linearization of Path Gains

The path gains account for large scale effects and vary on a larger spatial scale than the path

delays [53,84]. Therefore, it is commonly assumed that the path gains stayapproximately
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constant for small changes of the TX position in the order of afew multiples of the carrier

wavelength5. In this thesis it is proposed to apply a first order Taylor series expansion in

order to approximate the path gains in the vicinity of a reference point(x0,y0) according to

γl(x,y) ≈ γl(x0,y0)+ ξl(x−x0)+ ζl(y−y0). (7.10)

The model parameters are a bias termγl(x0,y0), and the linear coefficientsξl andζl, which

account for the linear increase or decrease of thel-th path gain as the TX moves along thex

andy direction. In order to be able to predict the path gains for arbitrary TX positions, these

three parameters must be known for allL paths.

7.5 Simplified Input Output Relation

Inserting the linear models of the path gains in (7.10) and the path delays accounting for

temporal alignment in (7.7) in the input output relation in (7.1), the CR can be approximated

according to

rc(t,x,y) ≈
L∑

l=1

(γl(x0,y0)+ ξl(x−x0)+ ζl(y−y0))

· sl
c (t− τ̃l(x0,y0)−αl(x−x0)−βl(y−y0))+wc(t), (7.11)

where the6L linear model parameters are collected in the parameter set

ΥLM =
{

γl(x0,y0), ξl, ζl, τ̃l(x0,y0),αl,βl

∣
∣
∣
∣l = 1,2, . . . ,L

}

.

The knowledge ofΥLM and the signalssl
c(t) is sufficient to predict the deterministic part of

the CR caused by a TX located in the vicinity of a reference point (x0,y0). The accuracy of

this prediction depends on the accuracy of the input output relation (7.1), the linearization

accuracy and the accuracy of the estimates ofΥLM . In the following section, the estimation

of ΥLM is discussed.

5Note that fading due to multipath interference does not influence the individual path gains. This effect is
caused after summation over allL multipath components.
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7.6 Estimation of Linear Model Parameters

The estimation ofΥLM is partitioned into two steps. First, the path gains and pathdelays

of measuredCRsatK known TX positions{(x0,y0) ,(x1,y1) , . . . ,(xK−1,yK−1)} are esti-

mated. The joint estimation of path gains and path delays is discussed in Section7.6.1. Then

the linear model parameters are estimated from the obtainedpath gains and delays via the

least squares method. This step is discussed in Section7.6.2. The flow diagram in Fig.7.4

illustrates the estimation procedure.

rc (t,x0,y0) rc (t,xK−1,yK−1)

Estimation of gains and delaysEstimation of gains and delays
Temporal alignmentTemporal alignment

γ̂l(x0,y0) and ˆ̃τl(x0,y0)

for l = 1,2, . . . ,L

γ̂l(xK−1,yK−1) and ˆ̃τl(xK−1,yK−1)

for l = 1,2, . . . ,L

Υ̂LM

Least squares estimation

Fig. 7.4:Estimation procedure ofΥLM .

7.6.1 Joint Estimation of Path Gains and Path Delays

This section discusses the joint estimation of path gains and path delays based on a measured

CR at a fixed TX position. The dependence of the CR on(x,y) is neglected in the following
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for notational convenience. The received signal or CR for fixed TX and RX positions is

therefore given by

rc(t) =
L∑

l=1

γlsc (t− τl)+wc(t), (7.12)

where it is additionally assumed that the interactions are frequency independent resulting in

undistorted replicas ofsc (t). Most algorithms proposed in literature, which try to estimate

the path gains and path delays, are based on the input output relation in (7.12) and assume

undistorted replicas ofsc (t). The estimation algorithm used to calculate simulation results

in this thesis uses this assumption likewise. The impact of frequency dependent interactions

on the estimation quality is further discussed in Section7.7.

The parameter setψl , {γl, τl} collects path gain and path delay of thel-th path. The

objective is to estimate the parameter setΨ , {ψ1,ψ2, . . . ,ψL} based on the observation

of rc(t) in an interval[0,T ]. For ML parameter estimation, the log-likelihood functionof Ψ

given r(t) denoted byΛ(Ψ|rc(t)) is required. Assuming a zero mean and white Gaussian

processwc(t) with power spectral densityN0/2, the log-likelihood function is derived in [93]

and is given by

Λ(Ψ|rc(t)) =
1

N0




2

T∫

0

L∑

l=1

γlsc (t− τl)rc(t)dt−
T∫

0





L∑

l=1

γlsc (t− τl)





2

dt




 .

The corresponding ML parameter estimation rule follows as

Ψ̂ = argmax
Ψ

(Λ(Ψ|rc(t))) . (7.13)

This optimization problem is computationally difficult dueto the large number of parame-

ters, i.e. due to the high dimensionality ofΨ. There exist a number of iterative algorithms

like the space-alternating generalized expectation-maximization (SAGE) algorithm [94], or

the weighted Fourier transform and relaxation (WRELAX) algorithm [95], which are com-

putationally efficient and provide nearly optimal results.The main idea of these algorithms

is to transform the high-dimensional optimization problemto a series of one-dimensional

optimization problems, which are then iteratively solved.

For the results presented in this thesis, we apply the WRELAX algorithm, which esti-

mates the parameter setΨ by minimizing the nonlinear least squares cost function. This

corresponds to ML parameter estimation under the assumption of a zero mean and white
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Gaussian processwc(t). The inputs to this algorithm are sampled versions of the transmitted

signalsc(t) denoted bysc and the received signalrc(t) denoted byr c, the number of expected

pathsL, and the sampling ratefs. The output iŝΨ. In practice it is very important to have an

accurate measurement of the transmitted signalsc(t). For details about the implementation

of this algorithm and further information the interested reader is referred to [95].

It should be noted that the WRELAX and the SAGE algorithm are based on the input out-

put relation in (7.12) and, therefore, neglect the impact of frequency dependentinteractions.

The design and application of robust algorithms accountingfor frequency dependent interac-

tions is outside the scope of this thesis but recommended forfuture work in order to improve

the estimation performance. For example, in [85] the CLEAN algorithm [96] is modified

and used to estimate path gains, path delays, and angle of arrivals under the assumption of

frequency dependent interactions. This could be a startingpoint for future work.

7.6.2 Least Squares Estimation of ΥLM

In this section, least squares estimation of the linear model parametersΥLM based on esti-

mated path gains and delays atK TX positions is proposed. We discuss only the estimation

of the parameters for the linear model of thel-th path gain, since all other estimates follow

analogously. The linear model for thel-th path gain is repeated for convenience as

γl(x,y) = γl(x0,y0)+ ξl(x−x0)+ ζl(y−y0).

