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Abstract

In this thesis, a novel position location concept is propoaed studied, which provides
accurate position estimates in dense multipath and nenelirsight propagation environ-
ments. The main idea is to apply the location fingerprintiagagdigm of position location

to channel impulse responses with ultra-wide bandwidthe Hnge bandwidth enables a
fine temporal resolution of the multipath propagation clenwhich in turn acts as a unique
location fingerprint of the positions of transmitter andeieer.

In the first part of this thesis, a location fingerprintingfrawork is developed from a com-
munication theoretic perspective. The position locatioybfem is formulated as hypothesis
testing problem, such that fundamental methods from statisletection theory can be ap-
plied. Location fingerprints are modeled by parameterizexbability density functions.
Different hypotheses are distinguished by these paras)ethich have to be estimated dur-
ing a training phase. This framework generalizes a widesad$ocation fingerprinting ap-
proaches and enables the systematic derivation of optilesditication rules and theoretical
performance analysis.

In the second part, location fingerprinting with two speaifita-wideband receiver struc-
tures is studied in detail. The first receiver is able to penfehannel estimation. The
corresponding location fingerprints are chosen as Nyqampsed versions of the estimated
channel impulse responses. The second receiver is a lowlexitgpgeneralized energy
detection receiver, where the energy samples at the outpihé @nalog front-end serve as
location fingerprints. In order to derive optimal classifica rules, it is necessary to establish
a stochastic description of the location fingerprints. Btechastic modeling is performed
on the basis of measured data and a model selection critérf@position location perfor-
mance of both receiver structures is analyzed theoretiaall experimentally with measured
data. It is shown that decimeter accuracy is achievablelvath receiver structures in dense
multipath and non-line-of-sight propagation environnsent

However, the performance analysis reveals also a majotcsgiming of the proposed
method: In order to achieve high position location accuracjarge amount of training
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data is required. This issue is addressed in the third patti®thesis, where two promis-
ing techniques are proposed, which increase the efficiehtyeotraining phase. At first,
the position location problem is reformulated, such thattthining phase can be combined
with the localization phase in an iterative manner. Resuitsifthe localization phase are
used as additional training data. Based on experimentabipeaince results it is shown that
the required amount of training data can be significantlyiced. The second technique is
even more promising. Only very few measured channel impidsponses - theoretically
only three per hypothesis for two-dimensional localizaticare required during the train-
ing phase for parameter estimation. This efficient trairphgse is based on a geometrical
channel model and exploits a priori knowledge about the geignof the propagation envi-
ronment. An experimental performance evaluation showaitjie potential of this approach
to achieve minimal training phase complexity.

The thesis concludes with a summary of the major findings atidavist of interesting
future research topics in the field of location fingerprigtfor ultra-wideband systems.



Kurzfassung

In dieser Arbeit wird eine neuartige Methode zur Ortung vaahtlosen Kommunikationsge-
raten prasentiert und analysiert. Das Verfahren verspeicke genaue und zuverlassige Posi-
tionsbestimmung, insbesondere fiir einen Ubertragungskain dichter Mehrwegeausbrei-
tung und fur den Fall, dass keine direkte Sichtverbindungawen Sender und Empfanger
besteht. Die grundsétzliche Idee besteht darin, die Inaptigort des Ubertragungskanals
als Fingerabdruckfir die Positionen von Sender und Empfanger zu verwendere teine
zeitliche Auflésung des Ubertragungskanals ist dabei alsggebend. Dies kann durch eine
hinreichend grosse Signalbandbreite erreicht werderseDigrtliche Fingerabdruck wird im
Folgenden alsocation Fingerprintbezeichnet. Lokalisierung mittels Location Fingerprints
wird Location Fingerprintinggenannt.

Diese Dissertation beginnt mit der Entwicklung eines tbaschen Grundgeristes zur
systematischen Beschreibung und Analyse von Location Fanigiing. Das Ortungspro-
blem wird als Hypothesentest formuliert, wodurch die Andemg von Methoden aus der
statistischen Entscheidungstheorie erméglicht wird.dbeehastische Modellierung der Lo-
cation Fingerprints erfolgt tiber eine parametrisierte elheinlichkeitsdichtefunktion, wo-
bei die Parameter einzelne Hypothesen voneinander uhtadsn und wahrend einer Trai-
ningsphase empirisch geschatzt werden missen. Mit didssoretischen Grundgerist kon-
nen viele andere, in der Literatur vorgeschlagene, Loodtingerprinting Anséatze beschrie-
ben und analysiert werden. Ausserdem ermdglicht dieseadgarist die systematische
Herleitung von optimalen Entscheidungsregeln und dier#teszhe Analyse von Fehler-
wahrscheinlichkeiten.

Im zweiten Teil wird die Lokalisierung mit zwei unterschietien Empfangerstrukturen
behandelt. Zunachst wird ein koharenter Empfanger beegater Kanalimpulsantworten
mit grosser Bandbreite schatzen kann. Die zeitlich gefeleskanalimpulsantwort wird mit
Nyquist-Rate abgetastet, um den entsprechenden Locatigerpirint zu erhalten. Als zwei-
ter Empfanger wird ein verallgemeinerter Energiedeteltdersucht. Die Abtastwerte am
Ausgang des analogen Frontends bilden den entsprechemdatidn Fingerprint. Damit



Kurzfassung

statistische Methoden angewendet und optimale Entsahgstegeln abgeleitet werden kon-
nen, wird eine genaue stochastische Beschreibung der bodaithgerprints bendtigt. Die
Auswahl des stochastischen Modells basiert auf der statitn Analyse von gemessenen
Daten.

Die Genauigkeit und Zuverlassigkeit der Positionsbestimgnwird theoretisch und ex-
perimentell untersucht. Mit beiden Empfangerstrukturanrkin sehr vielen Fallen eine Ge-
nauigkeit im Bereich von wenigen Dezimetern erreicht werddswohl alle gemessenen
Ubertragungskanéle eine dichte MehrwegeausbreitunginiggedJbertragungskanale keine
direkte Sichtverbindung zwischen Sender und Empfangeveisén. Diese experimentelle
Analyse offenbart aber auch eine grosse Schwéche: Es weetiewiele Trainingsdaten zur
empirischen Parameterschatzung benétigt, um eine hohaui@deit zu erreichen.

Der dritte Teil dieser Arbeit widmet sich dieser Schwacheaeivielversprechende Me-
thoden zur Verbesserung der Effizienz der Trainingsphasagemesorgestellt und analysiert.
Zunachst wird das Ortungsproblem so umformuliert, das3digmingsphase mit der Loka-
lisierungsphase kombiniert werden kann. Iterativ werdesuRate der Lokalisierungspha-
se dazu verwendet, um die Trainingsergebnisse zu veripe&essere Trainingsergebnisse
bedeuten wiederum genauere Ortungsresultate. Die expetefie Analyse zeigt, dass die
bendtigte Anzahl an Trainingsdaten dadurch erheblichzieduwerden kann. Die zweite
Methode ist noch vielversprechender. Theoretisch werdeaihe zweidimensionale Loka-
lisierung nur drei gemessene Kanalimpulsantworten proothgse zur Parameterschatzung
wéhrend der Trainingsphase bendtigt. Diese effizientanifrgsphase basiert auf einem geo-
metrischen Kanalmodell und nutzt a priori Wissen Uber dierGetrie des Raumes. Eine
experimentelle Analyse dieser Parameterschatzmethadedeyen grosses Potential, um
die Komplexitat der Trainingsphase auf ein Minimum zu reeren.

Als Abschluss dieser Abhandlung werden alle Ergebnissemiest, Schlussfolgerungen
gezogen, und interessante weiterfuhrende Forschungsfidigkutiert.

Vi
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Chapter 1

Introduction

1.1 Motivation

Position location information is essential for the emengeaf applications that will revo-
lutionize the daily life of many people: Starting from maring of fire fighters and police
men, over precise and ubiquitous equipment tracking, upecstrveillance of swarm be-
havior [1-4]. It is of particular interest for communication engine#rat position location

information opens a new dimension - or rather three new damas - which can be exploited
for optimization of various figures of merit such as bit efpoobability of a communication

link [5], interference mitigation in wireless networks, or delaydahroughput of routing

algorithms.

Nowadays, high localization accuracy is still an ambitiggsl in dense multipath and
nondine-of-sight (LoS)propagation environments for state-of-the-art positmeation ap-
proaches3, 6]. However, exactly such environments will prevail in mostlee aforemen-
tioned application scenarios, which makes it essentiahterit and explore novel position
location methods featuring good performance in such haxgbggation environments.

Furthermore, low complexity is a key requirement for a ulimus implementation of po-
sition location systems. In the context of localization teem complexity subsumes the
required position location infrastructure, necessaryiariptnowledge, additional hardware
requirements foreceivers (RXsandtransmitters (TXs)and processing power of localiza-
tion algorithms.

The unreliability of state-of-the-art localization metisoin dense multipath and n&oS
propagation environments and the need for low complexisitpm location systems mo-
tivate the research presented in this thesis. The ultimaé ig a robust localization or
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clustering method, which provides accurate position location infdiaraor cluster infor-
mation with affordable complexity merely as a side produatlata transmission between
wireless nodes.

1.2 Ultra-Wideband Wireless Communication

Ultra-wideband (UWB)communication systems are thoroughly discussed-#][ We re-
call important advantages over conventional narrowbamdneonication systems, which
motivate the consideration &fWB signals for position locatiolJWB systems are allowed
to transmitlicense-frean the spectrum fron3.1 GHz to 10.6 GHz with regulated transmit
power [LO]. Since the spectrum can be used for free, a lot of new agitarequiring
cheap wireless communication are supported. It is expahtdnost of these applications
benefit additionally from position location informationufthermore, the large bandwidth of
several GHz enables very high data rates and, with that, dbsilplity to design ultra low
power transceivers by exploiting low duty-cycle commutiama[11]. Ultra low power con-
sumption supports the emergence of applications requiniolgile, battery powered wireless
devices. Altogether it is envisioned that a lot of cheé#B transceivers will coexist and
form an ad-hoc wireless network. It is of essential impar&arirom the application perspec-
tive and from the network management perspective, thatds#ipns 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 indodigeokication and clustering for
short range wireless communication systems usiagp frequency (RF$ignals with ultra-
wide bandwidths. However, many theoretical concepts aredaced in a generic way,
which makes them immediately applicable to other researdisasuch as ultrasound signals
or underwater communication. The objective of positioratamn systems is the estimation of
the unknown positions of wireless nodes denotedgentshased on a set of observations at
or from reference nodes with known positions denoteara$iors. In general, the following
two position location scenarios can be distinguished]: [

IClustering of a wireless network is defined as the processonfiing nodes into clusters based on a certain
distance measure between the nodes. In this thesis, weadeoriSiclidian distance as distance measure,
such that physically close nodes are grouped into the samtecl

2Throughout this thesis, we refer to the agent3 s and to the anchors @&Xs without loss of generality,
because their roles are interchangeable due to channgtaeity.
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1. Self-positioning: An agent estimates its own positiosdzhon observeRF signals,
which have been transmitted by the anchors.

2. Remote positioning: The position of an agent is estimate@ bentral unit (CU)
which uses the observations of the transmii&tsignal of the agent at the anchors.

In the following two sections, two conceptually differerdgition location techniques are
discussed. The main purpose is to review state-of-theesitipn location techniques with
emphasis on their shortcomings in harsh propagation emviemts and on their complexity.
The interested reader is referred to the book entitled "Wiideband Positioning Systems"
by Sahinoglu et al.]3], which provides a comprehensive introductiont@/B positioning
systems in Chaptdrand toUWB signals in Chapte?.

1.3.1 Geometric Position Location

Geometric position location techniques consist of two stefirst, signal metricsdepend-

ing on the relative positions of agent and anchor are estdnftom the observeRF sig-
nals at each anchor. In the second step these metrics aréonsedlti-lateration or multi-
angulation, respectively2[14]. There exists a lower bound on the required number of an-
chors such that an unambiguous position location estirsaibtained. This lower bound is
based on geometrical considerations. For example, attleastanchors are required for un-
ambiguous two-dimensional position location estimatibrtime of arrival (ToA) estimates
are used.

The algorithmic complexity of multi-lateration or multirgulation algorithms (e.g. non-
linear least squares optimizatioh5-17]) is well understood and for current computers
not obstructive, since the processing can be performed @Uavhich is connected to
a power supply. However, the estimation of signal metricsnfRF signals at the an-
chors is performed by a wireless node, which might be jusiebapowered. Therefore,
there exists a large amount of research concerned with lomplExity estimation offoA,
time difference of arrival (TDoA)received signal strength (RS8) angle of arrival (AocA)
For example, low complexityoA estimation rules are proposed it8F23)].

The accuracy of geometric position location techniques eeminined by the
signal-to-noise ratio (SNR)f the RF signals, the hardware abilities and processing power
of the anchors, the propagation environment, and the nuoftarchors. Fundamental per-
formance limits based on the Cramér-Rao lower bound and th&akai lower bound for

3Examples for signal metrics are time of arrival, time diéiece of arrival, received signal strength, and angle
of arrival.
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variousRX architectures anBF signals are derived irg]. If the propagation channel has a
strongLoS component, then geometric position location techniquesrshremarkable good
performance. The experimental demonstration of posit@ation and tracking described
in [24] is just one example for the potential of position locati@sed on rangirfgwith UWB
signals. However, a rich multipath propagation environnad especially nohoS chan-
nel conditions degrade the quality @A, TDoA, RSSandAoA measurements drastically.
Increasing thékF signal bandwidth increases the robustness against milggoeors, which
implies thatUWB signals are preferable in indoor environmeritd, P5]. Despite the large
bandwidth, non-oS situations cause positively bias@dA and TDoA estimates 26] and
inaccurateRSSandAoA estimates. Therefore, it is essential to deploy the anataresfully
to ensure_oS conditions for all possible agent positions. If this is neagible, the number
of anchors must be increased at the expense of hardwarefeastincture complexity.

Recently, cooperative localization has gained a lot of &tiar{27,28]. The idea is to
allow for cooperation among agents to improve the overadliaation performance and
the coverage area. Signal metrics between adjacent agenised additionally by the po-
sition location algorithms, which implies that the loweruoal on the required number of
anchors does not exist anymore. Furthermore, the robssagesnst nor-0S situations can
be increased, since the numbelLofS communication links is increased with high probabil-
ity. The cooperative paradigm requires additional datasfier 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 (trainingg)hthe position location sys-
tem gathers coordinates of training points and relatedasignetrics (location fingerprints)
extracted fromRF signals at a number of anchors and stores them into a ceti@base.
In phase two (localization phase), the anchors observeidtocéingerprints of agents and
find the best matching entries in the database. There eXistgeanumber of algorithms for
this pattern matching such as support vector machinesaheeatworks, weighted near-
est neighbors, or Bayesian approach#’ 32]. Note that in contrast to geometric position
location techniques, there does not exist a lower bound emetjuired number of anchors.
Thus, theoretically it is possible to locate agents unaodugly based on the observBd

4The range information is obtained frofoA, TDoA, or RSSmeasurements.
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signal at a single anchor. Further note that location fingigtipg is a classification problem,
whereas geometric position location is a regression pnolp].

The complexity of these pattern matching (classificatidgp@thms is of minor impor-
tance, since the processing can be doneGivavhich is connected to a power supply. The
major part of the complexity is caused by the training phasee location fingerprints from
the whole surveillance aréanust be gathered. An important parameter is the grid spac-
ing, which determines the total number of training pointd #me resolution of the spatial
guantization. The complexity of the training phase is farttliscussed in Chaptér

The performance of location fingerprinting algorithms isntoonly measured withccu-
racy andprecision[30]. Accuracy measures the distance error between the estimat the
true location and precision states the percentage of poddcation estimates with a certain
accuracy. The performance of location fingerprinting atgars is mainly determined by
the grid spacing, the choice and modeling of the locationefipgnts, the pattern match-
ing algorithm, the SNR of th&F signals, the variability of the propagation environment,
and the number of anchors. Assume that the training poiatsria two-dimensional grid
with a spacing of).2 m in each dimension and that the surveillance area is an otim®
with an area ob m times5 m. In this example the total number of training points would
be (5/0.2)% = 625. The true position of an agent is assumed to be uniformlyibliged in
the uncertainty area @f.2 m times0.2 m around a grid point. The figure of merit for the
accuracy is theoot mean square (RM®)ror. Therefore, the lower bound on the achievable
localization accuracy would UEQ\/% ~ 8.2 cm.

The choice and modeling of location fingerprints is a veryomant step, which impacts
performance, complexity, and robustness of the systemURPB systems there exists very
few research on this topic, which motivates the thorougittnent of this modeling problem
in this thesis. Nowadays, the most common choice for londtimerprints iSRSSof Wi-Fi
signals B0,33]. The corresponding localization systems are implemeagesbftware add-
on to existing Wi-Fi infrastructure. There exist virtualy additional costs except for the
training phase, since every Wi-Fi card is able to measur&®®and the coordinates of the
Wi-Fi access points acting as anchors are known a priorihBacess point provides only
one degree of freedom (oMSSvalue), which implies that many access points are required,
in order to achieve a satisfactorily performance. Howewvecontrast to geometric position
location techniques, a strorigS component is not required. Experimental performance
analyses of recent location fingerprinting systems based®®can be found in33, 34],

5The surveillance area subsumes all possible agent pasitiote that the surveillance area does not have to
be a connected set. Depending on the application isolatgahemight be sufficient.
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where accuracies fromim to 3 m for roughly two-third of all test positions are reported.

In [35], it is proposed to use seven parameters (mean excess Balkgydelay spread,
maximum excess delay, total received power, number of paili components, power
of the first path, and the arrival time of the first path), whialke estimated from
channel impulse responses (CIRgth 200 MHz bandwidth, as location fingerprint. The
pattern matching algorithm is implemented with an artifioeural network using67 train-
ing signals to train the neural network. The authors repodaecuracy o2 m for 80 percent
of the test cases using a single anchor. The grid spacingedfdiming points i$).5 m in
one direction and m in the other direction. InJ6], the authors propose to apply a wavelet
compression to extract features@fRswith 200 MHz bandwidth and use them as location
fingerprints. Pattern matching is done again with an arlfineural network and similar
accuracy as ind5] with a precision of67 percent is achieved. Note that both approaches
in [35, 36] require time synchronization betwe&iX andRX.

The application ofUWB signals to location fingerprinting has been first proposed in
[37,38], where sampledIRs are used as location fingerprints. A Bayesian approach
pursued to derive enaximum likelhood (ML)pattern matching algorithm. In these works,
it is shown based on measur€tRswith 3 GHz bandwidth that excellent accuracy at high
precision can be achieved with a single anchor. These piognissults have initiated the
research presented in this thesis. The author8%fdpply UWB CIRsfor location finger-
printing in underground mines in the same way as propos&ViB§| and report similar per-
formance results. In40], the authors propose to us®VB CIRsin the frequency band from
3.1 GHz t010.6 GHz as location fingerprints. Their database consists ofl-tesolution
map of CIRs which requires a time consuming measurement process amge $torage
capacity. A very accurate positioning device is used to mmegSIRs at a grid spacing of
0.01 m in each dimension. The surveillance area i® times1 m resulting in10000 grid
points. The position of an agent is found by the maximizatbthe CIR cross-correlation
coefficient. The performance results tayS and nonk.oS situations show a remarkable high
accuracy of around cm. Note that time synchronization betweExX andRX is assumed
for the approach proposed ind].

In general, location fingerprinting is a promising alteivato geometric position location
techniques especially in harsh indoor environments, wkigepropagation channel does
not have a stronfgoS component. Provided theF signal bandwidth is large enough, the
multipath propagation structure, which is related to theigians of the agent and anchor,
can be exploited for position location. In caseWB signals, theRF signals at each

8Further details can be found in Chapger
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anchor have already a large number of degrees of freedorshwhplies that good perfor-

mance with a single anchor is achievable. This is essemtiadgplications, which require

an operation without pre-installed infrastructure in arhad manner. An example would be
self-localization of nodes in a wireless netwodd].