In general, the estimates of the path gains and delays will beerroneous, which is accounted

for by extending the linear model with an error term according to

γ̂l(x,y) = γl(x,y)+ ǫ= γl(x0,y0)+ ξl(x−x0)+ ζl(y−y0)+ ǫ,

whereγ̂l(x,y) denotes the estimate ofγl(x,y) andǫ denotes the estimation error. This error

is caused by the stochastic componentwc(t) of the measured CR and by limitations of the

path gains and delays estimation algorithm. Ifǫ can be modeled as a random variable, which

would require a model selection procedure like AIC using a large set of empirical estimation

errors, the ML estimates forγl(x0,y0), ξl, andζl can be derived. Further assuming a prior

distribution for the linear model parameters would allow for a Bayesian linear regression as

discussed in Chapter 3.3 of [32]. In this section, least squares estimation is proposed, which

corresponds to ML parameter estimation assuming a GaussianPDF forǫ.
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Let us assume thatK estimatesγ̂l(xk,yk) for k = 0, . . . ,K − 1 at known TX posi-

tions(xk,yk) in the vicinity of the reference point(x0,y0) are available. The joint estimation

of path gains and path delays from a measured CR has been discussed in Section7.6.1. The

corresponding sum-of-squares error function [32] is given by

RSQ(wl) =
1

2

K−1∑

k=0

(

γ̂(xk,yk)−wT
l pk

)2
,

where the linear model parameters are collected in the vector wT
l , [γl(x0,y0), ξl, ζl] and

the vectorpk is defined aspk , [1,xk −x0,yk −y0]T . Calculating the gradient ofRSQ(wl)

with respect towl, setting it to zero, and solving forwl gives the least squares estimatew⋆
l

according to

w⋆
l =

(

PT P
)−1

PT

︸ ︷︷ ︸

P†

tl, (7.14)

where the vectortl and the matrixP are defined by

tl , [γ̂l(x0,y0), . . . , γ̂l(xK−1,yK−1)]T andP ,








pT
0
...

pT
K−1







.

If the estimation of the linear model parameters of thel-th path delay is considered, then the

vectortl is defined bytl ,
[

ˆ̃τl(x0,y0), . . . , ˆ̃τl(xK−1,yK−1)
]T

. The matrixP† is known as the

Moore-Penrose pseudo-inverse ofP. The matrixP has dimensionsK times3, which implies

thatK ≥ 3 measurement locations are required in order to ensure that aunique solutionw⋆
l

exists. ForK = 3 the pseudo-inverseP† is equal to the inverse ofP.

Applying (7.14) to all 2 ·L vectorstl collecting theK estimated path gains and path

delays provides the least squares estimates for all linear model parametersΥLM . The pseudo-

inverseP† needs to be calculated only once. Note that this formulationassumes that theK

estimated path gains and path delays at different TX positions stacked intotl correspond to

thesamemultipath component, i.e. are caused by the same interacting object. The problem

of identifying associated path delays and path gains is called path pairingproblem and is

further discussed in the next section.
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7.6.3 The Path Pairing Problem

In Section7.6.1the joint estimation of gains and delays ofL multipath components from

a measured CR is discussed. In Section7.6.2least squares estimation of the linear model

parameters from a set of estimated path gains and path delaysatK different TX positions

is proposed. However, before least squares estimation can be applied, path pairing or path

association is required. Assume thatL path gains and path delays denoted byγ̂l (xk,yk)

and τ̂l (xk,yk) have been estimated atK known TX positions, wherel = 1,2, . . . ,L and

k = 1,2, . . . ,K. In order to obtain meaningful results from least squares estimation, it has to

be ensured that̂γl (xk,yk) and τ̂l (xk,yk) are associated to the same interacting object with

indexl for all k.

For simplicity let us assumeL = 2 multipath components andK = 2 TX positions re-

sulting in a set of four path delays and four path gains. The objective of path pairing is to

group this set into two sets consisting of two path gains and delays associated to the same

interacting object. In practice the following problems canarise:

1. At the second TX position a multipath component is detected from a new interacting

object, which has not been detected at the first TX position. This can happen, when

one of the detected paths at the first TX position is blocked atthe second TX position.

This can also happen due to fading effects caused by the influence of other multipath

components, which lead to existence (strong gain) and non-existence (weak gain) of

paths. This problem causes usually a large difference between the estimated path de-

lays at different TX positions. Thus, by applying the boundson the path delays derived

in (7.3) or (7.6) this estimation error can be identified provided the two TX positions

are close to each other.

2. If the two path delays at each TX position are very similar,i.e. the difference is smaller

than the bounds in (7.3) and (7.6), then it is not possible to associate the paths prop-

erly. In such a case it is likely that the path delays as function of the TX position

are intersecting. Thus, for other TX positions the difference between the path delays

should increase again. If the difference does not change with the TX position then both

identified paths could be associated to a single interactingobject.

In a dense multipath environment these two effects make pathpairing cumbersome due to

the large number of multipath components and diffuse scattering. Increasing the bandwidth

of sc(t), i.e. increasing the temporal resolution, decreases the probability of multipath fading

and mitigates the first problem. However, increasing the bandwidth of sc(t) increases the
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impact of frequency dependent interactions, which causes larger estimation errors of the

SAGE and WRELAX algorithm.

The following paragraph proposes a technique borrowed fromdigital image processing,

which mitigates the need for path pairing.

The Hough Transform A promising solution to the path pairing problem is the Hough

transform, which is a feature extraction technique used in digital image processing [97,98].

The purpose of this method is to find geometrical shapes in an image by a voting procedure.

Originally, the Hough transform was designed to detect straight lines but later on it was

extended to detect also more complex shapes like circles or ellipses.

In order to be able to apply the Hough transform, the estimation of the linear model pa-

rametersΥLM from a set of estimated path gains and path delays at different TX positions is

reformulated as straight line detection problem. The TX antenna is moved along thex-axis

such thatCRsare measured atK known grid points denoted by(x0 +xk,y0). The WRELAX

algorithm6 is applied to each CR producingK ·L path gains and delays, which are given by

γl(x0 +xk,y0) = γl(x0,y0)+ ξlxk for l = 1, . . . ,L and k = 1, . . . ,K,

τ̃l(x0 +xk,y0) = τ̃l(x0,y0)+αlxk for l = 1, . . . ,L and k = 1, . . . ,K.

These equations describeK ·L points onL lines in the(γl(x,y0),x) plane with slope param-

etersξl and intercept parametersγl(x0,y0), andK ·L points onL lines in the(τ̃l(x,y0),x)

plane with slope parametersαl and intercept parametersτ̃l(x0,y0).

Each straight line in the(τ̃l(x,y0),x) plane can be represented as a single point

(τ̃l(x0,y0),αl) in the corresponding parameter space. The case of vertical lines implying in-

finite slope parameters is ruled out by the bounds onαl given in (7.9). The Hough transform

algorithm uses a two-dimensional accumulator array with quantized values of the parameters

α andτ̃(x0,y0). For each pair(τ̃l(xk,y0),xk) the bins in this array corresponding to possible

line parameters are increased by one. After processing allK ·L estimated path delays, the

bins with the highest values indicate the most likely line parameters. For more details on the

Hough transform, the interested reader is referred to [97,98].

The advantage of the Hough transform over least squares estimation is that path pairing

is not required. The drawback is that the Hough transform is less robust against estimation

errors than least squares estimation.

6Any other algorithm, which jointly estimates the path gainsand path delays, can also be applied.
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7.7 Experimental Analysis of Prediction Accuracy

In order to assess the quality of CR prediction based on the proposed linear approximations

of the path gains and path delays, dedicated CR measurements in an anechoic chamber with

two metallic reflectors are performed. Note that path pairing is not an issue in this experiment

due to the controlled propagation environment with only three multipath components.

7.7.1 Measurement Campaign in Anechoic Chamber

The time-domain correlation method described in Chapter3 is used to estimateCRs. Fig. 7.5

shows the block diagram of the measurement setup. Information about the individual hard-

ware blocks can be found in Table7.1.

Clock

PN
Generator

8 GHz

ScopeLNAPAMP
Attenuator

10 dB

TX Antenna
RX Antenna

Fig. 7.5:Block diagram of measurement setup.
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Fig. 7.6:Measurement scenario with two metallic reflectors, fixed receive antenna, and
transmit antenna mounted on a positioning device.

The measurement scenario (left) and the corresponding two-dimensional floor plan (right)

are depicted in Fig.7.6. The cross marks the position of the receive antenna at the origin and

the dots mark some of the positions of the transmit antenna. The same positioning device
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Device Parameters Values

Tektronix DPO 72004 sampling rate 50 GS/s
input filter bandwidth 0 - 6 GHz
horizontal resolution 1 µs/div
vertical resolution 200 mV/div

Skycross Antennas height 1.95 m
SM3TO10MA
PN Generator bit period 1/8 ns
Centellax TG1P1A order 15

PN sequence duration ≈ 4096 ns
PAMP gain 30 dB
Mini Circuits ZVE-8G bandwidth 2 - 8 GHz

1 dB compression point 30 dBm
LNA gain 42 dB
Mini Circuits AFS5 bandwidth 0.1 - 8 GHz

noise figure 1.4 dB
1 dB compression point 10 dBm

Table 7.1:Hardware equipment and parameters.

as for the measurements described in Chapter3 is used. The transmit antenna is moved on

a 1 cm grid over an area of0.28 m times0.28 m. The total number of measuredCRs is

29 · 29 = 841. The two metallic reflectors are indicated with lines in the floor plan. The

measurement SNR is approximately70 dB with the SNR definition in (4.2).

In order to get reliable results from the WRELAX algorithm the transmit signalsc(t) must

be known. Note that this signal comprises the impulse responses of cables,10 dB attenuator,

PAMP, transmit antenna, receive antenna, and LNA. The signal sc(t) is also measured in the

anechoic chamberwithout reflectors. In order to mitigate any remaining artifacts caused by

the RX antenna mounting and the positioning device, the signal sc(t) is averaged over all

841 grid positions. Note that this averaging requires temporalalignment.

Fig. 7.7depicts the averaged transmit signalsc(t) with the dashed curve andrc (t,(x0,y0))

with the solid curve. Note that these are passband signals with a frequency range from

approximately2 to 6 GHz. The sampling frequency is50 GHz. For visualization purpose

the signals are scaled such that the maximum absolute value of both is one. The reference

point (x0,y0) is chosen as the center point of the transmit grid depicted inFig. 7.6. The

exact coordinates of this center point are(x0,y0) = (−0.032,−2.227) m. The two reflected

paths from the metallic reflectors are clearly visible in Fig. 7.7. The second path arrives

approximately3 ns after the direct path (first path) and is associated to the reflector almost

parallel to they-axis. The third path arrives approximately10 ns after the first path and is

123



Chapter 7 Efficient Training Phase

 

 

t in ns

1

0

−1

−0.5

0.5

10 15 20

tr
an

sm
itt

ed
an

d
re

ce
iv

ed
si

gn
al

s

rc (t,(x0,y0))

sc(t)

Fig. 7.7:Measured received and transmit signals in anechoic chamberwith two reflectors.

associated to the other reflector. Note that the arrival of the direct path, which is defined

as the maximum absolute value, is artificially set tot = 10 ns by the temporal alignment

procedure.

7.7.2 Figures of Merit

For performance analysis, we consider the following three sets ofCRs:

1. MeasuredCRsare denoted byr c,meas(x,y) and result from the measurement campaign

described above. The measuredCRsinclude frequency dependent interactions. Due

to the high measurement SNR of70 dB the stochastic component (noise) is assumed

to be negligible andr c,meas(x,y) are considered as the trueCRs.

2. PredictedCRsare denoted byr c,pred((x,y) ,K). First the parametersΥLM of the lin-

ear models of path gains and path delays are estimated based on K measuredCRs

at known TX positions. Hencer c,pred(x,y,K) depends onK. Then the simplified

input output relation in (7.11) is used to calculated theCRs, where frequency depen-
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dent interactions are neglected, i.e.sl
c(t) = sc(t). The geometry of the propagation

environment (floor plan information) is not required for this prediction.

3. TheoreticalCRs are denoted byr c,theo(x,y) and are obtained by ray tracing. The

geometry of the reflectors and the positions of RX and TX have been measured in the

anechoic chamber by using a laser measurement device and a measuring tape. With

this information it is possible to construct the two-dimensional floor plan depicted in

Fig. 7.6. The geometrical parametersal andbl for all three paths are calculated based

on the measured geometry and are listed in Table7.2. Consequently, the corresponding

path delays for all TX grid points can be calculated applyingequation (7.2). The

reflection coefficients of the two metallic interacting objects are assumed to be−1 for

all frequencies. The PL of thel-th path depending on center frequency, bandwidth and

TX position is approximated by

PLl (fc,B,x,y) ≈ 1

(4π)2
(

f2
c − B2

4

)

(τl(x,y))2
=

(

γconst

τl(x,y)

)2

,

which is obtained by averaging PL(f,d) over the used spectrum. The path gain

γl(x,y) is given by the product of thel-th reflection coefficient and the square root

of PLl (fc,B,x,y). The theoreticalCRsare calculated according to equation (7.1),

where frequency dependent interactions are neglected implying sl
c(t) = sc(t).

In order to assess the prediction performance, the inner product between normalized ver-

sions of these threeCRsare used.

1. The inner productρmeas-pred(x,y,K) between measured and predictedCRsis defined

by

ρmeas-pred(x,y,K) ,
rT

c,meas(x,y) r c,pred(x,y,K)

‖r c,meas(x,y)‖
∥
∥
∥r c,pred(x,y,K)

∥
∥
∥

and measures the prediction accuracy. Deviations are caused by the linearization of

path gains and path delays, by erroneous estimation ofΥLM including WRELAX er-

rors caused by neglecting frequency dependent interactions and antenna patterns, and

by the multipath approximation of electromagnetic wave propagation.

2. The inner productρmeas-theo(x,y) between measured and theoreticalCRsis defined by

ρmeas-theo(x,y) =
rT

c,meas(x,y) r c,theo(x,y)

‖r c,meas(x,y)‖
∥
∥
∥r c,theo(x,y)

∥
∥
∥
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and measures the ray tracing accuracy. Deviations are caused by measurement errors

of the geometry of the propagation environment, by neglecting frequency dependent

interactions and antenna patterns, and by the multipath approximation of electromag-

netic wave propagation.