1.4 Contributions

In this thesis, a novel position location concept basetV@B RF signals is proposed and
studied. The distinct advantage of this method over stathesart position location solu-
tions is that accurate position estimates can be obtaine@mse multipath and ndmS
propagation environments. The main idea is to apply theilmedingerprinting approach to
CIRswith an ultra-wide bandwidth, which provides an accurategeral resolution of the
multipath propagation channel. This multipath structsra unique fingerprint of the relative
positions ofTX andRX, i.e. agent and anchor. In a constant propagation envirnfjrie
CIR depends only on the positions of agent and anchor. In cdrittageometric position
location techniques, the proposed location fingerprintiggiem benefits from dense multi-
path propagation, because the location fingerprints areéifit agent positions become more
distinct. Since signal metrics related to the direct pathrant required for localization, the
performance of the proposed location fingerprinting schisma&bust to norl-0S conditions.
Accurate time synchronization between anchors and agemstirequired, since only the
shape of th€CIR is chosen as signal metric and the absolute timing infolonas neglected.
First investigations of the proposed location fingerpnigtapproach, originally calledwWB
geo-regioning, are published i87, 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 cammication
theoretic perspective. The position location problem isnidated as hypothesis testing
problem, such that methods from statistical detectionrthean be applied. It is proposed to
relax the requirement of estimating the exact location cdgent to rather deciding, whether
this agent is located in a region of a certain size. Stoahkstation fingerprints are assumed
and parameterizedrobability density functions (PDF@re used to model their behavior.
An immediate consequence of this stochastic modeling agpres that the training phase
reduces to a statistical parameter estimation problemifdwretical framework generalizes
a wide class of location fingerprinting approaches and esatle systematic derivation of
optimal classification rules and a theoretical performaarcaysis.
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In the second part, location fingerprinting with two spedifid¥/B RX structures is studied
in detail. The firsRX (cf. Chapte#) is able to perform channel estimation. The correspond-
ing location fingerprints are chosen as Nyquist sampledaesf the estimate@IRs. The
secondRX is a low complexity generalizeenergy detection (ED) RXcf. Chapter5) and
the energy samples at the output of the analog front-ena se\tocation fingerprints. In
order to derive optimal classification rules it is necessamstablish a stochastic description
of the location fingerprints. This stochastic modeling isf@ened on the basis of measured
CIRsand a model selection criterion. These modeling resultabse important for other
fields in wireless communications, such as channel modeliig)X design (e.g.42]). Es-
pecially the stochastic modeling of energy samples basedeasuredCIRs has not been
treated so far.

The performance of botRXsis analyzed theoretically and experimentally using messur
CIRs The corresponding channel measurement campaign is @diiinChapteB. The im-
pact of important system parameters suctR&ssignal bandwidth on the performance is
investigated. It is shown that decimeter position locatioouracy is achievable for boftX
structures in a dense multipath and nays propagation environment. However, these per-
formance investigations reveal also a major shortcomingp@fproposed method: A large
amount of training data is required, in order to achieve Ipgkition location accuracy and
precision. This issue is addressed in the third part of thesis, where two promising tech-
nigues are developed, in order to increase the efficiendyeofraiining phase. In Chaptéy
it is proposed to combine the parameter estimation stemglihie training phase with the
localization phase, in order to iteratively improve thelgyaf the parameter estimates and
the position location accuracy. It is shown with experina¢épierformance results that the
required amount of training data can be significantly reduce

The second technique proposed in Chaptisreven more promising. Only very few mea-
suredchannel responses (CRs)theoretically only three for a two-dimensional localipat
problem - are required to obtain initial parameter estimafehe stochastic location finger-
print model. This estimation method is based on a geometdvdB channel model and
exploits a priori knowledge about the geometry of the pregiag environment. The perfor-
mance is evaluated with dedicated measurements in a dedtfmopagation environment.
It is expected that these parameter estimates provide opértaal description of a realis-
tic propagation channel, but can serve as initial paranestigmates for the aforementioned
iterative procedure.

’A CRis defined as convolution of @R with a transmit pulse. If the transmit pulse is a sinc-pulsntCR
is identical to CIR.



Chapter 2

Location Fingerprinting: A

Communication Theoretic Perspective

In this chaptet, a location fingerprinting framework is developed from a camication the-
oretic perspective applying fundamental results fromsteal detection theory. This frame-
work generalizes all location fingerprinting methods apm\classification algorithms based
on a Bayesian formulation. For example neural networks gp@dwector machines are not
covered by this framework. The following investigations done for the two-dimensional
Euclidian space for the sake of visualization. Extensiorthtee dimensions are straightfor-
ward.

2.1 Problem Formulation

We consider an indoor scenario with a given surveillanca asedepicted in Fi®2.1 The
surveillance area is sampled on a grid withpoints. During a training phase, location fin-
gerprints denoted by, and the corresponding coordinates denoted:y),, are gathered
forallm=1,2,..., M grid points. The set of all location fingerprints and cooad@s consti-
tutes the location fingerprint datab&skn case of remote positioning, this database is stored
at theCU, which also executes the pattern matching algorithm andinadditionally act

as anchor. If there exist multiple distributed anchors Fag. 2.1), for example distributed
access points iRSSbased location fingerprinting systems, then all individoahtion fin-
gerprints observed at each anchor are transmitted tGthand are stacked int,. In case

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

LParts of this chapter have been publishedsi].[
2Such a database is also known as radio map.
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Fig. 2.1: Grid points within a given surveillance area, anchors amdraeunit.

has to execute the pattern matching algorithm. The numbesraponents in the vectasy,

is denoted byV. Throughout this thesis, it is assumed that the agentsriaifise. act as
TXs) and the anchors receive (i.e. actRiss), which corresponds to the remote positioning
setup. Due to channel reciprocity the roles of agents andaae@re interchangeable, which
implies that this assumption does not reduce generality.

The location fingerprins,, is related to the coordinates,y),, and the positions of the
anchors via the corresponding propagation channels. Tiualaghape of,, depends on
the signal processing at the agent and anchors, but doesattarrfor the here proposed
theoretical framework. For example, RSSbased location fingerprinting systems each
element ins,, corresponds to the averaB&Sat a specific access point (anchor). Note that
the RSSdepends also on the transmit power of the agent, which isptat the transmit
powers of all agents either have to be known or must be setteame value. For location
fingerprinting systems employing widebanddWB signals s,, could be a sample@IR or
channel parameters like path delays and gains.

During the localization phase, tli&J observes the vectgrfrom an agent with unknown
position(x,y), which corresponds to remote positioning. The inferencergf) based ory
Is formulated as ai/-ary hypothesis testing problem4] according to

HypothesisH,, : The agent exciting is located at positiofz, ).

Note that theCU could be considered as agent, which would correspond tgseslfioning.
Then the hypotheses are reformulated according to

HypothesisH,,, : The agent observingis located at positioi, y) .

Depending on the modeling sf,, different detection problems can be distinguished.

10
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2.2 Deterministic Location Fingerprints

The simplest model assumes tisgt is deterministic. Deterministic location fingerprints
are commonly used iRSSbased systems due to the rather stable behavior of the averag
RSS which is mainly influenced by large scale propagation eéffatich agpath loss (PL)

or shadowing. The advantages of the deterministic fornarlare low complexity pattern
matching algorithms, such as Euclidian distance calaalietween the observation and
each location fingerprinBp, 45] or the weighted: nearest neighbors algorithrg]].

In general, the observationdoes not correspond exactly to one of thielocation fin-
gerprints due to random distortions like thermal noisegriigrence, and variations of the
propagation channel over time. Therefore, the observatoa commonly modeled by

Yy=Sn+n,

where the random vectar accounts for the distortions. This model assumes thasthe

are the true location fingerprints, which implies that tr&alitions during the training phase
have to be mitigated. This is usually achieved through @megeseveral location fingerprints
from the same position over time.

Eachs,, can be interpreted as a constellation point inf&tdimensional signal space.
Thus, there are totally/ constellation points. Th@DF of y given H,, is determined by
s, and thePDF of n. ThesePDFsfor all M hypotheses suffice to derive optimal pattern
matching (classification) algorithms and calculate theesponding error probability. These
topics are further discussed in Sectibd.

In most cases the unknown position of the agent denotéd lpy is not equal to one of the
grid points(z,y),,,, which poses an additional source of error. The impact sfdbviation on
the performance of the classification algorithm dependssmobustness to spatial variations
of the location fingerprints. In order to combat this prob|&ne grid spacing can be reduced
and the number of training points increased. This, howewereases the complexity of the
training phase and localization phase. Moreover, the nibityaof making decision errors
increases as well.

As already mentionedR SSbased location fingerprints can be made robust to tempodal an
spatial variations of the propagation channel by averatlis@ SSover small scale propaga-
tion effects. On the contrary, wideba@dRs are very sensitive to these small scale effects,
which implies that the deterministic formulation is not apable to location fingerprints
related toCIRs

11
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2.3 Novel Position Location Concept - "Geo-Regioning"

In this section, a novel position location concept based stoehastic description of the
location fingerprintss,, is proposed. The main idea is to relax the requirement oftexac
grid coordinates. In the above formulation assuming detesitic location fingerprints, the
objective is to estimate the exact coordinates of an agerthe here proposed formulation,
the goal is to estimate the region, in which an agent is lacate This is illustrated in
Fig. 2.2, where the squares define the regions. Note that there argifioupoints in each
region.

0 0;0 0]0 0;0 0[O0 O!
0010 010 010 010 Of = X
06006 6/6 606 anchor anchot
|0.010 010 010 010 O

0 0[O0 0;0 0,0 0,0 O;

O 010 010 010 010 Oi %

[~ AT~ AT~ AT~ A A

0 0,0 0,00,00,0 0! CuU %
10 010 010 010 010 O; anchor

0 0[O0 0;0 0,0 0,0 Oi

|©.010 010 010 010 O 00,0000
10 010 010 O

'0 0/0 0]0 O

anchor 10 010 010 ©

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

This relaxed problem formulation has some distinct adygegaver the deterministic for-
mulation. First, the training coordinates need not be knewarctly. It is sufficient to know
that the received training signal is generated BiyXalocated within the considered region.
Furthermore, it is possible to trade off accuracy againstgexity. The larger the regions
are chosen, the fewer of them are needed in order to coveutheitance area. Fewer and
larger regions imply less complexity of training and lozation. The drawback of larger
regions is a larger uncertainty area, which determinesuhddmental position location in-
accuracy due to the spatial quantization into regions. A&sg a uniform distribution of the
agent positions within these regions, the corresponBiM errors can be calculated.

The hypothesis testing problem for remote positioning fisrraulated according to
HypothesisH,, : The agent exciting is located in regiomn.
In case of self-positioning the hypotheses are stated as

HypothesisH,,, : The agent observingis located in regiomn.

12
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Since the location fingerprints represent now an %iestead of a grid point, it is essential
to model the spatial small scale behavior of the locationgiipgnts. Consequently, we pro-
pose stochastic location fingerprints and assume thatéests a parameterizétDF, which
models the behavior of the location fingerprints over spabés PDFdepends on the shape
of the location fingerprints, i.e. on the signal processinpaandRX, the dimensions of the
regions, and the assumptions about the propagation chabDifedrent regions/hypotheses
are distinguished by the parameters of thi3F. These parameters need to be estimated dur-
ing the training phase for each region. The database cemdidf parameter sets denoted by
©,, with the corresponding coordinatés, y),,,, which represent the centers of the regions.
ThePDFofy is determined by theDFof s,, and thePDF of n.

The following fundamental questions arise:

1.

2
3.
4

7.

How should the location fingerprings, be chosen?

. What parameterizedDF should be used to model these location fingerprints?

Which parameters of thRDF are relevant to distinguish the regions?

. What performance can be achieved in a dense multipath amilo®® propagation

environment?

What is the impact of system parameters on performanceanglexity of the loca-
tion fingerprinting system?

How much training data is needed to obtain accurate pdesrastimates such that a
desired performance is achievable?

How can the efficiency of the training phase be improved?

In the course of this thesis, these questions will be ansiere

In the next section, we complete the location fingerprinfragnework by defining two
figures of merit for the position location and clusteringlgem, 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:
Hypothesisi,,, : The agent exciting is located af(x,y),,, , (2.1)

where(z,y),, can be interpreted as exact position (cf. Secfad®) or as the center of a
region (cf. Sectior2.3).

If we are not interested in the physical position, but ratihes clustering of a wireless
network, then it is sufficient to formulate the hypotheses as

HypothesisH,,, : The node exciting is located in clustem. (2.2)

We refer to R.1) as position location problem and t8.p) as clustering problem.

In order to solve the hypothesis testing problem, the Bapgsaadigm 46] is followed.
It is assumed that a priori probabilities denotedyms,..., 7y, can be assigned to the
hypotheses. These a priori probabilities can be considasegklative number of agents
located in each region. If these a priori probabilities atknown, then they are set igM.
The average cost or Bayes riskR)is defined as44, 46]

M M M M

R=3" 3 mCiyPUHlH,) = Y0 3 miCiy [ 5 Y1), (2.3)
Zi

i=1j=1 i=1j=1

whereP(H;|H;) is the probability of deciding forf;, when H; is true, f; (y|H;)* is the
conditionalPDFof y given H;, andZ; defines the part of the observation space in wHigh
is chosen. The parameters; denote the costs for deciding féf; when i is true.

Following the derivations in46], the decision rule minimizing2.3) is found as

M
= argmin (ZCmJP(Hﬂy)),
m=12,..,M \ ;=1
where 7 denotes the estimate for the true hypothesis and/;B/) is the a posteri-

ori probability of /; given observationy. Applying Bayes’ rule and noticing that
foy)=>M_ 7.fn(y|H,) does not depend om, an equivalent decision rule is given

“4The conditioning onf; determines the parameter &f.
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by

m=1,2,....M

= argmin (Zw] ' fi (Y| H,; )) (2.4)

In the following two sections, we define two performance meas, which are used for the
position location problem and for the clustering probleespectively.
2.4.1 Average Positioning Error

The figure of merit for the position location problem is the® age positioning error, which
is defined as

M M M M
D, = Zﬁjzdi, (H;|Hj) Z d;P(H;|Hj)+ Z d; ;P(H;|Hj)
j=1 =1 j=1 i=1,i#j
M M M
=Y midji+ Y 7 (dij —dj,;) P(H;|Hj), (2.5)
j=1 j=1  i=l#j

whered; ; = d;; is the Euclidian distance between the center pofntg); and(z,y), of
regionsi and;. For this derivation we have used the fact thigf ; P(H;|[;) = 1. We notice
that the average positioning error results from Bayes riskddting the cost§’; ; equal to
d;.j. Thus, if alld; ; are known a priori between all regions, then the decisioa rul

M= argmin (ij m.j [ (Y| Hj )) (2.6)
m=12,...M
minimizesD,. Note that we can account for the fundamental position iooahaccuracies
within the regions by assigning non-zero valuesi}g. This is especially important, if
different regions have different dimensions. The valuegfg andr; determine the minimal
average positioning error, which is achieved if all corutitil error probabilities PH;|H)
for i # j are zero.

2.4.2 Total Probability of Error

When considering the clustering problem, the are not relevant. Therefore, the costs of
wrong decisions are set to on€;(; = 1 for ¢ # 5) and the costs of correct decisions are set to
zero (C;; = 0). This assignment leads to a minimization of the total pbiliist of error [44],
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which is given by
M M
Pe=>.m > P(H|H;). (2.7)
j=1  i=li#j

The decision rule, which minimizes2(7) is found by inserting the assumptions on
the costs into 4.4) and by simplifying the expression, which results in thé-ary
maximum a posteriori probability (MAR)ecision rule

m = argmax P(H,,|y) = argmax m, fm (Y|Hmn). (2.8)
m=1,2,....M m=1,2,....M
For equally likely hypotheses, i.er,,, = 1/M for all m, this rule simplifies further to the
M-ary ML decision rule.

By defining the likelihood ratiod; (y) fori=1,2,...,M as

o filylH;)
Aily) = fi(ylHr)’ (2:9)

the M-ary MAP decision rule can be reformulated as

i
mili(y) =
m

#i

WjAj(y) fori,j=1,2,...,M andi > j. (2.10)

The M — 1 likelihood ratiosA; (y) for i = 2,3,..., M define the coordinate system of the
(M — 1)-dimensional decision space and the(M — 1) /2 decision rules inZ.10 define
the (M — 2)-dimensional hyper planes, which are the boundaries ofeéhisibn regions. For
M = 2 the decision space is one-dimensional and there exists exisiah threshold. For
M = 3 the decision space is two-dimensional and the three dedmandaries are straight
lines, which define decision areas. Far= 4 the decision space is three dimensional and
the six hyper planes are planes.

Applying all M (M —1) /2 decision rules inZ.10 to an observation vector produces
the MAP estimatem for the true hypothesis. Depending on the particular exes
for f, (y|Hp) the likelihood ratios in2.9) can be considerably simplified, which reduces
the complexity of theVIAP decision rule and mitigates numerical problems due to anpote
tially high dimensionality ofy. Therefore, the decision rule stated th10 might be easier
to implement than the original decision rule statedAr8.
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2.4.3 Location Fingerprinting with Multiple Observations p er Agent

In a realistic position location scenario, it is conceivatilat theCU has multiple observa-
tions from each agent available for the localization (regletection) process. The essential
assumption is that these multiple observations are caugaah lagent, which is located in
oneregion.

For example the agent could be equipped with multiple arerand could use them
either sequentially to transmit its signals to the anchomrsse orthogonal signals to trans-
mit them simultaneously. Furthermore, if the agent is neliilcan transmit signals peri-
odically always from a slightly different position. Theseegust two examples how such
multiple observations could be generated. Note that theesdeas can be also applied to
self-positioning.

In the following, we derive the optimal decision rule takingltiple observations into
account. TheCU has recordeds observationgy;,...,yg}. Itis assumed that these ob-
servations are independent and are caused by an agentdiocatee same region. The
individual observations are stacked into a larger vegter [y{, e ,yrﬂT. The conditional
PDFof y is given by the product of the individuRIDFsof y,, according to

K
Im (y’Hm> = H Im (ykz|Hm) (2-11)
k=1
This follows from the assumption that the individual obsgions are independent. By in-
serting thePDFsfor y given H,,, 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 largé, it is mathematically intractable to obtain analytic
expressions foD, or P, due to complex decision regions in & — 1)-dimensional space.
In order to circumvent this issue, it is useful to assumeanét two hypotheses, say; and
Hj;, are possible. The corresponding binary decision rul@otig the Bayesian paradigm
Is given by

(i (Y| )\ =i
léfunctlon<fz(y‘z> 8i i,
fi (y|H;) i

TRAA
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which is a threshold test on the sufficient statigticA sufficient statistic is a function of
the observatiory which has the property that the likelihood ra %Ig) can be written
as a function of the sufficient statistié4]. The threshold; ; depénds]on the considered

performance measure. F@ it is given byd; ; = =2 and forD, it is §; j = W.
i i\8j,i i
The sufficient statistiis itself a random variable and ha®®Fdenoted byf; ;. (1), if itis

assumed thald; is the true hypothesis.

Considering the binary hypothesis testing problem, thewpsdr error probabilities are
defined by

00 8i,j
P(H; — H) 2 [ fym, () dl and RH; — Hy) 2 [ fyg, () (2.12)
i —00

The quantity RH; — H;) is the probability of deciding for{;, when H; is true and no
other hypotheses are possible. Note that the pairwise profyabilities are in general not
symmetric, i.e. RH; — H;) # P(H; — H;). The pairwise error probabilities can be used
to upper bound both performance measures by applying tioa do@und £7], which gives

M M M
Do <) midjj+y m > (dij—dj;)P(Hj — H;),
j=1 j=1  i=l,#j
M M
Pe< m >, P(H;— H). (2.13)

If we can derive analytical expressions fo(#P; — H;), we can provide analytical upper
bounds for the performance of the position location or €rsg problem without perform-
ing time consuming Monte Carlo simulations. Furthermoreglyital error expressions
usually provide insights into fundamental effects deteing the performance and are vi-
able tools to optimize system parameters.
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Chapter 3

Channel Measurement Campaign

This chapter described AVB channel measurement campaign, which is designed to demon-
strate the feasibility of the proposed location fingerpnigtmethod and evaluate its perfor-
mance in a dense multipath propagation environment withlre# conditions. A more
detailed description of this measurement campaign can upedfan [48]. Note that we do

not specify the type of the location fingerprirgs yet, but they will be extracted from the
measuredIRsobtained by this campaign.

3.1 Measurement Setup

The measurements were performed in a cellar room (cf. Fiy.with a size of about
7.4 mtimesl5 m and a height o6 m. There are many metallic objects in the room such
as metallic shelves, heating pipes, cabinets and metad,donplying a dense multipath en-
vironment with some noh-0S situations. The propagation environment was kept mostly
static during the measurements, although people, who nopeefib the measurement, were
always present and sometimes moving.

A time-domain correlation method was used to estimateGhes The principle is to
perform a cross-correlation between the received sigraatt@known transmit signal at the
RX. In practice, the transmit signal is often generated upsgudo noise (PN)it streams
or m-sequences. The transmit signal is fed fwoaer amplifier (PAMP)and finally to the
transmit antenna. This signal propagates through the eharsnreceived by the receive
antenna, amplified by alow noise amplifier (LNA) and sampled by an oscilloscope with
a sampling frequency af0 GHz. The measurement frequency range was roughly limited
from 3 GHz to6 GHz by the transfer functions of théWWB antennaPAMP, LNA, and input
filter of the oscilloscope. The reference signal for the sroarrelation, i.e. the transmit
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signal, was pre-stored in the oscilloscope, such that nedwonnection betweehX and
RX was required. This implies, however, that the absolute tieferences are unknown.
Thus, each measuré€llR has an unknown time shift. Furthermore, the impulse regsons
of the transmit and receive antenna are comprised in theurehSIRs which is further
discussed in Sectio®.3,

3.2 Measurement Scenario

A large number o€CIRsbetween one statRX equipped with four antennas and a mofik

also equipped with four antennas has been measuredRXlaets asCU. The height ofTX
andRX antennas was chosena8 m. The receive antennas were mounted in the corners of
a square with a side length 88 cm and the transmit antennas were mounted in the corners
of a square with a side length 2% cm on a two-dimensional positioning device. This device
allows to move thel'X array within an area 027 cm times56 cm. The positioning device
was moved t@2 different locations. These locations define the centertpginy),,, of the

M = 22 regions, which are depicted in Fi§.1 The maximum distance between two regions
is approximatelyl 7 m, whereas the minimum separation of two transmit antensgipas in

two different regions is approximately) cm. In AppendixA the complete distance matrix
collecting the distances ; between all center points is listed.

The TX array was moved with an almost constant speed @h/s within each region.
The trigger at the oscilloscope was not synchronized wighrttovement of th@X array,
which means that the exact positions of fi¥ antennas are unknown. However, since
triggering was done periodically evety7 s, the spacing of subsequent measucéds is
approximatelyl.7 cm. Roughlyl55 trigger events were performed implyied80 measured
CIRsper region.

Fig. 3.2 depicts the received signal at receive anteBradter cross-correlation with the
referenceé®N bit stream. The four visibl€IRsorigin from four time-shifted transmit signals
at the four transmit antennas.

3.3 Impact of Antennas
The measureIRs comprise the patterns and the transfer functions of thesmnénand

receive antennas. Skycross SM3TO10MA antennas, as demctag. 3.3, were used for
the measurements.
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3.3 Impact of Antennas

27cm

Fig. 3.1: Measurement scenario: Regions, propagation environmahiR X.

x10°

0 500 1000 1500 2000
t [ns]

Fig. 3.2: Output of the cross-correlation at receive antefina

These antennas are specified to work in the frequency raogesfi to 10 GHz. Further-
more, the data shéetlaims that these antennas are omnidirectional in the ahiplane,

1SM3TO10MA data sheet is online available at www.skycrass/@roducts/PDFs/SMT-3TO10M-A.pdf.

21



Chapter 3 Channel Measurement Campaign

tlibod

Fig. 3.3: Skycross SM3TO10MA UWB antenna.

which is defined as the plane perpendicular to the axis ofritenaa. The measured antenna
patterns in the azimuth plane for different frequenciesdaeicted in Fig. 6.1 on page 59
in [49]. It can be concluded from these measurement results thdatgest gain difference
is approximatelys dB, which occurs between the azimuth anglésdegrees an@70 de-
grees. Further, it can be concluded that the antenna gaia staghly constant for small
changes in the azimuth angle.

The orientations of the receive antennas were fixed duriagvtiole measurement cam-
paign. Further, the transmit antennas were mounted witt txentations on the positioning
device. Due to the movement of this device within each retfi@orientations of the trans-
mit antennas were only slightly changing. Therefore, itsstamed that the influence of the
antenna patterns on tii#Rsmeasured in each region is negligible.

3.4 Measurement Signal-to-Noise Ratio

The thermal noise due to tHeNA and the electronics of the oscilloscope is assumed to
be an additive zero mean white Gaussian noise process. Tresgonding noise samples
are therefore Gaussian distributed with zero mean andnei@?., Which is given by
the room temperature, the noise figures of th& and oscilloscope, and the measurement
bandwidth. The measureme8NR is denoted by SNRes and is defined as the average
energy of theCIRswithin one region divided bgo2,., The measureme@NRranges from

45 dB to 55 dB depending on the distances between the center pointe oégfions and the
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RX. Due to this high measuremeBlR it is assumed that the measur@liRsare essentially
distortion-free.

3.5 Energy Normalization

In order to remove the dependence of the location fingegpantthe transmit power of the
agents, the average energy@iRs within one region is normalized to the same value for
all regions. This is necessary, whenever it cannot be gtedrihat all agents use the same
transmit power. For example this can happen, when the detasradapted to the current
work load or channel conditions. It is important to noticattenergy normalization implies
that thePL information is not used for position location.

3.6 Temporal Alignment

The measurement setup does not provide absolute timingmiatmon, which means that
there exists an unknown time offset for each meas@i#l We have already pointed out
that signal metrics related to the direct path are not reguwor location fingerprinting. How-
ever, we require some sort of temporal alignment of the nred<tiRs in order to obtain
meaningful location fingerprints and estimate meaningatistical parameters.

In every wireless communication system, fR& needs to synchronize its symbol timing
to the symbol timing of théX. Such a synchronization algorithm would be responsible
for the temporal alignment task in a realistic RX implemeabptat In the following, simple
temporal alignment strategies are discussed.

3.6.1 Problem Formulation

We consider a sampled received signal in an observationomin@ /< — 1] denoted by and
assume that th€IR denoted byh of length V. < K is located somewhere within the obser-
vation window. The objective is to identify a reference séampstimate it for each measured
CIR and shift the time axis accordingly such that all meas@#gs have a common time
reference. Such a reference sample could be, for examglesatimple with the maximum
absolute value.
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Chapter 3 Channel Measurement Campaign

3.6.2 Maximum Absolute Value Alignment

The simplest strategy is to identify the sample with the mmaxn absolute value as the
reference sample. This can be written as

Nmaxabs = argmax |[r[n]|.
ne{0,....,K—1}
Depending on thesNR, the noise samples presentrirmay produce large variations in
Nmaxabs 1NUS, this alignment strategy requires a h&\R

In LoS situations, theCIRsare most likely aligned to the direct path, which impliesttha
samples before the reference sample are only noise samptegever, in case of a non-
LoS situation, theCIRsare aligned to the strongest path, which is not necessaslygirect
path. This means that also samples before the referencdesampcarry significan€CIR
energy and contain position location information. Thera tsade-off between accounting
for possible non-oS situations and wasting samples by accounting for noisg-sainples.

In general, it can be assumed that the position locatioresystin afford mor&X com-
plexity, for example a higheBNR during the training phase than during the localization
phase. Therefore, we restrict tB&R analysis to the localization phase and assume that
we can provide SNRea during the training phase. Thus, the temporal alignmer@I&fs
utilized during the training phase is done at SNR

Time-of-Arrival Alignment A more sophisticated temporal alignment strategy is to-den
tify the reference sample as first samplehini.e. h[0]. The first sample:[0] is usually
interpreted agoA of the CIR. The interested reader is referred 642, 23] for a detailed
discussion of various methods with different complexif@sToA estimation. The simula-
tion results provided in this thesis consider exclusivegximum absolute value alignment
as discussed above.
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Chapter 4

Location Fingerprinting with a Coherent

Receiver

In this chaptet, location fingerprinting with @ingleanchor using @oherentRX is studied.
The RX is called coherent, because it can perfddiiR estimation. Note that we do not
require anything from the agents except from being able hd setraining sequence with a
certain bandwidth fo€CIR estimation. Especially time synchronization between tgand
RX is not required. Thus, the whole complexity of the positiocdtion system is shifted to
the anchor, which also acts @&J in accordance to the framework developed in Chapter

We adopt the formulation of stochastic location fingergrjproposed in Sectidh3, which
means that the location fingerprirgs within each regionn are modeled by 8DFwith pa-
rameter se®,,,. In the course of this chapter, we will answer some of the &umental ques-
tions raised in Chaptet. The first two questions, which are treated in Sectibrisand4.2,
are concerned with the choice of the location fingerprint$ \&ith an accurate and mathe-
matically tractable stochastic description of them.

LParts of this chapter have been publishedid $1].
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Chapter 4 Location Fingerprinting with a Coherent Receiver

4.1 Choice of the Location Fingerprints

A physical multipath propagation channel withpaths can be interpreted as tapped delay
line [52] with L taps according to

L
h(t,T) :;71(75)5(T—Tl(t>>,
=1

wherev; () is the time-varying gain ang(¢) is the time-varying delay of path Time vari-
ations of gains and delays are caused by movemehXadr RX (or both) and/or movement
of objects in the environment.

Since any wireless transmission system is band-limite@ ¢bntinuous timeCIR
of interest is as well and can be represented by discree-samples denoted by
h[t,n] = hband-nmited(t, fﬂ) with fs as the sampling rate. If; fulfills the sampling theorem,
the continuous tim€IR can be recovered by interpolation with time-shifted sinections.

We consider an equivalent baseband representation of titengous timeCIR, which
implies complex valued samplést,n|. Since the equivalent baseband samples provide a
complete description of the continuous tifGER, it is proposed to use these samples within
an observation window as location fingerprint and desipavith length N according to

S (1) 2 [ [t,0], B [£,1], . B [t, N — 1]] 7,

where the subscript: denotes the agent’s region. Thisg, [¢t,n] denotes the-th sample of
an equivalent basebar@iR from an agent located in region observed at time instamt
The time dependency of these samples is still consideradhwhuses time-varying location
fingerprints. Due to the time windowing, the continuous ti@i& cannot be reconstructed
based ors,, () without error. The observation window should be chosen satithe main
part of theCIR energy is captured. Furthermore, it is assumedghdt) does not change
in ¢ during one observation window. Since the observation ¢aras typically in the order
of tens of nanoseconds, this is assumption is well justifirethdoor scenarios due to the
limited speed of TX, RX, and objects in the environment.

If fis larger than Nyquist rate this corresponds to oversampliumich provides a redun-
dant representation of the continuous ti@iR. This implies that the length &, increases
for the same observation window duration and, consequd#rdtymore statistical parameters
have to be estimated. This, in turn, increases the complexkithe training phase without
increasing the information content. Thys,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 locatiogdiprinting system, a statistical
model ofs,, (¢) is required. The statistical description should be robogtre-variations
caused by a randomly changing propagation environmengxample, by moving people.
More importantly, we have to accurately model the variaiof the location fingerprints
within a small region of space. This change in position indhaer of a few multiples of the
carrier wavelength causes small scale fading of the sanifdes|, which can be modeled
with various probability distribution,53]. In the following we use the terms channel taps
and samples interchangeably.

A common assumption on the small scale fading behavior afatgnt baseband channel
taps is that they are complex Gaussian distributed. Théigagton of this assumption is
given by the central limit theorem. Many reflected and scattgartial waves of similar
average power from different directions superimpose ateceive antenna and contribute
to one channel tap. If the number of partial waves is largaighpthe central limit theo-
rem can be applied and the resulting distribution of the nkatap can be assumed to be
Gaussian %4,55]. However, as the sampling frequency becomes larger duecteasing
signal bandwidth (approaching UWB bandwidths) less of thpesé@al waves contribute to
one channel tap. This fact questions the applicability efaéntral limit theorem.

In literature, there exist various studies on the tap stesior UWB channels. For the tap
amplitudes, the Nakagami-na§|, Log-normal 9, 57], and Weibull B8] distributions are
proposed. However, also Rayleigh and Rice amplitude distoibs arising from a complex
Gaussian channel model are supported by some channel raeesurcampaignsp, 60].
The phase distribution of the channel taps is commonly asdumbe uniform betweenr
andr.

In the next section, we applikaike’s information criterion (AIC)[61] to channel taps
obtained by the measurement campaign described in Chapterorder to find the best
distribution out of a candidate set for the modeling of theakmscale fading behavior. A
short review ofAIC can be found in AppendiB. Furthermore, thorough discussions about
UWB channel modeling can be found 163,53, 60,62, 63]. The AIC is applied to chan-
nel taps after measurement post-processing steps in fbwiiad order: Passband filtering
from 3 to 6 GHz, equivalent baseband transformation, threefold paiation (upsampling to
60 GHz sampling rate), temporal alignment, downsampling tguNst rate (downsampling
to 3 GHz sampling rate), and energy normalization.
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Chapter 4 Location Fingerprinting with a Coherent Receiver

4.2.1 Marginal Distribution of Channel Taps

The considered ensemble consists of all meas@i&s from one region (all four transmit
antennas) to receive antenBa The number ofCIRs in this ensemble i$20. Region2
with LoS CIRsand regionl8 with nonLoS CIRsare chosen for presentation in this sec-
tion. Further investigations show that the obtained resard drawn conclusions hold for all
other regions as well. Although the measurement processn@region lasted for roughly
250 seconds, it is assumed that the ensemble is measured atle tsing instantt = ¢.
Thus, the time dependency of the location fingerprints igtewhin the following considera-
tions. The propagation environment was kept mostly statitid the measurements, which
justifies this assumption.

— Region2
--- Regionl18

0 50 100 150
n

Fig. 4.1:Normalized PDPs in dB for regiorzsand18.

Fig. 4.1 depicts the normalizedower delay profiles (PDP$dr regions2 and 18 in dB.
The reference sample is setitgaxabs= 31. It can be seen that samples before the reference
sample carry significar€IR energy for region 8, which is not the case for regich The
observation window has a duration@if ns, which corresponds t§ = 180 samples obtained
with 3 GHz Nyquist sampling.

Amplitude Distribution The candidate set consists of the following six distribogio
Nakagami-m, Log-normal, Weibull, Gamma, Rayleigh, and Rigdl. distributions have
two parameters except for the Rayleigh distribution, whiels bnly one parameter. This
choice is based on channel modeling literature as discusisede. Fig4.2 and Fig.4.3
depict the respective Akaike Weights for all fitted candeddistributions for regior2 and
region18. The Akaike Weights (cf. AppendiB) are estimates for the probability that the

28



4.2 Regional Channel Model

Akaike Weights for{i[n]

Fig. 4.2: Akaike Weights for tap amplitudes|1]|, |h[2]], ...,
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|h[180]| for CIRs from regior®.

29



Chapter 4 Location Fingerprinting with a Coherent Receiver
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Fig. 4.3: Akaike Weights for tap amplitudeg:[1]|,|k[2]|,...,|R[180]| for CIRs from re-
gion18.
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4.2 Regional Channel Model

corresponding distribution shows the best modeling qualithin the candidate set. Thus,
a high Akaike Weight indicates that this distribution is adaandidate to model amplitude
variations of the corresponding channel tap. The Akaikegisisum up to one for each

Following observation can be made:

1. There does not exist a single distribution, which showeddist fit for alhn.

2. Log-normal and Gamma distributions are not suited fontlagority of taps.
3. The channel taps can be separated into two categorieslifigrent behavior:

e The taps surroundingmaxapsare not well modeled with a Rayleigh or Rice dis-
tribution due to the temporal alignment, which enforcegédaiap amplitudes for

all CIRs
0.6 0.8
0.4t 0.6}
0.2 0.4t
=z * =z
g o % S 0.2f
£ * £
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Fig. 4.4: Scatter plot forh [nmaxabd for region2 (left) and regioni8 (right).

Fig. 4.4 shows a scatter plot fat [nmaxaps for region2 and regionl8. It can be
seen that the reference samples do not follow a complex @augdstribution.
This can be also observed for surrounding channel taps.€Tfthps, however, do
not carry significant information for location fingerprimgj, since the temporal
alignment procedure is done in the same way for all regions.

e The majority of all other taps is best modeled with the Rayledgstribution.
However, the Nakagami-m or the Weibull distribution has sbmes the largest
Akaike Weight. When we look at the parameter values for Nakaga and
Weibull in these cases, it can be observed that they are V@sg to the values
that reduce the respective distribution to a Rayleigh dhistion.

4. There exists no significant difference betwéa® region2 and nonkoS region 18
except for the first arriving cluster (samples$o 21). Here, Nakagami-m distribution
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Chapter 4 Location Fingerprinting with a Coherent Receiver

o)

fits the tap statistics from regiol8 best. However, the values for the parameter
are again close td, which would reduce the Nakagami-m distribution to the Rigyie
distribution.

Fig.4.5and Fig.4.6depict the fitted®DFsand the histograms of the reference sample
and a multipath channel tap for regiodsand 18. It can be seen that Rayleigh and
Rice show a bad fit for the reference sample. For the multipagéimel tap alPDFs
except Gamma and Log-normal almost overlap. Note that thaik&kWeights for
Rayleigh and Rice for the chosen multipath channel taps arbesrttaan for Weibull

and Nakagami-m.
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Fig. 4.5: PDFs of|h [nmaxabg| from region2 (left) and regiont8 (right).
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Fig. 4.6: PDFs of multipath channel taps from regi@Kieft) and regioni8 (right).
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It can be concluded from these empirical results that thedglyldistribution is a mean-
ingful candidate to model the small scale fading behavianoét of the channel tap ampli-
tudes. This is also in line with the results from measurensantpaign | in 9], where a
measurement scenario similar to the one described in Chiasteonsidered. 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 Ralyléligtribution for taps
surroundingnmaxabs These taps would be better modeled by any other distributian
Rayleigh or Rice, which can be seen from Fgb. According to the theory oAIC, we
would have to use multiple candidate distributions to aataly model all channel tap am-
plitudes. Unfortunately, this would prevent us from defgnansuitable joint distribution of
the channel taps, which is discussed later in Secti@2 Therefore, it is proposed to stick
to the Rayleigh distribution for all channel taps. With thekgation of location fingerprint-
ing in mind, this is a sensible modeling decision, becauseltannel taps carrying the least
information about the agent’s location are the sample®sudingnmaxaps The reason for
this is the temporal alignment process, which is the samalf@IRsfrom all regions.

The distributions of the tap phases remain to be investigatthe following. The working
hypothesis is that the phases are uniformly distributedéen—7 andr. This is motivated
by propagation effects, because already small changes et delays cause large changes
of the tap phases.

Phase Distribution ~ As stated above, the phase distribution is generally assumée
uniform in literature. Thus, we seek to verify this assumptbased on visual inspection of
the histograms obtained from measured channel taps.

Fig. 4.7 depicts the histograms of the tap phasés| = arg[h[n]] for the two considered
regions. The gray scale encodes relative occurrence daeker means more frequently.
Visual inspection generally confirms the uniform phaseritistion hypothesis, which is also
supported by the experimental findings@]. An exception are the samples for 32 from
region2, for which some phases have almost zero relative occurrérae implies that, in
case olLoS propagation and sufficiently small multipath interferefroen succeeding paths,
the temporal alignment works accurately enough to payti@tover phase information of
the LoS path. This is not the case folRsfrom region18 due to the multipath interference
affecting also preceding samplesi@fiaxabs

This effect of the temporal alignment process is emphasiZedignment is done with
highly oversampled passba@iRs. For the here presented resulisfold interpolation is

33



Chapter 4 Location Fingerprinting with a Coherent Receiver

0.4
0.35
0.3
0.25
0.2
0.15
0.1

0.05

Fig. 4.7: Histograms of the tap phases for CIRs from regi®(gft) and18 (right). The gray
scale encodes relative occurrence.

applied implying a sampling rate @80 GHz. The new measurement post-processing order
is: 9-fold interpolation, temporal alignment, passband filigrirom 3 to 6 GHz, equivalent
baseband transformation, downsampling to Nyquist raie emergy normalization.
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Fig. 4.8: Histograms of the tap phases for CIRs from regib(left) and 18 (right). The
gray scale encodes relative occurrence. Temporal alighofi@assband CIRs with

180 GHz sampling rate.

Fig. 4.8 depicts the corresponding histograms of the tap phasefidotwo considered
regions. For regionR it can be observed that the phase of the reference samplgns= 31
is almost deterministic, i.e¢ [nmaxabs = 7. Furthermore, the surrounding samples show
similar phase distributions with zero relative occurrefizemany values. For regiot two
very likely values forg [nmaxans € {0, 7} 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 ammitbstribution, if the
temporal alignment process is done with baseband signasthE remaining simulation
results in this thesis temporal alignment is exclusivelsfgrened with baseband signals.