3. The inner productρtheo-pred(x,y,K) between theoretical and predictedCRsis defined

by

ρtheo-pred(x,y,K) =
rT

c,theo(x,y) r c,pred(x,y,K)
∥
∥
∥r c,theo(x,y)

∥
∥
∥

∥
∥
∥r c,pred(x,y,K)

∥
∥
∥

and measures the similarity of theoreticalCRsobtained by ray tracing and predicted

CRs. Deviations are caused by measurement errors of the geometry of the propagation

environment, by the linearization of path gains and path delays, and by erroneous

estimation ofΥLM .

7.7.3 Performance Results

The WRELAX algorithm is applied to estimate the three path gains and path delays of

rc (t,(x0,y0)). Fig. 7.8depicts the result of the WRELAX algorithm together with the mea-

sured received signal. From visual inspection it can be seenthat the reconstruction is almost

perfect. There are, however, visible reconstruction errors aroundt = 14 ns andt = 22 ns.

These errors are most likely caused by signal distortions due to frequency dependent reflec-

tion coefficients.

Path Delay [ns] Theoretical Estimated Geometrical Parameters
Path Index (Ray Tracing) (WRELAX) al bl c0ᾱl c0β̄l

τ̃1(x0,y0), l = 1 0 0 0 0 -0.014 -0.999
τ̃2(x0,y0), l = 2 3.335 3.332 -2.45 0.15 -0.765 -0.644
τ̃3(x0,y0), l = 3 10.095 10.100 1.19 -2.90 0.220 -0.976

Table 7.2:Comparison between ray tracing (theoretical path delays) and estimated path de-
lays for the point(x0,y0).

Table7.2summarizes the temporally aligned path delays for the reference point(x0,y0).

These path delays are obtained once by ray tracing and once byapplying the WRELAX

algorithm to the measured CRrc (t,(x0,y0)). The parametersal andbl describing the ge-

ometry of the interacting objects are also stated in Table7.2. Furthermore, the theoretical

linear coefficients without temporal alignmentc0ᾱl andc0β̄l are given, wherēαl andβ̄l are
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Fig. 7.8:Measured received signal in anechoic chamber with two reflectors and WRELAX
reconstruction result.

multiplied withc0 for a better presentation. It can be observed from Table7.2that the WRE-

LAX algorithm is able to accurately estimate the theoretically expected path delays. Note

that the time resolution of the WRELAX algorithm is not limitedby the sampling frequency,

because the estimation is performed in the frequency domain[95].

Table7.3summarizes the parameters of the linear model of the path delays. These param-

eters are once obtained by ray tracing using equation (7.8) with the geometrical parameters

in Table7.2 and once by least squares estimation usingK measuredCRsin the vicinity of

the reference point(x0,y0). It can be observed from Table7.3that the ray tracing results and

the estimation results agree very well for the second path but deviate slightly for the third

path. Especially,c0α3 shows a deviation of around0.05, which may be due to an inaccurate

measurement of the geometry of reflector two. Further, it canbe seen that increasingK

does not change the linear model parameters significantly. This indicates that alreadyK = 3

measurements are sufficient to obtain accurate estimates ofthe linear model parameters.

Table 7.4 lists the path delays for the lower left corner point(x0 − 0.14,y0 − 0.14)
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Linear Model Theoretical Estimated (Least Squares)
Parameters (Ray Tracing) K = 3 K = 9 K = 16

τ̃2(x0,y0) 3.335 ns 3.332 ns 3.332 ns 3.332 ns
c0α2 -0.751 -0.758 -0.760 -0.755
c0β2 0.355 0.376 0.379 0.380

τ̃3(x0,y0) 10.095 ns 10.100 ns 10.100 ns 10.100 ns
c0α3 0.234 0.175 0.183 0.187
c0β3 0.023 0.012 0.014 0.015

Table 7.3:Comparison between linear model parameters obtained from ray tracing and from
measured CRs via least squares estimation.

Path Delay [ns] Theoretical Estimated Predicted
(Ray Tracing) (WRELAX) K = 3 K = 16

τ̃1(x0 −0.14,y0 −0.14) 0 0 0 0
τ̃2(x0 −0.14,y0 −0.14) 3.506 3.500 3.510 3.507
τ̃3(x0 −0.14,y0 −0.14) 9.970 9.997 10.013 10.006

τ̃1(x0 +0.14,y0 +0.14) 0 0 0 0
τ̃2(x0 +0.14,y0 +0.14) 3.135 3.130 3.153 3.157
τ̃3(x0 +0.14,y0 +0.14) 10.209 10.188 10.187 10.195

Table 7.4:Comparison between ray tracing (theoretical path delays), estimated path delays
via WRELAX, and predicted path delays for upper right and lowerleft corner
point.

and the upper right corner point(x0 + 0.14,y0 + 0.14) of the transmit grid. The path

delays are once obtained by ray tracing, once by applying theWRELAX algorithm to

rc (t,(x0 ±0.14,y0 ±0.14)), and once by using the linear model for prediction. The pa-

rameters of the linear model are estimated fromK measuredCRsin the vicinity of (x0,y0).

It can be observed from Table7.4that the predicted path delays match very accurately to the

estimated and to the theoretical ones. These results confirmthat the approximation error in-

duced by the linearization of the path delays is indeed negligible for the considered geometry

and propagation environment.

Fig. 7.9 depicts the inner product matrixρtheo-pred(x,y,3) for all measured TX position.

The predicted CRs are based on linear model parameters estimated fromK = 3 measured

CRs at grid points(x0,y0), (x0 +0.01,y0), and(x0,y0 +0.01). It can be seen that the inner

products decrease with the Euclidian distance to the reference point(x0,y0) due to increas-

ing linearization errors. However, as the smallest inner product is0.96, it can be concluded

that both linear approximations for gains and delays are accurate and applicable for the con-

sidered geometry and propagation environment.
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Fig. 7.9: Inner product between theoretical and predicted CRs forK = 3.
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Fig. 7.10:Inner product between measured and theoretical (left) and measured and predicted
(right) CRs forK = 3.

Fig. 7.10 depicts the inner product matricesρmeas-theo(x,y,3) andρmeas-pred(x,y) for all

measured TX position. The predicted and theoretical CRs are the same as in Fig.7.9.

The inner productsρmeas-theo(x,y,3) range from0.95 to 0.99 and ρmeas-pred(x,y) range

from 0.96 to 0.99. Due to the marginal decrease of the inner products the following con-

clusions can be drawn:

1. The multipath approximation of electromagnetic wave propagation is accurate and

applicable for large metallic reflectors.

2. The frequency dependent interactions are negligible forthe considered frequency band

from 2 GHz to6 GHz and metallic reflectors.

3. The antenna patterns of the applied UWB antennas are negligible.

4. The linear approximation of the path gains and path delaysis accurate and applicable
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for the considered transmit area.
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Fig. 7.11:Measured and predicted CRs for smallest inner product (left) and largest inner
product (right) inρmeas-pred(x,y,3).
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Fig. 7.12:Snapshots of measured and predicted CRs for smallest inner product (left) and
largest inner product (right) inρmeas-pred(x,y,3).