Conclusions  Based on this empirical analysis of measured channel tapspme to the
conclusion that the most promising stochastic model of ti@@nel taps is circular symmetric
Gaussian§4, 65|, which leads to Rayleigh distributed amplitudes and ummfigrdistributed
phases. Interestingly, this model has the least compléaitly one free real parameter per
channel tap) compared to all other candidates. FurtherntoeeGaussian distribution has
many advantages in terms of mathematical tractabilitys, kdr example, straightforward to
extend the Gaussian distribution toraultivariate (MV)Gaussian distribution.

4.2.2 Second Order Statistics

So far, we have investigated the marginal channel tap statisf equivalent basebar@@Rs
over rectangular shaped regions of dimengoem times56 cm. However, a full stochastic
description of the location fingerprints requires a joirgtdbution ofs,, (¢). In this section,
we consider the same ensembles of meas@i&s from region2 and regionl8 as for the
analysis of the marginal channel tap statistics. It is agasumed that the ensembles are
observed at a single time instant ty. This implies that the time dependency of the location
fingerprints is neglected. Therefore, the joint distribatofs,, = s, (to) is sought.

In order to apply model selection techniques W€ as used for the marginal tap statistics
a huge amount of independe@tR realizations needs to be measured. Since this is not
feasible, the following analysis focuses only on the secand@r statistics, i.e. correlations
among channel taps. In general, correlations among chéebf an equivalent baseband
CIR exists due to the following reasons (%2 53, 60]):

e Band-limited filters with non-rectangular frequency resgems This includes also the
antenna transfer functions.

e Spatial variations over multiple wavelengths cause matlkipcomponents to extend
over several channel taps.

e Frequency dependent propagation mechanisms, which areefudiscussed in Sec-
tion 7.1

e Correlated scatterers or correlated multipath components.
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The last three effects are related to the propagation emvient and are, therefore, location
dependent. It is expected that these correlations can Heiexpto improve the location
fingerprinting performance by providing a more distinctéiastic description of the location
fingerprints originating from different regions.

We propose to model the location fingerprint vectgysas complex-valued jointly Gaus-
sian random vectors. Hence, the distributios,@fis fully determined by the first and second
order statistics, i.e. by the mean and the covariance. Thdefing assumption is in accor-
dance to the results of SectidtR.1, because the marginal distributions of a complex-valued
jointly Gaussian random vector are complex-valued Gaunssia

Complex-Valued Jointly Gaussian Random Vectors In this paragraph, we review the
definitions of complex-valued jointly, proper, and cirausgmmetric Gaussian random vec-
tors.

A complex-valued random vectarof length /V is said to be jointly Gaussian distributed,
if the real-valued random vectérof length2N defined as

h

is jointly Gaussian distributed. Thus, in order to spedify tistribution oth, we require the
~ ~ ~ ~ T
mean vectojr = E M and the covariance matriX = E {(h — p) (h — [1,) } .

The distribution oh is said to be propei6g, 65] if and only if > can be written as

Re[A] ImlA]
—Im[A] RelA]

Y

for some non-negative definite Hermitian matixIn this case we have fqr = E[h] that

N=E[(h—p)(h—p]=A
Z=E|(h—p)(h-p']=0

Note that thgpseudo-covariance matri becomes zero. Thus, the proper Gaussian PDF is
fully determined by andX: and is given by

1
- N3

f () exp (= (h—p)" =7 (h—p)).
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In order to specify a conventional jointly Gaussian randauter of lengthV, 3N + 2N?
free real parameters are required. For a proper Gaussidomawector of lengthV, only
2N + N? free real parameters are required.

If w is the zero vector, then the distributiontofs called circular symmetric Gaussian. In
order to specify a circular symmetric Gaussian random veEtavith N2 free real parame-
ters is required.

Empirical Correlation Matrices In this paragraph, we present empirical correlation matri-
ces of location fingerprints from regidhand regionl8. In accordance to the results from
Sectiord4.2.1, the channel taps are assumed to have zero mean, whichsrtipdieEs,,,] = 0

Is assumed.

The empirical covariance and correlation matrices arenadééid based on a set bfloca-

tion fingerprints from regiomn: {s%),s,(%), . ,sgff)}. The ML estimates:,,, of the covari-

ance matrixz,, andZ,,, of the pseudo-covariance matix, are given by

s (Sng)T, (4.1)
1

2
Y and[K,) = 2y

" \/[27”} i {27”} 3.

the corresponding empirical correlation matRy, and pseudo-correlation matrk,,, are
obtained.

Fig.4.9and Fig.4.10depict the absolute values of the empirical correlationrites and
pseudo-correlation matrices for regi®and region 8 using ensembles df = 620 measured
CIRs per region. For both regions, several correlation coefitsiavith an absolute value
larger thar)).5 - especially in the vicinity of the main diagonal - can be ohed.

The correlation values for channel taps with< nmaxabs= 31 in the left plot of Fig.4.9
are larger tha.5, which is not the case in the left plot of Fig.10 The reason is again the
temporal alignment process. Since regis aLoS region and the multipath interference
from succeeding paths on channel taps nmaxabsiS Weak, these channel taps have similar
amplitudes and phases for all temporally aligr@@Rs This results in high channel tap
correlation values. In regiom8 there exists also multipath interference oK nmaxabs
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Fig. 4.9: Absolute values of correlation

matrfX, (left) and pseudo-correlation matrik,

(right).
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Fig. 4.10: Absolute values of correlation matri;s (left) and pseudo-correlation mati s
(right).

which explains why the corresponding correlation valuessagnificantly smaller. Although
these high correlation values cannot improve the locatimgierformance foLoS regions -
because they are equal for abbS regions - they can help to distinguisloS and nonkoS
regions.

In general, it cannot be assumed that the pseudo-cornelatairices and, consequently,
the pseudo-covariance matrices vanish. Visual inspectidhe right plots in Fig4.9 and
Fig. 4.10indicates that there exist some non-negligible pseudreltadion values. Therefore,
it will be again a modeling decision, whether the locatiorgérprints are assumed to be
circular symmetric or not. In order to reduce the complesgityhe training phase as much as
possible, only as few free modeling parameters as possiblelé be used. This reasoning
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4.3 Distortions of the Location Fingerprints

favors the assumption of circular symmetric location fipgets. On the contrary, if a lot of
training data is available, a better performance could besaed assuming non-zero pseudo-
covariance matrices.

4.2.3 Summary

It is proposed to model the location fingerprists as circular symmetric Gaussian random
vectors. The zero mean assumption stems from the empineatss of the marginal chan-
nel tap statistics performed in Sectidr?.1 Hence, thé®?DF of location fingerprints from
agents located in regian is given by

fn (81 ) = Mexp (~ss;ts).

In order to specify this PDF for each region the estimatioBEgfwith N? free real parame-
tersis required. Thus, the parameter@gt= {X,, } fully describes the location fingerprints
from agents located in region, which are obtained with a cohereRK.

For the sake of performance comparison we present in theeoéthis chapter analytical
and empirical performance results for the following looatfingerprint models:

e COV model:

Circular symmetric Gaussian PDF with,,, = {Em = E[smsﬁ]} and N2 free real
parameters.

e PCV model:

Zero mean complex-valued jointly Gaussian PDF véth = {zm,zm =E [sms,Tn]}
and2N? + N free real parameters.

e PDP model:

Circular symmetric Gaussian PDF assuming independent ehaaps with©,, =
{PDPm = diag[Zm]} andN free real parameters.

4.3 Distortions of the Location Fingerprints

4.3.1 Antenna Patterns

If the agents are mobile, there exists inevitable variati@distortions) of the location fin-
gerprints due to antenna patterns of TX and RX antenna. If tihenaa patterns deviate
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Chapter 4 Location Fingerprinting with a Coherent Receiver

significantly from omnidirectional antenrfaghe location fingerprints depend strongly on
the antenna orientations. This effect has to be accounteduiing the training phase by
either separate training (parameter estimation) for é\vemnt orientations or by averaging
the location fingerprints over all orientations. If the inopaf the antenna patterns is ignored,
the varying antenna orientations due to movements of thetag# distort the location fin-
gerprints in comparison to the training phase and act as goroce.

Throughout this thesis, we assume approximately omnidineal antennas in the azimuth
plane and consider only application scenarios which regmn-dimensional localization.
Note that theUWB antennas described in Secti8B, which were used for the channel
measurements, fulfill this assumption. Therefore, it cam$mimed that distortions of the
location fingerprints caused by antenna patterns are rigglig

4.3.2 Thermal Noise and Time Variations

So far, we have proposed a stochastic model for location ripmgs in a quasi-static en-
vironment and for larg&NR We assume that these conditions can be fulfilled during the
training phase, such that the parameter @gtsan be estimated for all/ regions. However,
during the localization phase we might face lo@®&Rand, moreover, time variations of the
propagation environment caused by moving objects like lggempachines, or other agents.
Thus, we discuss and model the impact of these distortiotiselocation fingerprints in the
following.

The measurement campaign Il B is concerned with time variations. The measurement
scenario is composed ofl&X and anRX at fixed positions and a time varying propagation
environment caused by moving people. The authors find basesl© that the channel
taps are best modeled by a non-zero mean proper Gaussiahutish. This implies that
there exists a deterministic mean component caused byatiesart of the environment like
walls, floor and ceiling, and a stochastic zero mean compgararsed by the movements.
This stochastic component is according to the resultS#) pest modeled by a circular
symmetric Gaussian distribution.

The distribution of thermal noise is commonly modeled a® zaean Gaussian. Thus,
we can conclude that a sensible model for the distortionsciscalar symmetric Gaussian
random vecton. Without any prior information about the statistics of thstdrtions, the
only reasonable covariance matrixrofs a weighted identity matrix.

2This is especially relevant for three-dimensional positixation scenarios, because it is very hard to design
an antenna which is approximately omnidirectional in alethdimensions, i.e. isotropic.
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4.4 Position Location and Clustering Systems

Consequently, the observation vecyoof a coherenUWB RX during the localization
phase is modeled as

y=8n+n,
with independent random vectas andn. The conditionaPDF of y assuming the agent is

located in regionn is given by

1

- ;s 21\ 1
fm(y’Hm)—WN|2m+a2”eXp< Y (S +071) y).

We define theésNRin dB accounting for all existing distortions as

R E|slls, TS,
SNR,, £ 10logy ([202}) _ 1010g10< r2[02 }>. (4.2)

Note that theSNRwill be generally different for each region due to the varying distances
(z,y),, to theRX. However, after the energy normalization step in the postgssing stage,
we have assured that= Tr[3,,| for all m and, thus, SNR= SNR,, for all m. Further, note
that thisSNRdefinition is consistent to the widely usétj/ Ny expression, wherg, denotes
the energy per bit of the received signal axg/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 conditior?DF f,, (y|H,,) must be estimated during a training phase
based onl. location fingerprints caused by agents located in regiorThis has to be done
for all M regions. TheVIL estimates for the covariance and the pseudo-covarianag&mat
are given in 4.1). Due to the zero mean assumption, these two estimates hiased, i.e.

E [2,”} =3,, and E[Zm} =Z,,. Due to a finite number of training signals, the estimated
covariance matrices are random quantities. It can be shioaix’,, andZ,, are distributed
according to a Wishart distributio®, 67]. Further information on the Wishart distribution
is given in AppendiD.

The quality of the covariance matrix estimate is analyzethenfollowing. The region
indexm is dropped for notational convenience. The expected vdltizecsquared absolute
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Chapter 4 Location Fingerprinting with a Coherent Receiver

estimation error of th¢, j)-th component of the covariance matrix is given by

2

2
{E]i,j ] B ‘[2}”

+L ([E]m' 3], +2 ‘ =i :

The expected value of the product of four Gaussian randomahlas, 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 with. Further, we note thatv does not influence the
estimation quality of a single component of the covarianegrim However, asV increases

for a fixed L the overall structure of the covariance matrix is harder doneate as the
estimation errors of individual components accumulate. aAsile of thumb,L. must be
approximately as large as the number of free real parametech that the stochastic
description becomes accuraté?]. In order to guarantee that the estimated covariance
matrix is not rank deficient. > N is required. The impact of on the position location
performance is investigated in Sectii®.3

The proposed location fingerprinting framework in Chaiegnables the combination
of training and localization phase via iterative algorigywhich improve the quality of the
parameter estimates during the localization phase. Tasiglfurther discussed in Chapger

4.4.2 Localization Phase

The localization phase consists of evaluatiBg) or (2.8), depending on the chosen figure
of merit, with an observation vectgr However, it is computationally expensive to evaluate
M MV GaussiarPDFsfor (2.8) and even more expensive to evaluate MV Gaussian
PDFsfor (2.6). In the latter case we cannot simplify the expression bymaing the natural
logarithm due to the summation MV GaussiarPDFs A possible solution would be a
stored lookup table for aMV GaussiarPDFswhich in turn requires large storage capacity.
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However, for @.8) taking the natural logarithm gives

= argmax In(m,) +1n(fn (Y|Hp))
m=1,2,....M

1 - -1
argmax In(m,,)+In | ————exp <— (s, + 0 )
m:lg,z,.A.,M () (7TN Em—i—an‘ Y ( " ) Y

= argmax ) 1S 0% ) -5 (S 0%) .

From this equation it can be seen that there are many ternthwhin be computed once and
stored. The only operations which have to be performed foln easervation are the evalua-

~ —1 N _
tions of M quadratic forms (Em + a2l) y with pre-computed matrice(szm + azl)

Multiple Observations  If there areK independent observatiogs= [yif, e ,y}}}T avail-
able (cf. Sectior2.4.3, we apply 2.11) and obtain a slightly modified decision rule:

m = argmax In(my,)— KIn (‘fieraQI D - f:ka (2m+02I)71yk.
m=1,2,....M k=1

PCV model The PCV model assumes a non-zero pseudo-covariance matnexefore,

y is split into real and imaginary part resultingynwhich is a real-valued zero meafv
Gaussian random vector with lengtlV. The corresponding covariance matrix can be com-
puted from3,, andZ,,, according to

4.5 Analytical Pairwise Error Probabilities

For the theoretical analysis and optimization of a positamation (or communication) sys-
tem it is essential to be able to calculate or at least bouadiglure of merits analytically.
If this is mathematically not feasible one has to resort tmgotationally expensive Monte
Carlo simulations for performance evaluation. Moreovetjropation of a large number
of system parameters is infeasible with Monte Carlo simaoireti In this section, analytical
expressions for the pairwise error probabilities are @erivApplying the bounds in2(13
results in upper bounds for the average positioning eéioand the total probability of er-
ror P..
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Chapter 4 Location Fingerprinting with a Coherent Receiver

In order to calculate the pairwise error probabilitie§® — H;) and RH; — H;), we
consider the binary hypothesis testing problem given by

fi(y|H;) m=i

0.
f](ylH])ﬁl j 7

1AV

Taking the natural logarithm and collecting terms, theliil@od ratio can be simplified to

g ((zj+02|)_1— (2i+a2|)_1>ygi 5, (4.3)

h=j
where the threshol&,j is given by

5 =1n (6 ) +1 [Zi-+0%] 4.4
iJ_n( i,j)+n ’2j+02” : (4.4)

We note that for this problem the sufficient statigtis given by
= yH ((2j+a2l)1—(Zi+azl)1)y:yHAy. (4.5)

Note that the matrixA is Hermitian but neither positive semidefinite nor negasieenidefi-
nite. Thus, some eigenvaluesAfare positive and some are negative. For the calculation of
the pairwise error probabilities we require tABF of the sufficient statistic given eithéf;

or H;. We will derive thePDF of [ given H; which implies thaty is distributed according to

a zero meamMV GaussiarPDFwith covariance matri; + o2l. The derivation of th&DF
given H; follows analogously.

The first step is tavhiteny by a linear transformation accordingwo= A*1/2UHy, where
A andU are the diagonal eigenvalue matrix and the unitary eig¢avecatrix of =; + oI,
such that we have the decompositBp+ 021 = UAUY. The covariance matrix of is the
identity matrix which is shown by

E[ww| = A=PUTE [y |UA1 2 =1,
Consequently, the sufficient statistican be written in terms ot according to
[ =w (AVPUTAUAY? ) w = w!Bw. (4.6)

The matrixB is again Hermitian and can be decomposed into eigenvalueigedvector
matrices according t8 = VAV, The unitary transformation= VV*w renders the covari-
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4.5 Analytical Pairwise Error Probabilities

ance matrix ok as identity and diagonalizes the quadratic formdirb)(. Thus, the sufficient
statistic in terms o¥ is given by

N
I=vlAv=>"[A]

n=1

[ln]|?. (4.7)

n,n

We notice that allV random variablesv[n]|* are i.i.d. exponentially distributed with ex-
pected valué. Thus, thePDF of the sufficient statisti¢ is given by a weighted sum of i.i.d.
exponential random variables. Note that the weights araléquhe real valued eigenvalues
of B and depend on the assumed true hypothesis. Further, soemya&iiges o8B can be pos-
itive and some can be negative. In order to proceed, we &glistim in 4.7) into two parts
collecting the positive and negative weights, respegtivehus, we have thdt= {(+) — ()
and

N NG

1) = 3 D] ‘Um[n]’? and~) = 3" 6] v [n] :
n=1 n=1

9

where the sets of the corresponding weights are givefidy) } = {[(A], ,(A],, >0}
and{¢(7)} = {-[A],,[[A],,, <0}. Note that the two random variablés’ and(-)
are independent. According td7], the PDFsof I(*) andi(~) assuming mutually distinct
weights are given in closed form by

N T
L eWpexp (3 ) fore =0
S, (@) = - nlexp| ~grpy ) fore= Where
' 0 forz <0
(+)
= ] e
i=1,i#n ¢(D[n] — o(H14]
and
MY o) (—y) fory > 0
fionm, W) = ot CMOP (=5 ) 0T 20 ere
' 0 fory <0

(=)
N 1

C)n] = )
" i_gén ¢ [n] = p[i)

The definition of the pairwise error probability i H; — H;) £ o Jfuym; (1)dl. Follow-
ing the presentation in6p] on pagel85 we can readily usg”l(ﬂmi () and fiom, (y) to

45



Chapter 4 Location Fingerprinting with a Coherent Receiver

calculate RH; — H;) for Sl-,j > 0 according to

Of)l

J
P(Hi_>H = / l(+)|H fl( |H( )dxdy

8 4'3\8

/ 10)|H; (Si,j +y) fl(f)\Hi (y)dy,

y=0

WhereFl(+)|H7, (x) is thecummulative distribution function (CDFof () given H;. Plugging
in the expressions fofl(+>|HZ_ (x) andfl<_)|Hi (y) and carrying out the integration we get the
following closed form expression for the pairwise errorlgabilities:

N &) o) [n]exp <_ (Si,)j )
. N — O] il k16 _ ¢Hn]

The situation changes slightly f&,j < 0. In this case we have

00 Z]+y

P(H; — Hj) / / i |H i(y) dxdy

y—_(sz \J z=0
oo

/ Fyoy, (05 +9) fioym, () dy
y=—6;
N N exp( E’)j )
(-) (1) il
=2 X CORWImcOR (6OM)

n=1 k=1

The pairwise error probability @7; — H;) can be calculated analogously by assuming that
Hj is the true hypothesis and by using

P(H; — H;) /f”H dl_l—/f”H

In order to verify these derivations, the analytical resalte compared to numerical pair-
wise error probabilities obtained from a Monte Carlo simolatvith 60000 realizations per
hypothesis. The matrices; and3; are estimated using = 620 measurecCIRs from re-
gion i =4 and L = 620 measuredCIRs from regionj = 5 (cf. Chapter3). It is assumed
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4.6 Theoretical and Experimental Performance Analysis

thatX, andX; are the true covariance matrices. Moreover, it is assunedtie empirical
estimation of the covariance matrices is error-free. Tégally this would requird. = oo

training signals. The size of the observation window is eef'{= 20 ns and the signal
bandwidth isB = 3 GHz. The length of the location fingerprints results\as- 60 samples.
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Fig. 4.11: Analytical pairwise error probabilities and numerical MeCarlo results.

Fig. 4.11 depicts the analytical pairwise error probabilities anel tesults of the Monte
Carlo simulations. It can be seen that the numerical resoitscicle with the analytical
results. In order to obtain analytical upper bound$pm@ndD,, these analytical expressions
for the pairwise error probabilities have to be substitutetihe bounds given ire(13.