Fig. 7.11 depicts the CRs for the smallest and the largest inner productsin

ρmeas-pred(x,y,3). The smallest inner product appears at(x0 + 0.14,y0 + 0.14) in the lower

right corner7 of the right plot in Fig.7.10and the largest inner product appears at the center

point (x0,y0). Fig. 7.12depicts snapshots of these CRs around the direct path. In this figure

the worse prediction of the second path in the left plot compared to the right plot is clearly

visible.

7This corresponds to the upper right corner of the transmit grid depicted in Fig.7.6.
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7.8 Parameter Estimation based on Predicted Channel

Responses

So far, a technique for the prediction of CRs at arbitrary TX positions has been developed and

the prediction accuracy has been studied. The main purpose of CR prediction in this thesis

is the estimation of the parametersΘm of the conditionalPDFsfm (y|Hm). These estimates

could be used, for example, to initialize the EM algorithm proposed in Chapter6. The

remaining steps are the prediction of sufficiently many CRs from allM regions, calculation

of the respective location fingerprints, and application ofthe same empirical ML parameter

estimation rules as proposed Section4.4.1and Section5.5.1.

As an example, we consider location fingerprints obtained with a coherent RX as proposed

in Chapter4. The corresponding stochastic model for the location fingerprints is complex-

valued jointly Gaussian withΘm = {µm,Σm,Zm}. The mean vector does not become zero

for the measurements in the anechoic chamber, because the temporal alignment can be per-

formed very accurately due to the negligible impact of multipath fading of succeeding paths

on the reference (direct) path. Hence, it can be expected that the reference path produces a

strong mean component.
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Fig. 7.13:Real parts (left) and imaginary parts (right) of the mean vectors of measured and
predicted location fingerprints for a coherent RX.

Fig. 7.13depicts the real parts and the imaginary parts of the mean vectors, which are ob-

tained from841 measured location fingerprints and from841 predicted location fingerprints.

The linear model parametersΥLM are estimated fromK = 3 measured CRs with the least

squares method. It can be seen that the measured and predicted curves show a very good

match. As expected, the first path (reference path) has a strong mean component. How-
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ever, also the third path exhibits a mean component, whereasthe second path does not have

a mean component. This can be explained by different delay variations of the second and

third relative to the direct path. The maximal delay differences between the lower left and

upper right corner points of the transmit grid are given in Table 7.4. The second path has

a maximal delay difference of roughly0.4 ns, whereas the third path has a maximal delay

difference of roughly0.2 ns. Since the carrier frequency is4 GHz, which implies a carrier

period of0.25 ns, the third path cannot be averaged over a full carrier period. This explains

the mean component of the third path.
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Fig. 7.14:Absolute values of the covariance matrices of measured (left) and predicted (right)
location fingerprints for a coherent RX.

Fig. 7.14shows absolute values of the covariance matrices of measured and predicted loca-

tion fingerprints for a coherent RX. Only the second path provides a significant contribution

to the covariance matrix, since the direct and the third pathhave a mean component. Visual

inspection confirms that the predicted covariance matrix provides a very good match to the

measured covariance matrix. The Frobenius norm of the difference of these two matrices

results in0.07, which further indicates the similarity of these two matrices.

7.9 Summary and Conclusions

It can be concluded from this experimental analysis in a controlled propagation environment

that the multipath approximation is accurate, the impact offrequency dependent interactions

and antenna characteristics is negligible, and that the linearization of path gains and path

delays is applicable for the region dimensions of interest.These conclusions hold for the

considered frequency band and reflecting objects.
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Further, it is shown that the estimation of the linear model parametersΥLM can be accu-

rately performed by the proposed two step approach withK = 3 measured CRs at known TX

positions. CRs at arbitrary TX positions can be predicted withthe linear model usinĝΥLM .

The parameter setΘm of the stochastic location fingerprint model are then estimated based

on arbitrary many predicted training signals. Hence, the training phase requires only the

measurement of three CRs at known TX positions for each region.This holds for all kind of

location fingerprints and stochastic models.

Moreover, it is shown that the deterministic components of the CRs can be predicted

based on a floor plan. The theoretical CRs, which are calculatedvia ray tracing, match

very well to the measured CRs. Reflections from floor, ceiling, walls, and large objects

can be predicted this way irrespective of the remaining propagation environment causing the

stochastic channel components.

The crucial part of this efficient parameter estimation method is the identification of mul-

tipath components in a propagation environment with more and densely spaced multipaths

as discussed in Section7.6.3. We propose the Hough transform as potential means to solve

this problem. The experimental evaluation of the prediction and parameter estimation accu-

racy in an office or an industrial propagation environment isoutside the scope of this thesis

but definitely an important open item. The objective of this chapter is merely to introduce

the ideas, required theoretical concepts, and estimation algorithms and to evaluate them in a

controlled propagation environment.

It would be also conceivable to use the linear model parameters directly as location fin-

gerprints, which implies that a set of path gains and path delays in conjunction with the

corresponding linear coefficients fully describe a region.The development and analysis of

such a scheme is, however, outside the scope of this thesis.
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Conclusions and Outlook

8.1 Conclusions

Location fingerprinting is a promising alternative to geometrical position location approaches

in dense multipath propagation environments with possiblenon-LoS conditions. However,

state-of-the-art location fingerprinting systems suffer from low accuracy and precision due

to the use ofRF signals with too small bandwidth, which implies location fingerprints with

few degrees of freedom per anchor. The only possibility for such systems to achieve more

degrees of freedom, is the deployment of additional anchorsat the expense of hardware and

infrastructure complexity as discussed in Chapter1.

It is envisioned that location fingerprints extracted fromUWB RF signals provide high

position location accuracy and precision with a single anchor due to many available degrees

of freedom. It is also expected that the multipath structure, which carries position location

information, can be resolved in time and, thus, utilized forlocalization. This thesis features

the first comprehensive study of location fingerprinting forUWB systems, confirms these

visions and expectations with extensive experimental and theoretical results, and proposes

the first location fingerprinting system in literature, which is able to operate with a single

anchor. A theoretical location fingerprinting framework isdeveloped that generalizes all

location fingerprinting methods, which are based on the Bayesian paradigm, and supports

the systematic derivation and analysis of optimal localization (classification) algorithms. A

distinct advantage of the proposed Bayesian framework over other classification tools like

neural networks or support vector machines is the possibility to optimally combine multiple

observations per agent by summation of log-likelihood values, which corresponds to a joint

evaluation of soft decisions. Neural networks and support vector machines support only the

suboptimal joint evaluation of hard decisions.
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Location fingerprinting with two specificUWB RX structures is investigated: a coherent

RX and a low complexity generalizedED RX. Experimental performance results based on

measuredCIRsdemonstrate that bothUWB RX structures provide excellent position loca-

tion and clustering performance in a dense multipath propagation environment with non-LoS

conditions. It is found that theMV circular symmetric GaussianPDFis an accurate stochas-

tic location fingerprint model of a coherentRX. Experimental performance results show

that the performance can be significantly enhanced by accounting for channel tap correla-

tions. For a generalizedED RX, it is found that the GammaPDF, the Log-normalPDF, and

the MV Log-normalPDF are accurate stochastic descriptions of the location fingerprints.