4.6 Theoretical and Experimental Performance Analysis

In this section, the performance of the proposed locatiogefiprinting system with a co-
herentRX is analyzed. The figures of merit af& for the clustering problem an®, for

the position location problem. We consider the ensemble edsuredCIRs from all four
transmit antennas to receive antesnahich resembles a remote positioning scenario. The
UWB channel measurement campaign is described in Chapiene total number of mea-
suredCIRsper region i$20. Further, theCIRsare normalized, such that the average energy
is the same for all regions. This implies that Ak information is not used for position
location as already discussed in Sectioh

It is assumed that the cluster application requires a padace ofP, ~ 10~2. This would
imply that99 percent of the observations are classified to the correstestst Further, it is
assumed that the position location application requiresrbopmance oD, ~ 25 cm. Note
that the fundamental positioning uncertaintyljs ~ 18 cm for all regions.
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Chapter 4 Location Fingerprinting with a Coherent Receiver

The following two approaches are pursued for performanedyars:

1. We use measuradiRsand perform Monte Carlo simulations. In order to obtain re-
alistic estimates of the figures of merit we resort to a randeth cross-validation
method B8], which is described in Sectioh6.1

2. We apply the analytical results on the pairwise error ghiliiies obtained in Sec-
tion 4.5. Note that these results assume that the channel taps aedijuintly Gaus-
sian distributed.

There is an inevitable mismatch between experimental agarétical results due to the
stochastic modeling of location fingerprints. A reasonabball 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 measu@®&s per region intol, CIRsfor parameter
estimation (training phase) and the remain@igsfor performance evaluation (localization
phase). The choice of the training signals is random. If thaict of distortions§NR) is
analyzed, theri000 realizations o are generated for each partition. Using Monte Carlo
simulations the figures of merit for each partition are ciaad. The last step is to repeat the
partitioning a number of times (het€0 times) and to average the obtained results.

4.6.2 Default System Parameters

Important system parameters are the number of trainingasdgnper region, theSNR the
one-sided bandwidth of the passband signals denotdg], biye observation window size or
symbol period denoted b¥;, and the number of region¥. Note that7; and B determine
the length of the location fingerprints according¥o= 7 B due to sampling at Nyquist rate
with f, = B. The default system parameter values for the following &tnn results are
summarized as follows.

e Default model is the COV model wit®,, = {%,, }.
e Default number of observations per agenkis= 1, i.e.y =Y.
e Default number of training signals I1s= 400. This leave220 test signals per region.

e Default SNRis the measureme@NR denoted by SNReain Chapter3. This corre-
sponds to adding no distortion signalsor equivalently, setting? to zero.
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4.6 Theoretical and Experimental Performance Analysis

e Default bandwidth isB = 3 GHz. This is the largest possible signal bandwidth deter-
mined by the hardware constraints of the measurement eguipm

e Default observation window size i§ = 30 ns. Together with the default bandwidth
this gives the default length of the location fingerprintshwV = 90 samples. Note
that30 ns corresponds roughly to the larg@8¥1S delay spread among alllRsfrom
all regions. TheRMS delay spreads of the measui€tRs are reported ing9]. How-
ever, the maximum excess delays of @I&sare in general larger thad®) ns and can
become as large &9 ns.

e Default number of regions i8/ = 22, which corresponds to the whole measurement
set.

e Default a priori probabilities are,,, = 1/M.

e Default reference sampleignaxabs= 8.

4.6.3 Number of Training Signals

In this section, the impact af on the performance is investigated. We seek to answer the
guestion, how many training signals are required such tiatdrget performance can be
achieved. Furthermore, interactions with other systerarpaters are investigated.

4.6.3.1 Analytical Results

An immediate application of the analytical results from 8extion4.5is the analysis of the
impact of L on the performance. The advantage of the analytical apprigatatL is not
limited to the total number of measur€dRs which implies that the asymptotic behavior
can be studied.

First, we analyze the binary hypothesis testing problenh \#i§ and H5, for which we
know that the pairwise error probabilities are equal to treditional error probabilities. We
calculate>, and X5 using all620 measuredCIRs from each region and assume that these
are the true covariance matrices. In contrast to the reisufig. 4.11, finite values forL are
chosen. This implies that the matéxin (4.5 and the threshol5|475 in (4.4) are given by

)

A (25+02|)*1_ (24+02I)71 anddy 5 zln(54,5)+1n( 25+02|‘
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where3:, and 35 are estimates oE, and X5 in accordance to4(1) based onl. training
signals. We utilize the fact thal, and3:; are distributed according to a Wishart distribution
and generaté000 realizations of them for each value bf Note thatlL is a parameter of the
Wishart distribution (cf. Appendi®). For increasing. the realizations are more and more
similar to the true covariance matricBy andXs. For each realization a4 and35 with

a givenL the corresponding analytical pairwise error probabgitiee calculated and these
results are averaged for final presentation in Big2

10°

= N =90,L <
| N=90,L =00 [
-~ N=60,L< o0

- N=60,L =00

Fig. 4.12: Analytical pairwise error probabilities as function bfat SNR= 25 dB for the
COV model.

Fig. 4.12depicts the analytical pairwise error probabilities asction of L < oo and for
perfect estimates, i.d. = co. The curves fotV = 90 samples are obtained with the default
system parameters except for SNR5 dB. The curves fofV = 60 are obtained by reducing
T, 1020 ns. These results allow us to get some insight into the padace loss due to a finite
number of training signals. At first, it can be seen that thiergurobability for L < 100 is
larger thar?.1, which is not acceptable for many applications. Howel&®,training signals
per region are already a lot. It can be concluded that thegsexb location fingerprinting
approach with a coherent RX requires a clever procedure forpeparameter estimation
with few training signals, while still achieving small errprobabilities. Chapter§ and7
propose means to achieve this goal.

Further, we can compare the error probabilities in Bidg2for two different/N. Decreas-
ing N implies that the number of degrees of freedom of the locdingerprints is decreased.
Consequently, the location fingerprints lose in differduitity and the performance for per-
fect estimates/{ = oo) decreases. However, the situation changed.faeroo. For L ~ 100
the two performance curves fof = 60 and N = 90 intersect. If less tham00 training sig-
nals are available, then decreasi¥Mgyill reduce the error probabilities. It can be concluded
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from these results that decreasiNgimproves the performance for smdll The drawback
is, however, that smalV implies already bad performance. In Fg1l2 N is decreased by
reducing’ from 30 ns to20 ns at fixedB. Similar results are obtained whéhis reduced

at fixedT5.

10
— -1
+10 F
T T
T T
<t 0
T =L
Q10 10 §
010 e ovandL <o | TSl ] 010 e vandLc o | TG
- COVandL = --- COVandL = o0
- PCVandL<oo | : & S —-— PCVandL <oo |
5|~ PCVandL = co _al|— PCVandL = oo
10 1 j 2 ‘ 3 4 10 1 j 2 ‘ 3 4
10 10 10 10 10 10 10 10
L L

Fig. 4.13: Analytical pairwise error probabilities as function éfat SNR= 25 dB with
T = 20 ns for the COV and the PCV model.

A further application of the analytical results is the amsédyof the performance depend-
ing on L for different modeling assumptions. In the following, wengmare the perfor-
mance results of the COV model and the more complex PCV modelatiag also for the
pseudo-covariance matrix. Note that the number of freepaameters increases fran?
to 2V2 + N in this case. Further note that the analytical results ddrim Sectiort.5cannot
be applied to the PCV model, because the decision problem3hghanges from a complex
Gaussian problem with circular symmetric Gaussian randeatovs to a general Gaussian
problem f4] with real valued random vectors. 144, it is shown that there does not exist a
closed form expression for the pairwise error probabgdibéthe general Gaussian problem.
For performance analysis one can resort to upper boundseopdinwise error probabili-
ties like the Chernoff bound or approximations, which areegiin closed form. The exact
pairwise error probabilities can be calculated only nuneiy.

In Section5.2 we derive a numerical algorithm to compute BBFsfor I(+) and ()
for real Gaussian random variables”)[n] andv(~)[n]. Having thesePDFswe can com-
pute the corresponding pairwise error probabilities fa ¢feneral Gaussian problem nu-
merically. Fig.4.13 depicts the pairwise error probabilities as function/ofor different
modeling assumptions. Note that the results for the COV magethe same as in Fig.12
for Ty, = 20 ns. The conclusion from these curves is that 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. Basethis result, it can be
concluded that the PCV model is only of minor applicabilitglamportance, because a very
large number of training signals is required.

4.6.3.2 Experimental Results

In this section, we use measur€dRs to study the impact of. on P, andD.. The fol-
lowing performance results are obtained for the defaultesgygparameters considering all
M = 22 regions.

For L < N the empirical covariance matric&s,, are rank deficient, i.e. singufarFor
singulars:,, and no artificial distortion signal, i.e2 = 0, the decision rules ir2(6) and @.9)
cannot be evaluated. In order to cope with this problem, wegse to apply a perturbation
method: A weighted identity matri(xgl is added to the singul&,,,. This ensures full rank
of the overall covariance matrix. For the performance tesnlFig.4.14 a]% is chosen such
that anSNR of 30 dB is emulated. However, note that no artificial distortsignals are
added to the test signals during the localization phase.

1
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Fig. 4.14: P, (left) andD, (right) as function of_ for default system parameters with= 1
and K = 2 observations per agent.

Fig. 4.14depictsP, andD, as function ofL. for measuredCIRs The PDP model and the
COV model are considered féf = 1 and K = 2 available observations per agent. The per-
turbation method is applied far < 100 and it can be observed that reasonable performance
can be achieved with the COV model although the empirical tawee matrices are singu-
lar. However, further decreasirigdegrades the performance of the COV model drastically.

3Note thatZ > N is a necessary but not sufficient condition for regular cewere matrices.
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4.6 Theoretical and Experimental Performance Analysis

For L < 60, it is better to ignore all off-diagonal elements of the aeamace matrices and
apply the PDP model instead of the COV model.

A significant performance gain for both models can be obsewbenk = 2 observations
per agent are exploited. Especially for the COV model, alneosir-free performance is
achieved for. > 300. For the performance results in Figg14the observation pairs per agent
are chosen randomly from the set of test signals. Furtheulatrons show a continuous
performance improvement &s is increased.

4.6.4 Conditional and Pairwise Error Probabilities

In this section, all numerically obtained conditional epoobabilities R H;| H;) using mea-
suredCIRsand all analytical pairwise error probabilitie$; — H;) are investigated. Note
that P(H; — H;) are calculated for finitd. and that the default system parameters are ap-
plied.
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Fig. 4.15:P(H;|H;) for measured CIRs (left) and analytical #; — H;) (right) for the
COV model.

Fig. 4.15depicts all RH;|H;) for measured CIRs and(P/; — H;) for the COV model.
It can be observed that the values foifF; — H;) are generally smaller than the values for
P(H;|H;), because the measur€Rsare not exactly Gaussian distributed and there exists
an inevitable modeling mismatch. Nevertheless, it can ba Heat in both cases the largest
error probabilities aréP(Hs|Hy),P(Hy — H3)} followed by {P(H,|Hs),P(Hs — Hy)},
and{P(Hs|H7),P(H7 — Hs)}. These results emphasize the importance of the analytical
pairwise error probabilities. If a large pairwise error pability is predicted then also the
conditional error probability for measured data will betnigVith this knowledge one has the
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Chapter 4 Location Fingerprinting with a Coherent Receiver

opportunity to optimize system parameters, region dingrssand region positions. If the
pairwise error probabilities are very large, it is concblesto merge the two clusters/regions
into a single cluster/region.

Another interesting observation from Fi§15is that most classification errors happen
among nearby regions. This holds for experimental as walhasytical results. For example
there are almost no classification errors between the resgitfi,2,...,11} and the region
set{12,13,...,22}. According to these results, it can be expected that theggexplocation
fingerprinting approach is scalable which means that smiaindD, can be sustained, while
M and the surveillance area are increased.

In order to calculateP, analytically one has to resort to bounds1(3 as discussed in
Section2.4.4 Note that this provides only an approximation (not an ugpmind) to the
empirical P, for measureIRsdue to the modeling mismatch.

4.6.5 Distortion Analysis

Let us recall theSNRdefinition @.2) after CIR energy normalization as

E
SNR= 101 () ,
where E denotes the average energy ©Rs and 2 the variance of each sample of the
distortion vectom. By changings? we can emulate differer8NR operating points. Note
thato? = 0 corresponds to the defalBiNR case.

We assume a higBNRfor the training phase. Thus, the temporal alignment anarmater
estimation during the training phase is done at SR However, the temporal alignment
of location fingerprints observed during the localizatitrage is generally influenced by the
distortion signal. Therefore, we present two results:

1. The temporal alignment is done with distorted locatiogéduprints. The correspond-
ing curve in Fig4.16is denoted bywith align noise

2. The temporal alignment is done with distortion-free tamafingerprints. The corre-
sponding curves in Figt.16are denoted bw/o align noise

The second result shows the best achievable performands.cdhld be obtained with
more sophisticated alignment algorithms, which perforitdoehan the maximum absolute
value alignment described in Secti8r6.2 An extensive analysis of such alignment algo-
rithms is, however, beyond the scope of this thesis and rewmed for future work.
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Fig. 4.16:P. (left) and D, (right) as function of SNR for default system parameters and
measured CIRs.

Fig. 4.16depictsP. andD, as function of theSNR for measuredIRsand for the COV
and PDP model. In order to reach the target performance $tortion-free alignment and
the COV model, asNRof around30 dB is required. In case of noisy alignment the required
SNRincreases to arount) dB.

Multiple Observations per Agent Multiple observations per agent can be exploited in
order to improve the performance at I&NR The mechanics are exactly the same as dis-
cussed in Section.6.3.2 There is, however, a major difference: The observatioes met

be collected from different transmitter positions, beesathe& main error sources at IGNR

are random distortions, which change independently froseniation to observations. Thus,
also a static agent with only a single antenna can produdeitadgle multiple observations.

4.6.6 Signal Bandwidth

In this section, the impact of the signal bandwidth on thdgrarance is investigated. The
largest bandwidth supported by the measurement equips@@Hz in the frequency band
from 3 GHz to6 GHz. In order to reduce the bandwidth an ideal bandpass ¢iéetered
around4.5 GHz with the desired bandwidth is applied to the measuré&lRs The temporal
alignment is performed after bandwidth reduction. Noté thareference sample is adapted
to the bandwidth (sampling rate) such that the reference timtant is kept roughly the
same for all bandwidths. For example, consider the defaultividth of B = 3 GHz with
the default reference samplenafaxaps= 8, which implies a reference time instant®f3 ns.
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Chapter 4 Location Fingerprinting with a Coherent Receiver

Now, let B be1 GHz. In order to achieve roughly the same reference timamgste have
tO Setnmaxabsto 3

—&- PDP —— PDP
0 05 3 0 05

1 15 2 1 15 2 25 3
B in [GHZ] B in [GHZ]

Fig. 4.17:P. (left) andD, (right) as function ofB for default system parameters and mea-
sured channels.

Fig.4.17 depictsP. and D, as function ofB for all three considered models and mea-
suredCIRs The remaining system parameters are set to their defaukksa A constant
performance improvement with increasifgcan be observed for all models. The decreas-
ing performance gap between the COV and the PCV model for dgngea is explained by
the different number of free parameters of these modelssimaill N evenL = 400 train-
ing signals are sufficient to obtain accurate parametemasts for the PCV model. The
performance of the PDP model is plotted for the sake of cotapéss.

ReducingB has two effects:

1. The temporal resolution of the multipath propagationncied is reduced and an in-
creasing number of multipath components contribute torttiidual channel taps. As
a consequence, the statistics of the location fingerpniats tlifferent regions become
more similar, which is one reason for the performance degia asB decreases.

2. The length of the location fingerprints is reduced for dasmgB. This implies (i) a
reduced number of degrees of freedom and (ii) fewer free hppatameters. Less de-
grees of freedom cause a performance degradation, whessasde parameters imply
that less training signals are required for accurate esttbmaf covariance matrices.
For example, leB = 2 GHz andl; = 30 ns, which impliesV = 60. Simulation results
show thatL can be reduced t800, while still achieving a performance &, ~ 0.03.

In order to achieve the sari& in Fig. 4.17with N =90, L = 400 training signals are
required.
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4.6 Theoretical and Experimental Performance Analysis

It can be concluded that a larger signal bandwidth yieldtebgierformance of the pro-
posed location fingerprinting system provided that enoughing signals are available.
However, it is important to keep in mind that increasiBgincreases the number of free
model parameters, which in turn implies that more trainiiggals for parameter estimation
are required.

4.6.7 Observation Window Size

In this section, the impact of the observation window sizé¢herperformance is investigated.
We vary T from 5 ns up to50 ns, which implies anV from 15 to 150 with the default
bandwidth ofB = 3 GHz. Similar to increasing3, increasingl’s has two effects:

1. LargerTs implies largerN, with the same implications as above.

2. Increasingdls implies that also multipath components arriving later &tthceive an-
tenna are observed and can be exploited for localizationwener, the impact of
later multipath components on the position location penomce vanishes due to the
increased propagation distance and the correspondirgy Rkg This effect is empha-
sized in case of loBNR, 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: P, (left) andD, (right) as function ofl; for default system parameters and mea-
sured CIRs.

Fig. 4.18depictsP, andD, as function ofl’; for all three considered models and measured

CIRs The remaining system parameters are set to their defdutsaFor the three different
models different optimal values far; can be observed. Since the PDP model has ahly
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free real parameters, the larg&stof 50 ns is optimal. On the contrary the PCV model has
2N? + N free real parameters. Thus, with= 400 training signals the optimal value for
Ts is 20 ns. For the default COV model we find tHAf = 40 ns achieves best performance,
although the performance differenceltp= 35 ns andl’; = 45 ns is only marginal. Note that
these results are obtained for the measurel@BiR In general, the optimal; also depends
on theSNR We further observe that the default valu€igf which is based on the largest
RMS delay spread, is a sensible choice providing nearly optpagbrmance.

4.7 Summary and Conclusions

This chapter presents a thorough study of a location fingenpg system employing single
anchor, which is able to estimaf#Rswith large bandwidths. Performance results based on
measuredCIRs in a dense multipath environment with nbosS situations show the high
potential of the proposed location fingerprinting methotlisIfeasible to achieve a total
probability of error of less than0~2 and an average positioning error of less tRarcm

for the considered surveillance area, which is quantizéol i = 22 regions. As for all
location fingerprinting systems, the complexity of thernag phase dominates the overall
complexity. Chapters and7 propose means to reduce the complexity of the training phase
However, before techniques to improve the efficiency of thaing phase are investigated,
we turn our attention towards reducB&X (anchor) complexity in the next chapter.
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Chapter 5

Location Fingerprinting with a
Generalized Energy Detection Receiver

In this chaptet, we aim at location fingerprinting with a low complexiyWB RX struc-
ture. The fundamental difference to a coher@iAtconsidered in Chapteris that it cannot
estimate theCIR but rather performs nonlinear analog signal processingotaio energy
samples. The corresponding system model of the generdlieRX is described in Sec-
tion5.1

The main motivation for these investigations is anchor dexity. This is especially
important for the self-positioning scenario. The cohefRXtconsidered in Chapterhas to
perform the transformation into equivalent baseband arsémaple this signal with Nyquist
rate. For large signal bandwidths as considered\iiB systems these operations require
very powerful and power-hungry hardware components. Tigis RX complexity would be
feasible if the anchor is static and connected to the powgplgu However, for an ad-hoc
network it is beneficial, when all nodes regardless of coxigl@are able to perform location
fingerprinting. Furthermore, it is envisioned that in suchaa-hoc network there will be
mainly low complexity devices, which are battery powered.

We first describe the system model of the considered low cexitplUWB RX and present
the corresponding choice of the location fingerprints. Tertackle the problem of their
stochastic description. Similar to Chapterwe conclude this chapter with a performance
analysis.

Iparts of this chapter have been publishedi#].[
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Chapter 5 Location Fingerprinting with a Generalized Enddgyection Receiver

5.1 Generalized Energy Detection Receiver

The system model of a generalizE® RX is depicted in Fig5.1

| 5 a0 o ml
: p(t) ot (8, 7) P2 hipp (1) = ()2 = ogt) Y

: ! T : | fed

. UwB | w(t) generalized ED front-end |

. node : |

Fig. 5.1: Communication system with a generalized ED RX.