Among thesePDFsonly theMV Log-normalPDFaccounts for correlations among energy

samples. The experimental analysis shows that the best performance is achieved with the

MV Log-normalPDF.

An experimental performance study reveals a major shortcoming of UWB based location

fingerprinting systems, which is the high complexity of the training phase. In order to combat

this problem, it is proposed to extend the location fingerprinting framework with mixture

models, such that iterative algorithms are applicable. It is noteworthy that such an extension

is only supported by the proposed theoretical framework based on a Bayesian formulation.

Specifically, theEM algorithm is applied and experimental performance resultsdemonstrate

that significant performance gains are achievable, if only few training signals are available.

In the last chapter, we propose to exploit a priori knowledgeabout the propagation en-

vironment to further increase the efficiency of the trainingphase. It is shown thatCRsat

arbitraryTX positions can be predicted based on either a floor plan or a geometrical channel

model. The parameters of this model can be estimated from three measuredCRsat known

TX positions. The prediction accuracy is evaluated experimentally in a controlled propaga-

tion environment. It is concluded that both techniques are able to accurately predictCRs,

which can be further used as training signals.

In order to implement an efficient and robust location fingerprinting system, it is recom-

mended to use predictedCRs in order to obtain initial parameter estimatesΘm[0] for all

regions, which are required by theEM algorithm. During the localization phase many loca-

tion fingerprints containing also information about the stochastic and unpredictable channel

components are observed. Those location fingerprints are utilized via theEM algorithm to

learn the parts of the parameter setsΘm, which are caused by stochastic channel components.

Finally, such a system would constantly improve over time for a static propagation scenario

and, moreover, would be able to cope with small changes of thepropagation environment by

constantly adaptingΘm based on new observations and forgetting old location fingerprints.
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8.2 Outlook on Future Research

In the following, the most interesting and relevant open topics from the author’s perspective

are shortly discussed in order to initiate further researchin the field of location fingerprinting

for UWB systems.

Time Varying Propagation Channels It has to be distinguished between two types of time

variations. Time variations caused by moving objects like people cause random distortions

of the location fingerprints as discussed in Section4.3.2. Such distortions can be mitigated,

for example, by collecting multiple location fingerprints per agent. If the propagation en-

vironment changes deterministically, for example, by relocation of large objects, it might

become necessary to redo the training phase. Future research should study the ability of

the EM algorithm to adapt to such significant and permanent changesof the propagation

environment.

Number and Dimensions of Regions Increasing the number of regions (surveillance

area) will most likely lead to a performance degradation, i.e. largerPe andDe. However,

the performance results in Section5.7.5and Section4.6.4indicate a graceful performance

degradation, since most classification errors happen amongneighboring regions. Therefore,

it can be expected thatDe increases only very slowly withM . Future research should con-

firm these expectations via further experimental results. Moreover, it would be interesting to

develop a theoretical framework, which enables the derivation of optimal region dimensions

and placements for a given propagation environment.

Efficient Training Phase In Chapter7, it is experimentally shown that the deterministic

part of CRs can be predicted within a region of29 cm times29 cm with high accuracy

based on three measuredCRs. The experiment has been performed in an anechoic chamber

with two metallic reflectors, such that only three multipathcomponents are existent. The

crucial part of this prediction method is the association ofpath gains and path delays, es-

timated at differentTX position, as discussed in Section7.6.3. This is not an issue for the

controlled propagation environment but becomes relevant in an environment with dense mul-

tipath propagation like an office or industry hall. An experimental analysis of the prediction

performance in such an environment is therefore recommended.
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Prototype An important next step would be the implementation of a location fingerprinting

prototype system in real time. With such a prototype the impact of realistic error sources like

time varying propagation channels and interference can be studied.

Cooperative Location Fingerprinting To the best of the author’s knowledge cooperative

location fingerprinting has not been investigated or proposed so far. The main reason might

be the centralized nature of location fingerprinting due to large databases and centralized

processing, which makes it difficult to develop distributedschemes. A big advantage of lo-

cation fingerprinting withUWB signals, is the need for only one anchor, which stores the

database and does the whole processing. Therefore, it mightbe interesting to develop coop-

erative location fingerprinting schemes, where some agentshave anchor capabilities. This is

especially important for low complexity anchors employinga generalizedED RX, where co-

operation might be the key to obtain better performance results. Such a cooperative scheme

would require the dissemination of the database to these agents only once and afterwards the

continuous dissemination of region/cluster information and location fingerprints.
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A Distance Matrix for UWB Channel

Measurement Campaign

The approximate22 × 22 distance matrixD, which corresponds to the measurement cam-

paign described in Chapter3, is given below in meters.

D =











d1,1 d1,2 d1,3 . . .

d1,2 d2,2 d2,3 . . .

d1,3 d2,3 d3,3 . . .
...

...
...

. . .











.

The diagonal entriesdi,i are given by

di,i =
√

0.272/12+0.562/12 ≈ 0.18 m,

which corresponds to theRMSerror of a two-dimensional uniform distribution with lengths

0.27 m times0.56 m.
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

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... 0.18 0.37 0.74 2.45 5.34 8.34 9.34 11.34 16.34 15.34 14.34 12.34 11.34 9.34

... 0.18 0.37 2.37 5.34 8.34 9.34 11.34 16.34 15.34 14.34 12.34 11.34 9.34

... 0.18 2.34 5.34 8.34 9.34 11.34 16.34 15.34 14.34 12.34 11.34 9.34

... 0.18 3 6 6.32 7.21 10 8.54 10 8 6 4

... 0.18 3 3.61 5 8.54 8 8.54 5.83 5 3.61

... 0.18 2 4 8 8.73 10.63 9.22 8.06 7.28
... 0.18 2 6 6.95 9.22 8.06 7.28 7

... 0.18 4 5.32 8.06 7.28 7 7.28

... 0.18 3.5 7 7.28 8.06 9.22

... 0.18 3.5 4.03 5.32 6.95

... 0.18 2 4 6

... 0.18 2 4

... 0.18 2

... 0.18

































































.
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B Akaike’s Information Criterion

It is assumed that the samples of the equivalent basebandCIR are distributed according to

an originalPDF f , which is called the operating model. The operating model isusually

unknown, since only a finite number of observations (realizations) is available. Therefore,

approximating probability models must be specified using the observed data, in order to

estimate the operating model. The approximating models aredivided into families, where

each family is specified by a set of parameters, e.g. mean and variance for the Gaussian

family or degrees of freedom for the Chi-square family. An approximating family is denoted

asgk
Θ, where the subscriptΘ stands for theU -dimensional parameter vector, which specifies

the PDF. The collection of all a priori defined approximating families k ∈ {1,2, . . . ,K}
forms the candidate set.