The TX employs either pulse position modulation or on-off keyimgl adheRX uses an
analogED front-end with a generalized integration filteft). The conventional ED front-
end mainly investigated in literature considers only regtdar integration filters. However,
it is shown in b, 70] that g(¢) can be optimized based on a priori knowledge of channel
and interference statistics such that significant gainstierbor probability are achievable.
Therefore, we try to be as general as possible in this systedehand allow for arbitrary
integration filtersy(¢).

The unmodulated input signal to the squaring deviee within one symbol periodD, 7]
Is given by

r(t) = / han(t,7) q(t —7) dr + / w(t — 7)hpp(r)dr, (5.1)

T p(t)*hpp(t) T

whereq(t) is the equivalent transmit pulse after convolutiorp@f) with the front-end band-
pass filterhpp(t) andh,,(t,7) is the generally time-varying CIR from an agent located in
regionm. It is assumed thak,,(t,7) does not change ihduring one symbol period (ob-
servation window). Sincéj is in the order of tens of nanoseconds, this assumption ils wel
justified. This assumptions simplifieS.{) to the standard input-output relation of linear
time-invariant systems. The stochastic proce&s accounts for possible distortions as de-
scribed in Sectiod.3. We stick to the SNR definition ird(2) in order to be able to compare
the performance of both approaches. The SNR has been detioediag to

E
SNR= 1010g10 <]Vb> s
0
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5.1 Generalized Energy Detection Receiver

where £, is the average energy of continuous tii&Rs and Ny/2 is the power spectral
density of the white Gaussian procesg).

It is assumed, that the generalized ED RX is synchronizedeteymbol timing of the TX.
For example, a low complexity solution for symbol syncheation with generalized ED
RXsis proposed inT1]. For the simulation results in this chapter we apply the esamax-
iImum absolute value alignment strategy as in Chagtevhich is described in Sectioh6.
The temporal alignment is performed before the squaringcdewsing the signat(¢) at
SNRmea

The signal after the generalized integration filjét) is sampled at a rate gtq producing
the energy sampleg,[n]. The sampling ratgeq and T specify the number of observed
energy sampledV = T feq. FOr N =1 the only available information for location finger-
printing is the RSS. This information is far too coarse foratele localization with only one
anchor. However, by increasinfgq for a fixedT a higher spatio-temporal resolution of the
UWB channel is obtained, and it is expected that reasonab#itation accuracy can be
achieved with a single anchor. The influencefgd on the performance is investigated in
Section5.7.

5.1.1 Choice of the Location Fingerprints

The location fingerpriny of length N for the generalized ED RX is obtained by stacking
all energy sampleg|n| for n =1,2,..., N into one vector. As discussed in ChapBwe
require the conditionaPDFs f,, (y|H,,) for m = 1,2,..., M for evaluation of the decision
rules in @.6) or (2.8). The stochastic modeling of the energy samples for UWB propa-
gation channels is not treated in literature to the besteaitithor’'s knowledge. An accurate
stochastic description is, however, essential for any kihiL or MAP operation on the
energy samples. There exist two possible approaches tmtdsling problem:

A Take existing and accepted stochastic models for the UWBagamon channel as
discussed in SectioA.2 and try to come up with a mathematical derivation of the
distribution of the energy sampleg:|.

B Apply a model selection criterion like AIC directly to measd energy samplagn)|.

Section5.2is concerned with approact and provides a numerical algorithm to calculate
the theoretic distribution of the energy samples based errd@bional channel model pro-
posed in Sectiod.2 Section5.3follows approach3 and applies AIC to measured energy
samples, which are obtained by processing measoiedaccording to the generalized ED
RX front-end in Fig 5.1
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Chapter 5 Location Fingerprinting with a Generalized Enddgyection Receiver

5.1.2 System Parameters

If not mentioned otherwise, the system parameters are figddllaws for the calculation
of computer simulation results. The transmit pyi$g) is assumed to be flat in the desired
frequency band. The front-end bandpass filtgl-(¢) is rectangular in frequency domain
and has3 GHz bandwidth fron8 to 6 GHz. The sampling frequency of the generalized ED
RX is equal tofeq= 1 GHz. A symbol period ofls = 30 ns is considered, which leads to
N = 30. Continuous-time signals are represented in the computsalmples obtained with
fs =40 GHz sampling.

5.2 Exact Distribution of Energy Samples for a Gaussian
Channel Model

In the following, the exacPDFsof the energy sampleg,,[n| are calculated under the as-
sumption that the propagation chanhgl(t, 7) and the distortion signab(t) are realizations

of real Gaussian processes. The specific parameters of@aessian processes are not rele-
vant for these theoretical derivations. There are thresoresato consider a Gaussian channel
model:

1. There exist analyses of measurement data (cf. Seé¢t®nwhich support the Gaus-
sian assumption also for UWB propagation channels. Furtbesit is shown in
Chapter that the regional channel model applying jointly Gaussizennel taps pro-
vides an accurate stochastic description of the equivakseban@IRsand excellent
location fingerprinting performance.

2. This derivation enables performance prediction basduisimnd second order channel
statistics (mean and covariance functions) without reagiextensive channel mea-
surements. Mean and covariance functions fully deterntiee3aussian process and
can be obtained via ray tracing tools or deterministic cleanmodels.

3. For all other stochastic models the mathematical déowatill most likely fail due to
intractability.

The interval of the real and band-limited signét) causing sample,,[n] is represented
by the vector,, ,, of length J = ﬁ which is obtained by sampling(¢) with f;. Note
that J = 40 for the default system parameters. Following the Gausssanraption it is

proposed that,, ,, is a realization of a MV Gaussian distribution with mean oewt, ,,, and
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5.2 Exact Distribution of Energy Samples for a Gaussian Céaviodel

covariance matri$, ,,. In the following derivations the sample indexnd the region index
m are dropped for notational convenience.

The generalized integration filteft) is assumed to be time-limited frodto 1/ feq. Addi-

tionally assuming thaj(t) is a real and positive function, the energy sampdan be written
as positive definite Gaussian quadratic form according to

ym[n] = rg,mGrn,m
4 ... dropping sample index and region indexn.
y=rlGr. (5.2)

The PDF of the random energy samplés denoted byf (y). The entries in the diagonal
matrix G are obtained by sampling —t) for —1/ feq <t < 0 with fs. As derived in 2], the
quadratic form in%.2) can be diagonalized, such th@aty) remains unchanged, according to

T ~. PDF
r'Gr = ZA] 23,

where); denotes thg-th eigenvalue 06'/2GS!/2. The random variables are independent
and Gaussian distributed with variance one and their mgaase given by

= (S—l/QUj)TV,

whereu; denotes thg-th eigenvector 08'/2GS'/2,

If all \; are equal and there exists at least gne- 0, theny is distributed according to a
Noncentral Chi-square distributi@nSuch a PDF is obtained, when the conditional PDF of
y given a channel realization is sought (e.{f]). Note that this is only valid for rectangular
integration filters, i.eg(¢) = constant fof) < ¢ < 1/ feqand zero otherwise.

For arbitrary)\;, a closed form expression fgt(y) does not exist. Grenander, Pollak,
and Slepian present an efficient and numerically stableoagprto calculatg (y) for zero
mean random variables (v; = 0 V) in [74]. This method is extended to the general case
of nonzero means in the following. The algorithm is based ouarier’'s inversion of the
characteristic function af, which is for nonzero means given by

i (1—2t\;) "1/ NN for = 5.3
];[ — exp m (0] = W. ( . )

2If all v; =0, theny is distributed according to a Chi-square distribution.
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The logarithmic derivative ofH.3) is given by

An(¥ () 0v(t) 1 J V2N

Aj
ot ot U (t) ];1—215/\]- (1_215/\]-)2

(5.4)

Applying the inverse Fourier transform t6.4) results in an integral equation f@r(y) given
by

Y
v W)= [ Fy=m)a(r)dr,
0

where

atr) =2 (ép (55 ) <1+;)\>) .

This integral equation can be numerically solved with tlaézoidal integration rule ac-
cording to [74], which gives

F(kA) = S f(A)a((k—1)A) for k=23,

k— %“(O) =1
whereA is the mesh size. This recursive equation requires nonnéial values, which are
obtained by using an analytic approximationfofy) aroundy = 0 based on Taylor series
expansion of%.3) and inverse Fourier transform. The approximation is given

(J/2)-1 15/ 2 J A2

Y exp(52.5-17; vi—1

fly)= (zj : 1/5) 1+% %+5(y2) : (5:5)
QJ/QF(J/2) Hj:l >\j j:]_ J

All exponents ofy in the error termg (y2) are larger than or equal ta Thus, this error
term is negligible for sufficiently small values gf The derivation of this approximation
is outlined in AppendixC. Note that the termexp (% Zj:ﬂ?) might lead to numerical

instabilities for large values of;.

Fig. 5.2depicts the numerically obtained PO¥Ey) for A =0.005, J = 10, A\; = 1V, and
ijlyf = 6.9, and the analytical PDF af, which is known to be Noncentral Chi-square.
The numerical values show a perfect match to the analyticecufor illustration purposes
not all numerical values are plotted.
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Noncentral Chi-square
0.06} ‘ , = Numerical PDF

0 10 20 30 40 50 60 70
Y

Fig. 5.2: Analytic PDF (Noncentral Chi-square) and numerically oi¢di PDF for
A=0.005, =10, \; =1}, and>7_; 77 = 6.9.

j=1
With this numerical algorithm the exaBPtDFsof energy samples for arbitrary Gaussian
processes at the input of the ED and arbitrary positive natean filters can be computed.
This enables the development of ML and MAP synchronizatlgarghms 2] and data de-
tection rules for generalized ERXs. In this thesis the theoretically derived ex&fFsare
used for benchmarking purposes. We propose closed Rivfsin Section5.3to model the
energy samples and would like to know how well they match ¢oetkact PDF. Furthermore,
the exacPDFscan be used to predict the performance of the location fimgpiqgy system,
if the parameters of the Gaussian channel model are known.

5.3 Stochastic Modeling of Energy Samples

In this section AIC (cf. AppendiB) is applied to measured energy samples, which are
obtained by processing measufedRsfrom one region according to the generalized ED RX
front-end in Fig5.1 The goal is to find closed forfADFsthat provide an accurate stochastic
description of the energy samples. Note that we requirelsicipsed fornPDFsf,, (Y| H.,)

for a computationally efficient calculation dt.) or (2.8). The candidate set considered here
consists of commonly useDFsfor continuous nonnegative random variables in closed
form with one or two parameters: Chi-square, Gamma, Weiholg-normal, Noncentral
Chi-square, Nakagami-m, and Rayleigh.
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We investigate two different impulse respongés depicted in Fig5.3: (i) A rectangular

integration window and (ii) the impulse response of a firsteo low-pass filter with & dB
bandwidth ofl GHz.

- [— Recténgular ‘
. |-~ First-order low-pas§
0.8 ] :
0.6
= \
0.4’ \\
0.2 '

5 o5 0 05 1 1.5 2
tin[ns]

Fig. 5.3: Investigated impulse responsgs).

In the next section artificially generated energy samplesetbaon a Gaussian channel
model are considered. In this case the exigtsof the energy samples are known from
Section5.2 Thus, we can compare the exact PDF to the closed form PDF aadure their
approximationquality, since the operating model is known. In Sectod.2we apply AIC
to measured energy samples, for which the exact PDF (opgnaitbdel) is unknown.

5.3.1 Gaussian Channel Model

It is assumed that(t) andh,,(t,7) are realizations of real Gaussian processes. Therefore
r(t) is itself a realization of a real Gaussian process. Notedbatinuous-time signals are
assumed to be sampled with, such that-(¢) in the interval[0, 7] can be described by the
vectorr, which is a realization of a MV Gaussian distribution. Theresponding statistical
parameters of (mean vector and covariance matrix) are estimated baséd(omeasured
CIRsfrom region4, which is chosen for presentation. The obtained resultdaaan con-
clusions in this section carry over to all otfiErregions. Given these parametel@)00 ar-
tificial realizations ofr are generated. Processing them according to the gener&iz& X
front-end depicted in Figh.1, artificial realizations of the energy samplga$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. st 8\NR (10 dB), all

66



5.3 Stochastic Modeling of Energy Samples
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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 hopitgis caused by the
dominating effect of the distortion signal(¢) with identical statistics for alk. The energy
samples cannot be modeled with a Chi-square PDF becausethean and white random
processw(t) is no longer white after bandpass filtering. Note that ondyititegration of a
squared white Gaussian process produces a Chi-squareuisini

At high SNR @0 dB), the non-stationary statistics of the propagation ckhare dom-
inating the distribution ofy4[n|. Since the statistics of the channel change wittue to
multipath propagation (non-stationary channel stasjtithe best modelingDFsfor y4[n]
might change wit as well. It can be seen from Fi§.4 that still mostly the Gamma PDF
achieves highest weights, but for examplé5| is better modeled with a Log-normal PDF.
Thus, depending on the channel statistics and the SNR, ¢ita€éamma PDF or the Log-
normal PDF are best suited among BFsin the candidate set to describe the statistics
of ya[n].

Fig. 5.5 shows the fitted closed form PDFs and the exact PDFs obtainsgenically
(cf. Section5.2) of y4[5] andy4[9] for SNR=40 dB. It can be seen that the Log-normal
PDF approximates the PDF gf[5] better and the Gamma PDF approximates the PDF of
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Fig. 5.5: PDFs fory,[5] (left) andy,[9] (right) for Gaussian channel model at SNRIO dB
using a rectangular integration window.

y4[9] better. However, both approximations show a very good miatte exact PDF, which
supports the applicability of these closed form PDF appnations.
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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 fory,[9] (left) andy,[15] (right) for Gaussian channel model at SNRIO 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. Similanatosions as for the rect-
angular integration window can be drawn. However, we carmesthat the homogeneity
at low SNR is lost. Log-normal and Gamma PDF alternate atthdbe input statistics are
essentially the same for eaeh This effect can also be observed for distortion signg)
only by neglecting the channel. Thus, it depends on thequdati realizations of, whether
Log-normal or Gamma PDF has the higher Akaike Weight. At IR mostly the Log-
normal PDF is winning. Fig5.7 shows the fitted closed form PDF and the exact PDF of
energy samplegs[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 rt@athke exact PDF.

5.3.2 Measured Channel Impulse Responses

For the calculation of the Akaike Weights, an ensemblé20fmeasuredIRsfrom all four
transmit antennas located in regioto receive antennais used. We only show results for

a rectangular integration window, but the results and amichs carry over to a first-order
low-pass filter and, moreover, to all oth#r regions.

The Akaike Weights in Fig5.8give essentially the same picture as the Akaike Weights for
the Gaussian channel model. We conclude that also for me&IRs the Gamma and Log-
normal PDF are best suited to model the stochastic behaliibeenergy samples. It can
be seen from Figh.9that the exact PDF can differ from all other PDFs, since ibimputed
under the assumption of a Gaussian channel model. Espdaai#tie left plot of Fig.5.9the
exact PDF does not match to Gamma PDF, Log-normal PDF, artdgtegyram. The reason
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for this mismatch is the temporal alignment and the fact tih@tchannel taps causing|3]
deviate significantly from a Gaussian distribution. Thisetvation indicates that approath
may be more promising than approadtor 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 stochastadeling of energy sam-
plesym/[n]:
e The exact PDF for a Gaussian channel model is derived in@eg? and is denoted
by fe(y[n]|Hy). The parameters of the Gaussian channel model can be esfimat

from measured CIRs from region or can be obtained by a geometrical channel model
and a ray tracing approach.

e The Gamma PDF with shape parameitgy,, and scale parametgy, ,,:

B T (cn,m)

(y[n))*™™ " exp(—y[n]/Bn.m) for
y[n] >0,
( [ ]|Hm) = { .
0 otherwise.

e The Log-normal PDF with meam, ,,, and variancerfhm

2
L (y[n]|H. ){ n]«/—27ra exp( W) for y[n] > 0,

otherwise.

If statistically independent energy samples are assurhed the joint PDF of the location
fingerprint vectow is obtained as product of the marginal PDFs according to

N
1.) Exact: f, g (Y| Hm) = H felyln]|Hp), (5.6)
n=1
N
2.) Gamma: [y, 6 (Y| Hm) H (5.7)
N
3.) Log-normal: f,, | (Y| Hp) H (5.8)

In general, the joint PDF given irb(6) is an approximation to the exact joint PDFyoés-
suming a Gaussian channel model, because correlationsanse dependenciesynHow-
ever, it is mathematically and computationally intracéatd compute the exact joint PDF,
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Chapter 5 Location Fingerprinting with a Generalized Enddgyection Receiver

which would require the numerical inversion of airdimensional characteristic function.
Correlations among energy samples are further discussed imeixt section.

5.4 Correlation among Energy Samples

So far, we have investigated the marginal distributionhefénergy samples yn However,

a full stochastic description gfrequires a joint PDF as already discussed in Seeti@r? It
has been shown in Sectidr6that the channel tap correlations, which are caused by tye pr
agation channel, differ from region to region and can beatgd to improve the location
fingerprinting performance. Based on this observation fooleerentRX, it is conjectured
that also correlations among energy samples exist, whiglcaused by propagation effects
and a region specific. Thus, accounting for correlationsrapemergy samples is a means to
improve the position location performance for a generdlZ® RX.

We are looking for a mathematically tractable MV PDF fgrwhich is able to model
correlations among energy samples. There exists a compsikaliscussion 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 digiutions. However,
the mathematical expressions for the respective PDFspefarehe MV Gaussian PDF, are
involved and mostly not given in closed form. This esselytipfevents the derivation of
ML parameter estimation and ML or MAP decision algorithmbeilefore, there is a lack of
alternatives. One possible solution would be the MV Gausdistribution. However, since
the components ig are energy samples and therefore non-negative, this medbliously
not accurate.

Based on the analysis of the marginal distributions the keshastic description oy
would be either the MV Gamma or the MV Log-normal distributidhe MV Gamma PDF
cannot be given in closed forn7¢|, which leaves as only alternative the MV Log-normal
distribution. The corresponding PDF is given in closed fanyn

exp (=4 (0n) )" 5 (n(y)—pm) ) )
Smmve (Y| Hp) = @) N2 |Sm V2], yln)
0 otherwise

fory >0, (5.9)

where the natural logarithm im (y) is taken element-wise. The random variable trans-
formation x = In(y) rendersx as jointly Gaussian distributed with mean vecjor, and
covariance matrix,,. This can be shown by the MV random variable transformati@ot
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5.4 Correlation among Energy Samples

rem fx (X) = fmveL (Y) [J] and by noticing that the determinant of the Jacoldiagiven by
3| =TI5C, yln).

5.4.1 Empirical Correlation Matrices

Fig. 5.10depicts the empirical correlation matricesyofor 620 artificially generated CIRs
based on the Gaussian channel model in the left plot and2fomeasured CIRs from re-
gion 2 in the right plot. The parameters for the Gaussian channdetrare estimated based
on 620 measured CIRs from regiah Fig. 5.11depicts the corresponding empirical correla-
tion matrices ofk = In(y). It can be observed that in both cases the correlation cieefic
are considerably smaller for the Gaussian channel modelftrtaneasured CIRs. The rea-
sons for the large correlation values foK 4 are again the temporal alignment and the weak
multipath interference on the LoS path.

Fig. 5.10: Absolute values of empirical correlation matricey®r Gaussian channel model
(left) and measured CIRs (right) from regidn

5.4.2 Analytical Expression for Correlation Coefficients

The analytical expression for the correlation coefficieztileen two energy sampleg| and
y[j] based on the statistical parameters & derived in the following. The equations for the
energy sampleg|:] andy[j] are given by

yli] =r] Gr; andy[j] =r] Gr;.
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Fig. 5.11: Absolute values of empirical correlation matricexdbr Gaussian channel model
(left) and measured CIRs (right) from regidn

The mean vectors of andr ; are denoted by; andv;, respectively. The covariance matrices
of r; andr ; are denoted b$; andS;, respectively. The covariance matrix betwegandr ;

is denoted by5; ;). Note that the region index is neglected in this derivation for notational
convenience. The integration filteft) is assumed to be restricted to the interi@all / fe
such that it influences only a single energy sample.