It is intuitive that the number of free parametersU determines the flexibility of the models,

and therefore also the approximation quality. However, these parameters must be estimated

from a finite number of observations. It is again intuitive that the estimates become worse, if

more parameters have to be estimated from the same number of observations. Therefore, the

approximation of the operating model has two sources of errors or discrepancies:

1. Discrepancy due to approximation: This is the discrepancy between the operating

model and the best approximating model within a family. Thus, this discrepancy is

the lower bound on the discrepancy between the operating model and the approximat-

ing family. Since the operating model is generally unknown,it is impossible to find

the best approximating model.

2. Discrepancy due to estimation: This is the discrepancy between the best approximating

model and a fitted model with estimated parameters from a finite number of observa-

tions. This quantity depends on the actual observations andwould change for different

observations. Hence, it constitutes a random variable.

The overall discrepancy is a function of these two discrepancies. Therefore, it is necessary

to take both discrepancies into account, when approximating families with different com-

plexity (differentU ) are compared. The discrepancy due to approximation becomes smaller
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B Akaike’s Information Criterion

for more complex models, whereas the discrepancy due to estimation becomes larger. The

challenge in selecting the best approximating probabilitymodel is to find an appropriate

compromise between these two effects.

In practice, none of these discrepancies can be computed. Moreover, the overall discrep-

ancy is a random quantity. It would be of interest to compute the expected value of the

overall discrepancy for a given number of observations, which is still impossible, since the

operating model is unknown. However, the expected discrepancy can be estimated and the

corresponding estimator is called a model selection criterion. The expected discrepancy is

generally a complex quantity depending on the operating model, the approximating family,

the parameter estimation method, and the number of available observations.

In information theory, the Kullback-Leibler distanceD
(

f ||gk
Θ

)

is a measure for the dif-

ference between the twoPDFsf andgk
Θ and is given by

D
(

f ||gk
Θ

)

= E[logf(X)]−E
[

loggk
Θ(X)

]

=
∫

f(x) logf(x)dx−
∫

f(x) loggk
Θ(x)dx

= −h(X)−
∫

f(x) loggk
Θ(x)dx,

where the random variableX is distributed according to the original but unknownPDFf ,

andh(·) denotes differential entropy. This distance measure is notdirectly applicable, since

the originalPDFf is not known. It is known, however, that the Kullback-Leibler distance is

nonnegative, i.e.D
(

f ||gk
Θ

)

≥ 0.

The term−∫ f(x) loggk
Θ(x)dx is called Kullback-Leibler discrepancy and approaches the

differential entropy ofX from above for increasing approximation quality of the model gk
Θ,

which can be seen from

−
∫

f(x) loggk
Θ(x)dx= h(X)+D

(

f ||gk
Θ

)

. (B.1)

The Kullback-Leibler distanceD
(

f ||gk
Θ

)

becomes smaller and smaller and the differential

entropy ofX is reached if and only iff = gk
Θ.

Applying the weak law of large numbers, expression (B.1) can be approximated by av-

eraging the log-likelihood values given the modelgk
Θ over N independent observations

x1,x2, . . . ,xN according to

−
∫

f(x) loggk
Θ(x)dx≈ − 1

N

N∑

n=1

loggk
Θ(xn). (B.2)
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The Kullback-Leibler discrepancy (B.1) depends also on the estimated parameter vectorΘ,

which is itself a function of the actual observationsx1,x2, . . . ,xN . If another set of observa-

tionsx̃1, x̃2, . . . , x̃N is used, a different Kullback-Leibler discrepancy is obtained. Therefore,

the expected Kullback-Leibler discrepancy is defined by

−EΘ

[∫

f(x) loggk
Θ(x)dx

]

, (B.3)

where the expectation is taken with respect to the distribution of the estimated parameter

vectorΘ. Expression (B.3) has to be minimized over the candidate set, in order to find the

best approximating model. As stated, expression (B.3) cannot be computed exactly, but has

to be estimated.AIC is an approximately unbiased estimator for (B.3) and is given by [61]

AICk = 2U −2
N∑

n=1

loggk
Θ̂

(xn). (B.4)

The parameter vectorsΘ for each family should be estimated using the minimum discrep-

ancy estimator̂Θ, which minimizes the empirical discrepancy. This is the discrepancy be-

tween the approximating model and the model obtained by regarding the observations as

the whole population. TheML estimator is the minimum discrepancy estimator for the

Kullback-Leibler discrepancy.

The Akaike Weights{ω1,ω2, . . . ,ωK} are computed following [59] using (B.4), in order

to compare the competing candidate families and select the best approximating distribution.

The Akaike Weightωk is given by

ωk =
exp

(

−Ωk
2

)

∑K
i=1 exp

(

−Ωi
2

) , with Ωk = AICk − min
i=1,2,...,K

AICi.

The Akaike Weightωk can be interpreted as estimate for the probability that thek-th candi-

date family shows the best modeling quality.
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C Derivation of Approximation ( 5.5)

We start by repeating the characteristic functionΨ(s), which is given by

Ψ(s) =
I∏

i=1

(1+2sλi)
−1/2 exp

(

− sγ2
i λi

1+2sλi

)

for s= −ıω.

Note the different definition ofs in comparison tot in (5.3). Applying the inverse Fourier

transform to this characteristic function the PDFf(y) is obtained as

f(y) =
1

2πı

ı∞∫

−ı∞

exp(sy)
I∏

i=1

(1+2sλi)
−1/2 exp

(

− sγ2
i λi

1+2sλi

)

ds. (C.1)

Let us define the variablex for a givenλi according to

x,
1

2sλi
.

We will use the following Taylor series expansions aroundx= 0:

1

1+x
= 1−x+x2 −x3 + . . .= 1−x+E

(

x2
)

,

(1+x)−1/2 = 1− x

2
+E

(

x2
)

,

exp
(

ax+E
(

x2
))

= 1+ax+E
(

x2
)

for a > 0. (C.2)

The error termE
(

x2
)

states that the smallest exponent ofx in the error term is2. The error

term in the variablex translates into an error termE
(

s−2
)

in the variables by definition

of x. Hence, the largest exponent ofs in the error termE
(

s−2
)

is −2. Thus, we have the

following approximations:

(1+2sλi)
−1/2 = (2sλi)

−1/2
(

1+
1

2sλi

)−1/2

= (2sλi)
−1/2

(

1− 1

4sλi
+E

(

s−2
))

,

sγ2
i λi

1+2sλi
= (2sλi)

−1 sγ2
i λi

(

1+
1

2sλi

)−1

=
γ2

i

2
− γ2

i

4sλi
+E

(

s−2
)

.
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C Derivation of Approximation (5.5)

We can now insert these two approximations into (C.1), which gives

f(y) =
1

2πı

ı∞∫

−ı∞

exp(sy)
I∏

i=1

(2sλi)
−1/2

(

1− 1

4sλi
+E

(

s−2
))

× exp



−
I∑

i=1

γ2
i

2



exp





I∑

i=1

γ2
i

4sλi
+E

(

s−2
)



ds

=
2−I/2∏I

i=1λ
−1/2
i

2πı
exp



−
I∑

i=1

γ2
i

2





ı∞∫

−ı∞

exp(sy)s−I/2
I∏

i=1

(

1− 1

4sλi
+E

(

s−2
))

×
I∏

i=1

exp

(

γ2
i

4sλi
+E

(

s−2
)
)

ds.