The correlation coefficient betweefi] andy|;] is defined as

oo = Elli) i) ]~ EpL)] (5.10)
“ : 12 . 2] '
VE[wli —EWii)’ E [0l - EBl)]

The expected value of an energy samylg is given by

J
Ely[n]] = E[r}Gr,| = Tr[S,G] + V), Gvy, = 3 g [k ([Sulg s + (va[K])°) -
k=1

The second equality follows from the fact th@atis a diagonal matrix withg = diag[G].
Further, the expected value of the product of two energy &sngp given by

J J
Elylilyli]) =E[rfGrirTGr;] = kz lzg[k]g{l] E[(ra[k])* (r; [11)?] -
=1l=1

This expression holds for arbitrary distributionsrefandr ; and a diagonal matri&. Un-
fortunately, the expectation is hard to calculate for aaloyt distributions, since moments up
to the fourth order are involved. However, we obtain for flyitaussian random vectors

74
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andr

J J 2
= Z: Z: ( ik k [Sj]l,l +2 ({S(z J)} L l) + 4v; [k] vj [l] [S(i’j)}k:,l

+ (01 [)? 1S5+ (05 1) [Silj e+ (vi [R])? (v [l])2> :
The expectation of the product of four correlated jointly uSsian random variables
(E[X1X2X3Xy]) is derived in AppendiE. The above result follows directly by choosing
Xi=Xo=1; [k] andX3 =Xy= Tj [l]

Consequently, the covariance coefficient betwgénandy|j] is given by

E(yli] — Ely[il)) (yli] — ElyID] = Elyldyli]] — Ely[d] Elyli]]
J J 2
=3 > glK] ( ([S60ler) +lies 1 [Sm)h,z)'

k=11=1

The correlation coefficienp; ; follows by using this expression irb(10 with the corre-

sponding indices and;j. Assuming that the vectors andr ; are zero mean then the covari-

ance coefficient depends only &j ;) andG. It can be concluded that the energy samples
y[i] andy]j] are strongly correlated if the two vectarsandr ; are strongly correlated.

5.5 Position Location and Clustering Systems

5.5.1 Training Phase

For the evaluation of4.6) and @.8), the parameters of the conditional PDFs/afiven H,,,
for all m must be estimated during a training phase. In contrast wtitmt fingerprinting
with a coherent RX, the distortion signal(t) is comprised in the location fingerprints of
a generalized ED RX. This implies that the training phase rbastepeated for each SNR
operating point, since the SNR influences the stochasticriggien of y. Consequently, a
high SNR during the training phase is no longer required.

The ML parameter estimates fof,, g (y[n||H,) based onL training samples
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yﬁ%) [n],y,(,%) n],... ,yﬁnL) [n] from nodes located in regian are given by 7]

! L L
In (A ) — o) _ (i Syl [n]) — > () (5.11)
=1

=1

Although there exists no closed form solution foy ,,, in (5.11), numerical solvers can be
applied.

The ML parameter estimates féy, mvL (Y| H.,) are given by 76]

i = 2310 (410) = L3

Ll:1 Ll:l
s 1o 0)_ 7 Oy_5 V'L 0 _ . 0 _ o\
Si= 720 (W (Y)) = ) (0 (V) = o) = 30 ()00 = o) (X5 = o)

The ML parameter estimates f@y, | (y|H,,) follow directly from the ML parameter esti-
mates forf,, mvi (Y| Hm).

We notice that there a2V free real parameters to estimate if it is assumed that thrggne
samples are independent. If we model also the correlatimngranergy samples there are
N+ N(N +1)/2 free real parameters to estimate. The accuracy of the pteasstimates
is determined byl as already discussed in Sectibd.1 The impact ofZ on the position
location performance is investigated in Secttoi.2

The proposed location fingerprinting framework in Chafiteznables the combination
of training and localization phase via iterative algorigywhich improve the quality of the
parameter estimates during the localization phase. Tasiglfurther discussed in Chapter

5.5.2 Localization Phase

The localization phase consists of evaluatiBg) or (2.8), depending on the figure of merit,
with an observation vectgr. The actual metrics depend on the PDFyoAs an example we
consider decision rule(8) for the MV Log-normal model, which can be formulated as

(hl (y) B ﬂm)T 2m (ln (y) — ﬂm)

A1
W= argmax — "
m= ————exp| —

m=1,2,..,M | S |1/2 2 ’
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5.6 Accuracy of Closed Form Approximations

where we have neglected all terms that are independent dfaking the natural logarithm
gives

A

Ton ) ()~ )" S (0(Y) — 1)
2

v e (5 i
This decision rule is similar to the decision rule, which bagn obtained in Sectioh4.2
for a coherent RX. Prior to the calculation of the quadratiocrfavith the pre-calculated
and stored matri>ﬁ3;n1, the natural logarithm of the observation vecganust be calculated
and the meam,, must be subtracted. Furthermore, it can be observed thatnibect of
the distortion signalu(t) is no longer visible in the decision rule as compared to the ru
in Section4.4.2 This is due to the nonlinear RX front-end and the stochastideting
approach, which accounts for the impactg(t) in fi,,, and33,,.

T
Multiple Observations per Agent If there areK observationy = {le, . yﬂ available
(cf. Section2.4.3, we apply £.11) and obtain a slightly modified decision rule:

m= argmax In| —=——-|—= In -, X, (In —[,,) -
argmax (|2m|m> 33 ()~ 5, ()~ )

5.6 Accuracy of Closed Form Approximations

In Section5.3, visual inspection has shown that the proposed closed fddfsRare rea-
sonable approximations to the exact PDFg,qfn| for a Gaussian channel model. In this
section, we support this observation by analyzig For this analysis, it is sufficient to re-
strict the number of hypothesesid = 2. Let us considef{; and Hg with 75 = w19 = 0.5.
We presenfP, results assuming a Gaussian channel model as well as fouuneelaSIRs.
The parameters of the Gaussian channel model are estinmsteb20 measured CIRs from
each region. Based on these parameters the exact marginald@®Ealculated and conse-
quently f5 g (y| Hs) and f10.e (Y| H10) are obtained according t6.¢6). The parameters of the
closed form PDFs are estimated based.oa 400 training signals per region according to
Section5.5.1

The left plot of Fig.5.12depictsP, for artificially generated CIRs based on a Gaussian
channel model. The energy samplesyimre generally dependent due to correlations in
r. In order to obtain independent energy samples the Gaussamel model is modified,
such that the covariance matric8g ;, between the vectors; andr; for i # j are zero
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Fig. 5.12:P, for Hs and H1o with 75 = 719 = 0.5 assuming a Gaussian channel model (left)
and for measured CIRs (right).

matrices. This is done to ensure that decision rR2l8) (using the exact PDF5(6) is optimal.
The corresponding performance curves can be seen in th@defif Fig. 5.12marked with
independentlt can be seen that all closed form PDFs achifveclose to the optimum, at
which the Gamma PDF comes closest. These performancesrsaplbort the accuracy and
applicability of the proposed closed form PDFs.

The unmodified Gaussian channel model causes dependemgieshe corresponding
curves are marked wittlependenin the left plot of Fig.5.12 There is a performance loss
due to the wrong independence assumption. Note that the¢ BXde given in 6.6) does
not provide minimalP,. anymore. Only the MV Log-normal PDF given i6.0) accounts
for the correlations among energy samples. However, it easeen that for the Gaussian
channel model the achievable performance improvement amedpo the PDFs assuming
independent energy samples is only marginal.

The right plot of Fig.5.12depictsP, for measured CIRs. It can be observed that all closed
form PDFs outperform the exact PDF. This supports the cermifrom Sectiorb.3that the
direct modeling of energy samples (approd&)his more promising than the mathematical
derivation of the exact PDF based on a Gaussian channel riaqaebachA). Nevertheless,
the exact PDF derived from the Gaussian channel model isidseperformance prediction
providing conservative values f@t,.

A significant performance improvement of the MV Log-norm&H compared to the
other PDFs can be observed from the right plot of Big2 Such an improvement cannot
be observed in the left plot of Fi§.12assuming a Gaussian channel model. These results
are conform with the empirical correlation matrices showfig.5.11, where it can be seen
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that the correlation coefficients assuming a Gaussian @hamodel are significantly smaller
than for measured CIRs. It can be concluded from these resaltsie MV Log-normal
PDF is the preferable PDF for modeling the location fingetprigenerated by a generalized
ED RX.

For comparison the performance of a coherent RX with defaulipeters (cf. Chaptd)
is plotted as reference. In order to reggh= 102, an SNR of around1 dB is required for
the coherent RX, whereas an SNR of arogadiB is required for the ED RX. Furthermore,
the error floor at high SNR can be significantly reduced byypgla coherent RX.

5.7 Experimental Performance Analysis

In this section, the performance of location fingerprintmith a generalized ED RX is in-
vestigated. The figures of merit af& for the clustering problem anB. for the position
location problem. We consider the ensemble of meastiBd from all four transmit anten-
nas to receive antenmawhich resembles a remote positioning scenario. The UWBra#lan
measurement campaign is described in Chaptérhe total number of measur€zlRs per
region is620. The CIRs are normalized such that the average energy is the fearall
regions implying that th&L information is not used for localization. In order to obtaga
alistic estimates for the figures of merit we resort to thelamized cross-validation method
described in Sectiod.6.1 The performance metricB. and D, are calculated assuming
Gamma PDFJ.7), Log-normal PDF%.8), and MV Log-normal PDFJ.9).

5.7.1 Default System Parameters

Important system parameters are the number of traininglsdnper region, the SNR, the
sampling frequency of the energy detecftgy; the observation window size or symbol period
denoted byl's, and the number of region®. Note that7 and feq determine the length of
the location fingerprints according 10 = 7 feq. The default values of these parameters are
summarized as follows.

e Default number of training signals I1s= 400. This leave220 test signals per region.

e Default SNR is the measurement SNR denoted by g Chapter3. This corre-
sponds to adding no artificial distortion signals.

e Default sampling rate igeq = 1 GHz.
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e Default observation window size & = 30 ns. Together with the default sampling
rate this gives a default length of the location fingerproftd/ = 30 energy samples.

e Default number of regions i8/ = 22, which corresponds to the whole measurement
set.

e Default a priori probabilities are,,, = 1/M.

e Default integration filteg(t) is rectangular.

e Default reference sampleignaxabs= 3.
Two performance curves for each closed form PDF are cakxi@hd plotted:
(1) The ED RX hadg{ = 1 observatiory available for region detection.

T
(2) The ED RX hask = 2 observationy = |y{,y| from the same region available.
The observation pairs are picked randomly from the test sktta

5.7.2 Number of Training Vectors
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10 0 100 200 3%0 400 500 600 10 0 100 200 320 400 500 600

N

Fig. 5.13: P, (left) andD, (right) as function ofL.

Fig.5.13 depicts the position location performance as a functiorh.ofThe remaining
parameters are set to their default values. The length ief N = 30, which means that
N+ N(N +1)/2 =495 free real parameters must be estimated for the MV Log-noRD&l.
The other two PDFs assuming independent taps require tineagisin of 2N = 60 free real
parameters. Therefore, the performance of the MV Log-nbfd drops drastically for
small L, since the stochastic description becomes inaccurate. et#awfor L > 100 the
higher model complexity of MV Log-normal pays off. Furth&rcan be observed that two
available observatioAgyive a significant performance improvement. For exampke aifer-

3The corresponding performance curves in Big.3are marked with (2).
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age positioning error can be decreased fé3mam to43 cm using the MV Log-normal model
with L = 200 training signals. Simulation results show that more thamawservations give
additional performance gains.

5.7.3 Distortion Analysis

10 T y T 10
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Fig. 5.14:P, (left) andD, (right) as function of SNR.

Fig. 5.14depicts the performance as function of the SNR. The remaipamgmeters are
set to their default values. As reference, the performaheecoherent RX with default sys-
tem parameters is shown. These curves are the same as thélaok curves with square
markers depicted in Figl.16 It can be seen that there is a substantial performance toss o
the generalized ED RX in comparison to the coherent RX. The #oor at high SNR in-
creases froP,. ~ 0.009 to P, ~ 0.22 and fromD, ~ 0.18 mto D, ~ 0.76 m, when the MV
Log-normal model is assumed. This performance loss candowee=d by exploiting mul-
tiple observations per agent, which can be seen by the cumaésed with (2) in Fig5.14
Since the distortion signal(¢) changes from observation to observation, the agents n¢ed no
be mobile and do not require multiple antennas. Howeveryderoto obtain a reasonable
performance for the generalized ED RX an SNR of at Iea&HB is required. In case of a
coherent RX the required SNR reduces to approximdtelyB.

5.7.4 Sampling Frequency of Energy Detector

Fig. 5.15shows the performance as function fafi The remaining parameters are set to
their default values. Increasinfgg has two effects:
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Fig. 5.15: P, (left) andD, (right) as function offeg.

1. The bandwidth of the filtey(¢) is increased and the multipath components of the
propagation channel are better resolved in time. This leabstter performance due
to more distinguished location fingerprints with more degref freedom.

2. The number of free parameters is increased, which regjlarger for an accurate
stochastic description.

It can be observed from Fi§.15that L = 400 is large enough such that performance gains
are achievable whefqis increased t@ GHz. It can be also seen that performance drops fast
for decreasingeq implying that the temporal resolution of the propagatioarutel becomes
too coarse. It can be concluded that a sampling frequengyyof 500 MHz is required for
reasonable performance.

5.7.5 Number of Regions

The number of regions is an important system parametef/Ascreases, it can be expected
that P, increases as well. The communication theoretic analogyldvoe a signal space
with a fixed number of dimensions and an increasing numbeppo$tellation points for a
fixed SNR. How fasfP, increases, depends on the dimensionality of this signaespain

the position location setup on the degrees of freedom ofdtetion fingerprints. The larger
the degrees of freedom (signal space dimensions) are, diverswill be the performance
degradation for increasingy/. Note that RSS location fingerprints have only one degree of
freedom per access point (anchor), which implies a rapitbpeance degradation. Since
we are considering location fingerprints based on the UWBagmapon channel we expect

a graceful performance degradation for increasinglue to many degrees of freedom. The

82



5.7 Experimental Performance Analysis

following results support our conjecture of graceful periance degradation for increas-
ing M.

0.18 S —
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Fig. 5.16:Conditional error probabilities {;|H4) for observations from regiod for
L =200 and MV Log-normal PDF.

Fig.5.16 depicts the conditional error probabilitieg ;| H,) for observations from re-
gion 4 assuming one or two available observations. The stochastdel for the location
fingerprints is the MV Log-normal PDF. The default systemapaeters except fak = 200
are applied. It can be seen that most of the classificati@mseoccur among physically close
regions, which implies that classification errors are nyaiatal phenomenons. Thus, it is
expected that increasiny will not lead to a significant increase . as long as the addi-
tional regions are not very close to already considerednsgi FurthermoreD, will stay
essentially constant, since classification errors amomrgbyeregions have only marginal
impact onD..

If the position location application requires larger ol tdverage of the room, it is con-
ceivable that the region dimensions are increased at theotaslarger fundamental posi-
tioning uncertainty while maintaining reasonably smalles for A/ andP.. For example
the total probability of error considering the eight adjatceegions{1,2,3,4,8,9,10,11} is
calculated a®, = 0.22. If regions{1,2,3,4} and regiong8,9,10,11} are merged into two
super-regions the total probability of error reduce®to= 0.12. For this example the default
parameter settings except fbr= 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 rfaniggéing system employing a
singleanchor with low complexity. The location fingerprints capend to vectors of energy
samples, which can be modeled with a Gamma, a Log-normalyidgf Bog-normal PDF. An
experimental performance analysis based on measured Cigddsd¢ivat the MV Log-normal
PDF provides the best performance as long as the numbermihtyasignals is sufficiently
large.

An average positioning error dP, ~ 93 cm at high SNR,feq=1 GHz, L =200, and
M = 22 can be achieved with a single observation per agent. If tvgeations are avail-
able, the error decreasesm® ~ 43 cm. If the distortions are non-negligible (low SNR) the
corresponding performance degradation can be comperisatesing more observations per
agent for the region detection process.The agents nee@mobbile and do not require mul-
tiple antennas in this case, because the distortions cHemgeobservation to observation.

In this chapter, it is demonstrated how location fingerjpmopntan be performed with a low
complexity generalized ED RX. With the MV Log-normal PDF wepose an accurate and
mathematically tractable stochastic model for a vectornargy samples, which is able to
account for correlations among the energy samples.

In the upcoming Chapte® and7, two promising methods to increase the efficiency of
the training phase are proposed. The objective is to redhecesguired number of training
signals per region, while maintaining a certain positiacalion performance.
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Chapter 6

Combination of Training Phase and

Localization Phase

In this chaptet, we propose to combine the parameter estimation phasehwitio¢alization
phase in order to jointly improve the quality of the paramettimates and the performance
metrics. To the best of the author’s knowledge, this ideaotatly train and localize has
not been known in the location fingerprinting community so fais, however, well known
that the complexity of the training phase is the main linndtat which prevents a practical
implementation of location fingerprinting systems. Thistfemphasizes the importance of
this idea even more.

First, we discuss in Sectidhl, how the hypothesis testing framework introduced in Sec-
tion 2.4 must be adapted such that joint parameter estimation aatization can be imple-
mented with theexpectation maximization (EMglgorithm. Then, we review the required
theory to understand and apply tB& algorithm in Sectior6.2, discuss the position loca-
tion and clustering system in SectiétB, and finally provide an experimental performance
analysis in SectioB.4.

LParts of this chapter have been published’#].[
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6.1 Location Fingerprinting via Parameter Estimation of

Mixture Densities

We consider the same scenario as discussed in Sécfionhe surveillance areais quantized
into M regions, in which the agents can be located. This impliesdheh agent has to be
located in one of thos&/ regions. Further, there exists a parameterRBd, which models
the stochastic behavior of the location fingerprints and sehparameters distinguish the
regions. The conditiond?DF of a location fingerpriny of an agent located in regian is
denoted byf,, (y|©,,) with parameter seb,,,.

Lety be the location fingerprint of an agent with unknown positiSimce the agent could
be located in any region, the parameter set ofRBé- describingy could be any of thel/
parameter set®,,,. Consequently, it is proposed to model the unconditi¢tiaF of y as a
mixture density 9] according to

M
f(y’@) = Z Tmfm (y‘@m)a (6.1)
m=1
where the weights,,, of the componenPDFssum up to one. These weights are in analogy
to the a priori probabilities defined in Secti@m. The set of parameters describifigy|O©)
Is given by

@:{7Tl77'r2,...,7TM,@1,@27...,@M}.

If the individual parameter se,,, and the weightsr,,, are known perfectf; then the opti-
mal position location procedure is to apply thé-ary hypothesis testing framework devel-
oped in Sectior2.4. In practice, howevery,,, may be unknown an@®,, must be estimated
from a finite number of training signals. It has been shownaati®n4.6.3and Sectiorb.7.2
that a large number of training signals is required, in ortdeobtain accurate parameter
estimates and good position location performance.

The modeling off (y|©) as mixture density enables the combination of parameter est
mation and region detection. Each new observajios first assigned to the most likely
componenPDF (region detection step) and then used to improve the paesrastimates.
An iterative algorithm accomplishing this task is &l algorithm, which is reviewed in the
next section.

2Recall that this would require infinitely many training sigs
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6.2 Expectation Maximization Algorithm

The original problem, which led to the design of tB# algorithm, was the search fofL
parameter estimates ofRDF based on an empirical data set with incomplete or missing
values BQ].

Later on, it was found that theM approach is also very useful for optimizing likelihood
functions, which cannot be optimized analytically. Formypde such involved likelihood
functions arise fromML parameter estimation of mixture densitiésl]] The idea is to
simplify the likelihood function by assuming the existerafanissing parameters, which is
outlined in the next section. A detailed tutorial about Eié algorithm can be found irgp]
and in Chapter 9 ofd2].

6.2.1 Maximum Likelihood Parameter Estimation for Mixture De nsities

We consider the mixture density fror.() and search for thBlL parameter estimatés of
O based orl;, independent observatiops—= {yl,yQ, e ,yLb}. The according log-likelihood
function is given by

Lb Lb M
AOY) 2 n(f(Y]©)) =In (Hf(yﬂ@)) => In ( > Tmfm (yz|9m)> . (6.2
=1 =1 =1

The ML parameter estimated are obtained by maximizing (©])) with respect to®,
which is mathematically complex due to the logarithm of a frtomponenPDFs

We apply the trick of assuming the existence of an unobsdimésking) data set denoted
by u = [ul,ug,...,uLb}, where the value of each elemente {1,2,..., M} indicates the
componenPDFof the corresponding observatign For example, ity; = m theny, belongs
to them-th componenPDF f,, (y;|O,).