We approximate the product term according to

I∏

i=1

(

1− 1

4sλi
+E

(

s−2
))

= 1− 1

4s

I∑

i=1

λ−1
i +E

(

s−2
)

, (C.3)

where the cross terms14sλi

1
4sλj

are absorbed inE
(

s−2
)

. Further, we approximate the product

of exponential terms using (C.2) according to

I∏

i=1

exp

(

γ2
i

4sλi
+E

(

s−2
)
)

=
I∏

i=1

(

1+
γ2

i

4sλi
+E

(

s−2
)
)

= 1+
1

4s

I∑

i=1

γ2
i

λi
+E

(

s−2
)

,

where the last step is in analogy to (C.3).

The resulting approximation forf(y) is

f(y) =
2−I/2∏I

i=1λ
−1/2
i

2πı
exp



−
I∑

i=1

γ2
i

2





ı∞∫

−ı∞

exp(sy)s−I/2

×


1− 1

4s

I∑

i=1

λ−1
i +E

(

s−2
)







1+
1

4s

I∑

i=1

γ2
i

λi
+E

(

s−2
)



ds.

Using again the argument from (C.3) we arrive at

f(y) =
2−I/2∏I

i=1λ
−1/2
i

2πı
exp



−
I∑

i=1

γ2
i

2





ı∞∫

−ı∞

exp(sy)s−I/2

×


1+
1

4s

I∑

i=1

γ2
i −1

λi
+E

(

s−2
)



ds.
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The final step is performing the inverse Fourier transformation and noticing that the error

termE
(

s−2
)

in the frequencydomain translates to an error termE
(

y2
)

in the timedomain.

Note thatE
(

y2
)

is in analogy toE
(

x2
)

, which means that the smallest exponent ofy in the

error termE
(

y2
)

is 2. With this the approximation (5.5) for f(y) for small positive values

of y is obtained according to

f (y) =
y(I/2)−1 exp

(

−∑I
i=1

γ2
i
2

)

2I/2Γ(I/2)
∏I

i=1λ
1/2
i



1+
y

2I

I∑

i=1

γ2
i −1

λi
+E

(

y2
)



 .

This approximations works well as long as the term
∑I

i=1
γ2

i
2 does not become too large,

which causes numerical problems because of too small valuesfor f(y).
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D Wishart Distribution

The Wishart distribution [66,67] is a generalization of the Chi-square distribution to multiple

dimensions. It is a stochastic description for positive semidefinite random matrices.

Assume a real valued matrixX of dimensionsL×N . Each rowl of this matrix corre-

sponds to an independent realization of a lengthN random vectorxl following a zero mean

jointly Gaussian probability distribution withN ×N covariance matrixΣ. The Wishart

distribution is defined as the probability distribution of the positive semidefinite matrix

S= XT X,

which is also known as the scatter matrix. The unbiased ML estimate of the covariance

matrix Σ is simply S/L. Note that this definition also applies to complex random vectors,

i.e. to a complex valued matrixX. By splitting the complex valued random vectors into

length2N real random vectors, the same steps as above can be applied.

In order to indicate thatS is distributed according to a Wishart distribution the following

notation is commonly used:

S∼WN (Σ,L) ,

whereN denotes the dimensionality andL the number of degrees of freedom. Note that

W1 (1,L) is equal to a Chi-square distribution withL degrees of freedom.

The Wishart PDF for a positive definite matrixM with parametersN , L, andΣ is given

by

fW (M) =
|M |

L−N−1
2 exp

(

−1
2Tr

(

MΣ
−1
))

2
LN

2 |Σ|N/2πN(N−1)/4∏N
i=1 Γ

(
L−i+1

2

) .
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E Expectation of the Product of Four

Gaussian Random Variables

Let us consider four correlated Gaussian random variablesX1, X2, X3, andX4, which are

stacked into the random vectorx. The four-dimensional characteristic function of this MV

Gaussian random vector is given by

Ψ(ıw) = E
[

exp
(

ıwT x
)]

= exp
(

ımT w− 1

2
wT Sw

)

,

wherem = E[x] is the mean vector ofx and S= E
[

(x−m)(x−m)T
]

is the covariance

matrix ofx.

The expected value of the product of these four Gaussian random variables is given by

E[X1X2X3X4] = (ı)4 ∂4Ψ(ıw)

∂w [1]∂w [2]∂w [3]∂w [4]

∣
∣
∣
∣
∣
w[1]=w[2]=w[3]=w[4]=0

.

After performing the partial derivatives and evaluating the resulting expression at

w [1] = w [2] = w [3] = w [4] = 0, we obtain

E[X1X2X3X4] = [S]1,2 [S]3,4 +[S]1,3 [S]2,4 +[S]1,4 [S]2,3 +[S]1,2 m [3]m [4]

+ [S]1,3 m [2]m [4]+ [S]1,4 m [2]m [3]+ [S]2,3 m [1]m [4]

+ [S]2,4 m [1]m [3]+ [S]3,4 m [1]m [2]+m [1]m [2]m [3]m [4] .
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Acronyms

AIC Akaike’s information criterion

AoA angle of arrival

CDF cummulative distribution function

CIR channel impulse response

CR channel response

CU central unit

ED energy detection

EM expectation maximization

LNA low noise amplifier

LoS line-of-sight

MAP maximum a posteriori probability

ML maximum likelhood

MV multivariate

PAMP power amplifier

PDF probability density function

PDP power delay profile

PL path loss

PMF probability mass function

PN pseudo noise

RF radio frequency

RMS root mean square

RSS received signal strength
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Acronyms

RX receiver

SNR signal-to-noise ratio

TDoA time difference of arrival

ToA time of arrival

TX transmitter

UWB ultra-wideband
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Notation

arg[x] phase angle of complex numberx

c0 speed of light in air(≈ 299702547 m/s)

ı
√

−1

P(Hi|Hj) probability of deciding forHi givenHj is true

(·)∗ complex conjugate

∗ convolution

De average positioning error

, definition

|A| determinant of matrixA (result is a scalar)

diag[A] main diagonal of matrixA (result is a vector)

δ (t) Dirac delta function

di,j distance between center points of regionsi andj

Θ̂ estimate of parameterΘ

E[·] expectation operator

Γ(·) Gamma function

Γ
′

(·) first derivative of Gamma function

Hm m-th hypothesis

aH hermitian transpose of column vectora

M number of hypotheses, i.e. number of regions

A matrix

[A]i,j j-th element in thei-th row of matrixA
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Notation

nmaxabs reference sample for temporal alignment based on max-

imum absolute value

N length of location fingerprint vector

‖·‖ L2 norm, i.e. Euclidian norm

Pe total error probability

π constant Pi(≈ 3.14159)

πm a priori probability of hypothesisHm

Tr [A] trace of matrixA (result is a scalar)

aT transpose of column vectora

a column vector
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