We denot€) as incomplete data set afi}f, u} as complete data set. Assuming knowledge
of ) andu, the complete log-likelihood function is given by

Ly
A(O[Y,u) 2 In(f (Y,u[0©)) =In (Hf(yp@m@))

=1

Ly
= > In(fu, (Y1|Ou)) + 10 (7y,). (6.3)
=1

87



Chapter 6 Combination of Training Phase and Localization #has

Depending on the particular expressions for the compoiiEs the complete log-
likelihood function can be maximized with respect@owith several methods. For some
PDFslike MV Gaussian there exist even analytical expression®fdfhe main problem is,
however, that is usually unknown.

We proceed by assuming thatis a random vector, which makes the complete log-
likelihood function A (©|Y,u) itself a random variable. Thexpectationstep of theEM
algorithm calculates the expected value\a|), u) with respect tas given)’ and the pa-
rameter estimates from the last iteration 1 denoted byo [i — 1]. Mathematically, this is
written as

Q(0,0i—1]) =Eu[A(O[Y,u) [V, 0[i —1]]
:/A(@D/,u)p(u\y,@[i—1])du, (6.4)

u

wherep (u|), © [ — 1]) denotes the condition&DF of the unobserved data given the obser-
vation sety and® [i — 1]. The cost functiorf) (©,0 [i — 1]) is maximized in thenaximiza-
tion step according to

O[] = arg(;nam (©,0[i—1])), (6.5)

which gives the new parameter estimag]. Equations §.4) and 6.5 are general and
must be further derived until tHeM algorithm can be implemented. In order to proceed, we
require an expression fer(u|), O [i — 1]).

For the special case dflL parameter estimation of mixture densities, the conditiona
probability mass function (PME)f u is given by

L £y O fi— 1)
= ier-1

_ Ty [ = 1] fuy (¥1]Ou, [t —1])
ll_[12m 171-771[l_l]fm(y”@m[2_1])7

p(ulY,0[i—1]) Hp wly;,©[i —1]) =

where the first equality is due to the definitionugfwhich states that eacl is only linked
to the corresponding;. This implies independent componentsun The second equality
resembles Bayes’ rule and the third equality follows fromgging in known expressions
from (6.2) and 6.3).

SNote thatu is in this case a discrete random vector.
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This expression fop (u|), 0 [i — 1)) is inserted into.4) and after some calculatiofisve
obtain

M Ly
Q(0,0[i—1)) ZUZID T fm (YilOm)) p (mly;, © i —1])
m 1
M Ly M Ly
= Z Z p(mly;,©[i—1])+ lezln(fm YilOm))p(mly;, ©[i —1]),
m=1[=1 m=1[=1

(6.6)

wherep (m|y;,©[i —1]) denotes the conditional a posteri®MF of the m-th component
PDFand is given by

1]): Tm [i_l]fm(yﬂ@m[i_l]) (6.7)

pmyn Ol =10 = o o 0= 1))

Note thatp (mly;, ©[i — 1]) is the probability mass of the event that the observayiobe-
longs to then-th componenPDFgiven© [i — 1].

The remaining step is to maximizé.6) with respect t@® in order to obtain new parameter
estimates. Depending on the componEbiFs this can be still mathematically complex.
However, for some componeRDFslike MV Gaussian oMV Log-norma? it is possible to
derive analytical expressions for the parameters, whickinmae (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 compdtieRsareMV Gaussian. If all
componenPDFsareMV Log-normal, then a Gaussian mixture densityirs obtained by
the random variable transformation= In(y). The parameter s&d of Gaussian mixture
densities consists of the weights,, a set of mean vectorg,,,, and a set of covariance
matricesX,,.

The update equations for the new parameter estinti@sn terms of the old parameter

4This derivation can be found in detail iB7).
5Note that the MV Log-normal PDF can be easily transformed @mt MV Gaussian PDF (cf. Secti@my).
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estimate®[i — 1] are given b§

1 &
=1

S yw(mly, ©i-1))
Sy p(mly ©li—1])
_ Sty (mlys- Ol 1)) = i) 01 = i) 6.8)
Zl:’)lp(mlyl,@ [i—1])

o, [1]

Emli]

These update equations perform éxpectatiorandmaximizatiorstep simultaneously. The

EM algorithm starts with initial parameters estimates desie©|[0] and iterates through

the update equations i8.Q) until convergence. Convergence is reached, when the change
of the cost functior@ (©[:],0[i —1]) — Q (B[i —1],© i — 2]) is less than a certain value. It

is shown in B0, 81] that each iteration increases the cost function and tleeE kil algorithm

Is guaranteed to converge. However, B algorithm converges in general only to a local
optimum, which implies that the obtained parameter estsiare not necessarily tiéL
parameter estimates. Which local optimum is reached, dapendhe initial parameter
estimate®|[0].

6.3 Position Location and Clustering Systems

In this section, we outline the required steps of positi@atmn and clustering systems using
the EM algorithm for joint region/cluster detection and parametimation.

6.3.1 Training Phase

As discussed above, the initial parameter estima{ésdetermine the convergence behavior
and the outcome of thEM algorithm. It is assumed that the system gathlersaining
signals per region/cluster during a supervised trainiregph These training signals are used
to calculated[0]. This step is in analogy to the training phases discusseddtid®4.4.1and
Section5.5.1 The objective is to reduck as much as possible, while maintaining a certain
P. orD..

In order to exploit the training signals not only for iniiedtion of theEM algorithm
but also for parameter estimation in each iteration stap,ptoposed to modify the update

6A detailed derivation is provided ir8p].
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equations in§.8). The idea is to include the initial parameter estima&is in the update
equations by exploiting the a priori knowledgeafimly;, © [i — 1]) for the training signals,
which takes on the valug if the training signaly, is caused by d&X located in regionn,

or the value0, if the TX causingy; is located in any other region. The modified update
equations follow as

Ly,
mlil= Ty (“Zp(mryl,e[z‘— 11)) ,
=1
p i) = 20 +3 0 yip (mly; O i — 1))
: L+¥p(mly,0[i—1])
Sfi] = Z2ml0 + 522 (], © [ = 1)) (¥ = Boli]) (Vi — i) (6.9)

L+t p(mly, ©i—1))

These update equations are obtained, wheh al/ training signals are included in the set
of observationg’ giving a new set withl;, + L - M observations.

6.3.2 Localization Phase

During the localization phase, the system gathers andssfgréocation fingerprints, i.e.
Y, for agents with unknown positions. In case of remote pasitig, these observations
can be obtained from multiple agents at different positionalso from moving agents at
different time instants. In case of self-positioning, thedservations are obtained at one
moving agent at different time instants. Usigand©[0], the update equations i6.9) are
applied until convergence is reached at iteratforThe resulting parameter estimates can be
extracted fron® [:*].

Clustering of the individual location fingerpringsis performed according to

m = argmaxp(mly;,©[i"]) = argmax(

T [1*] fn (Y1 Om [Z*]))

mel,2,...,M mel,2,...,M fyi®li*])
= argmax mp, [*] fm (Y;|Om [i*]), (6.10)
mel,2,....M

which is in analogy t04.8). The PMFsp(m|y;,©[i*]) for all M clusters and alL; obser-
vations have been already computed byEhé algorithm.

Region detection of the individual location fingerprintsis performed in accordance
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to (2.6):

= argmin (Zﬂj m.j fi (Yil Hj ))

m=1,2,....,M
= argmin (Zw] dm i[5 (Y1105 [i ])) (6.11)
m=1,2,....M

The number of observed location fingerpridtsinfluences the performance of tk al-
gorithm. The larger., the better will be the parameter estimation quality aftenveogence.
More accurate parameter estimates imply imprae@ndD,. Therefore, it would be ben-
eficial to collect and store as many location fingerprintsassible before th&EM algorithm
is applied. There are, however, two drawbacks. First, tg@nécluster information is de-
layed due to the required time for collecting observati@econd, collecting many location
fingerprints requires large storage capacity. &daptiveEM algorithm described below
mitigates these drawbacks.

Adaptive EM Algorithm  Let us assume thdi, is limited due to the aforementioned rea-
sons. After recording) with the largest allowed,;, the update equations i6.9) are applied,
which produces parameter estimatg*|. Clustering or region detection is performed ac-
cording to 6.10 or (6.11), respectively. If new location fingerprints are recordeel ipdate
equations in§.9) can be applied once again usifigi:*] as the new initial parameter esti-
mates. Repeating this step results iradaptiveEM algorithm, which has the ability to track
significant changes in the propagation environment likeréhecation of large objects. The
adaptiveEM algorithm is outlined as follows:

1. Perform supervised training and measiliecation fingerprints per region. Calculate
initial parameter estimates|0].

2. Measure observation s@t and apply 6.9) with initial parameter®[0] until conver-
gence. The resulting parameter estimatesaregy].

3. Measure observation sgt by overwriting); and apply 6.9) with initial parameters
©1 [¢7] until convergence. The resulting parameter estimate®af&).

4. Continue ..

A performance study of thadaptiveEM algorithm can be found in7g].

Multiple Observations per Agent Multiple location fingerprints per agent can also be used
within the mixture density framework, in order to improve fhosition location performance
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as proposed in Sectidh4.3 The corresponding mixture model i&.0) must be modified in
accordance ta 11), which gives

M M K
f(yl®) = Z T fm (Y1Om) = > Tm H (¥Y%1Om)

This modification requires modified update equations, whenh be derived following sim-
ilar steps as ing2]. First, the cost functiord) (0,0 [i — 1]) needs to be modified according
to

Ml_lb

Q(6,0[i—1]) lez:ln m) p(mly;, O i —1])
m=11=1
M Lb
#3250 ten)) iz 01
m=11=1

T _
wherey, = |y7, ...y, L = K - Ly, and the modified posteriétMF of the m-th com-
ponentPDFis given by

7om [i = 1T fim ()’k,l‘@m)
S [ =TT 5 (Yal©))

p(mly,,©[i—1]) =

The modified update equations follow as

. 1 Lo
Tmli] = LML, <L+l_zlp(m’y179[l— 1])) :

iy Bl S (S i) Ol 1)
: L+KSpmly.0l-1)
L3 (0] + 512 p(mly;, O [i - 1]) (Z?:l (Yk,z — K, [i]) (Yk,z — M)H>

L+ K p(mly,0li—1))

Yl =

(6.12)

6.4 Experimental Performance Analysis
In this section, the performance of a localization or claetgesystem applying thEM algo-

rithm is investigated. We consider a remote positioningnade. The anchor node employs
either a coherenRX or anED RX. The figures of merit aré®, for the clustering prob-
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lem andD, for the position location problenf?, andD, are estimated using Monte Carlo
simulations and the cross-validation method describe@aii®n4.6.1

We consider the same measur@iRs as in Sectiongl.6 and5.7 from all four transmit
antennas to receive antenhalhe CIRsare normalized such that the average endrgyis
the same for all regions implying that tR& information is neglected.

The default system parameters are summarized in the folgpwf not mentioned other-
wise, these values are used to calcufdtandD.,.

DefaultSNRis the measureme®NR denoted by SNReain Chapter3.

Default observation window size 1§ = 30 ns.

Default number of regions 8/ = 22.

Initial a priori probabilities arer,,[0] = 1/M for all m.

CoherenRX:

— Default bandwidth i3 = 3 GHz.

— Default reference sampleignaxabs= 8.

— Default stochastic model for the location fingerprints is @OV model.
e ED RX:

— Default sampling rate igeq= 1 GHz.

— Default reference sample ignaxaps= 3.

— Default integration filteg(¢) is rectangular.

— Default stochastic model for the location fingerprints is MV Log-normal
model.

6.4.1 Singular Initial Covariance Matrices

The initial empirical covariance matrices are rank deficie, < N as already discussed in
Section4.6.3.2 In order to calculate (m|y;,©[0]) in (6.7) the likelihoods of the location
fingerprintsy, are required, which in turn requires the inversion of théiahicovariance
matrices.

This poses a problem especially to cohereixis, because the location fingerprints have
generally more samples than those of #i2 RX. For example the default parameter setting
of a coherenRX described in Sectiod.6.2implies a length ofV = 90, which means that
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L > 90 is a necessary - but in general not sufficient - condition égutar initial covariance
matrices.

Two methods are proposed in the following, which cope with pnoblem of singuldr
initial covariance matrices.

1. Hybrid method: The idea is to use tR®P model instead of the COV model for
initialization of theEM algorithm. The off-diagonal elements of the initial cozamte
matrices are ignored and only the diagonal elements are Uses ensures full rank
by assuming independent componentg.ifNote that this method can be also applied
to theMV Log-normalPDF if the anchor employs aBD RX. For initialization the
correlations among energy samples are ignored and the diowgahPDFis applied.

2. Perturbation method: This method has been already disdusnd applied in Sec-
tion 4.6.3.2 The COV model with perturbation is used for initializatiohtbe EM
algorithm. A weighted identity matrixrf,l is added to the singular initial covariance
matrix. This ensures full rank of the overall covariance nmatFor the performance
results in Fig6.1the values Of)']% are chosen such th&NRsof 28, 30, and32 dB are

emulated.
10°
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Fig. 6.1: P, (left) and D, (right) as function ofL for a coherent RX with default system
parameters and;, = 6600.

Fig. 6.1 depictsP, and D, as function ofL for a coherenRX with default parameters,
the two aforementioned initialization methods. From eastian,300 location fingerprints
are randomly selected, which results fip = 22 - 300 = 6600. The hybrid method works
better forL < 20, because the initial estimates of the covariance matrieegeay imprecise

"This holds also for covariance matrices with very small eigdues, i.e. ill-conditioned matrices.
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and their structures are mainly dominated by artifacts. sTliuis better to ignore all off-
diagonal elements and restrict the initial statisticaliaegdescription to thd®>DP model.
However, note that thEM algorithm assumes the COV model, which implies that except fo
initialization the full covariance matrices are used.

For L larger tham20, the perturbation method outperforms the hybrid methode pér-
turbation method requires the choice of the Wei@ﬁbf the perturbing identity matrix. A
too large weight changes the initial covariance matricestioch, which results in an inac-
curate stochastic description. However, a too small wdggids to numerical instabilities
during matrix inversion due to very small eigenvalues. Arretfnentionedrg is chosen such
that SNRsof 28, 30, and32 dB are emulated with thENR definition from @.2). It can be
seen from Fig6.1that the optimal weight depends én For largerL, smaller perturbation
weights provide better performance, because the inittahases of the covariance matrices
become more accurate. This effect can be observed fron®RigThe curve for 28 dB cuts
the curve for 30 dB ab. = 60 and the curve for 32 dB dt = 90. Altogether, it can be seen
that the performance is rather insensitive to the speciﬁx’tcehofa]%. It can be concluded
that a perturbatio®NR of 30 dB provides a good compromise for all considefed

6.4.2 Number of Training Signals L and Observations L,

The performance of th&EM approach is compared to the results from Chapieasd 5.
The results of the COV model and the results of the Gamma medeh withK = 1 ob-
servation per agent, are used as reference for this coropariBhe respectivé’, and D,
reference curves can be also found in Big.4and Fig.5.13 The results of th€DPmodel
from Fig.4.14are not shown here, because they are very similar to therpsafae of the
Gamma model in Figs.13 The Gamma model is chosen as reference foEMDdRX, since
it provides best performance fér< 100 according to Fig5.13

Fig. 6.2 depictsP. and D, as function ofL. The curves obtained with a coherd®X
are labeled with CO and the curves obtained withEdh RX are labeled withED. The
parameter’;, is set toL; = 2200, respectivelyL;, = 4400, implying 100, respectively200,
observed location fingerprints per region. The perturlpatieethod is applied for the CO
results ancbg is chosen such that a perturbatiSNR of 30 dB is emulated. The hybrid
method is applied for thED results due to better performance than the perturbatiohadet
It can be observed from Fi§.2 that theEM approach achieves smallg¢ andD, than the
reference results. The improvement is more considerablthéocoherenRX, because its
performance is mainly limited by inaccurate parametenesies due to few training signals.
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Fig. 6.2: P, (left) andD, (right) as function ofL.
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Fig. 6.3: P, (left) andD, (right) as function ofl;. The dashed lines indicate the reference
values ofP, andD, as depicted in Figd.14

Fig. 6.3depictsP. andD, as function ofL, for a coherenRX and different values of.
The dashed lines indicate the reference valugd.atndD, (cf. Fig. 4.14) for the respective
values ofL. It can be observed th&, andD, can be significantly decreased, if the number of
observationg,; is increased. This improvement is most significant for thalleat number of
training signals, i.eL = 50, because classification errors are mainly caused by theunaie
parameter estimates in this case. It can be concluded th&Mhapproach will eventually
provide reasonablB. andD, even for very few training signals as long/asis large enough.

6.4.3 Multiple Observations per Agent

In this section, we study the achievable performance imgr@nt of theEM approach, if
multiple observations per agent are available.
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Fig. 6.4: P, (left) and D, (right) as function ofL for a coherent RX with default system
parameters.

Fig. 6.4 shows the performance of a coherddX 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 constantLgt= 6600, which means that
Ly, € {6600, 3300,2200}. The update equations i6.(.2 are applied until convergence is
reached. Performance curves for both aforementionedlization methods are plotted in
Fig. 6.4. The perturbatiorsNRis set to30 dB. For L < 20 the hybrid method works better
than the perturbation method. This effect is emphasizeld wwitreasingi'. Applying the
perturbation method fo' = 3 and L < 20 results in the worst performance. For small
only the hybrid method provides a consistent performangeorement with increasing’.

As L increases the perturbation method outperforms the hybettioad for allK’. Altogether,

it can be observed that significant performance improvesnardg achievable by exploiting
multiple observations per agent. Practical ways to obta@&sé observations are discussed
in Section2.4.3 The average positioning error can be reduced to approglyn2d cm us-
ing only L = 40 training signals per region and assuming that three locditngerprints per
agent are available for position location. The smallestenelble average position location
error for L = 10 training signals is around6 cm for K = 3 and the hybrid initialization
method.

Fig. 6.5depicts the performance of &D 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 increadintpr all values ofL. can be observed.
A remarkable small average position location error of rdugd cm is achievable with
K =3 and L = 20. The smallest achievable average position location eopr f= 10
training signals is approximatel0 cm for K = 3, which outperforms the cohereRiX.
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Fig. 6.5: P, (left) andD, (right) as function ofL for an ED RX with default system param-
eters. Initialization of the EM algorithm is done with thelng method.

This is an important results, which states that the low cexipt ED RX s the preferabl&X
structure if only few training signals are available. Thehhvior is caused by the different
lengths of the respective location fingerprints.

6.5 Summary and Conclusions

The theoretical location fingerprinting framework intreéd in Chapte® is extended by
modeling the uncondition@DF of location fingerprints as a mixture of componé&idFs
This modeling approach enables the application ofEMe algorithm for joint parameter
estimation and localization. Already classified locatiaomgérprints are used to improve the
guality of the parameter estimates, i.e. act as trainingesgy This theoretical framework is
formulated in a generic way such that it can be applied taoattion fingerprinting system,
which are based on the Bayesian paradigm.

An empirical performance analysis demonstrates that tipaeined number of training sig-
nals can be significantly reduced for both studi®d structures. However, it is also shown
that a certain number of a training signals is still requif@dthe initialization of theEM
algorithm, in order to achieve acceptable position locatad clustering performance. In
the next chapter, a novel method for initial parameter esion is proposed, which has the
potential to reduce the complexity of the training phasenduether.
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Chapter 7

Efficient Training Phase

This chapter proposes an efficient estimation procedureeoparameter®,,, of the condi-
tional PDFs f,,, (Y| H,,,). It is based on a simplified UWB channel model, which takes the
geometry of the propagation environment into account. Tipats to this efficient training
phase are either only very féwneasuredCRs at known TX locations or a floor plan de-
scribing the geometry of the propagation environment. Timpws are predicte@Rsfor
arbitrary TX positions within the region of interest, whiahe used to empirically estimate
the parameter®,,. Note that virtually infinitely many training signals areaslable with
this approach.

7.1 Electromagnetic Wave Propagation

Theoretically, it would be possible to calculate the el@ttagnetic field in a given volume
of space at a specified time by solving Maxwell’'s equationsweler, such a computation
would require the knowledge of the electrical parametedlohaterials in the environment
and enormous processing power. Fortunately, such high lmgdeccuracy is not necessary
for most engineering problems.

A mathematically convenient simplification is the multipapproximation based on the
high-frequency approximation of electromagnetic waveppgation 83]. Its simplest form
is called geometrical optics, where it is assumed that teet®magnetic field is composed
out of partial waves traveling along geometric propagapaths (rays) and experiencing
propagation effects during interaction with objects inémgironment. This model provides
accurate results as long as the interacting objects areieddly large, i.e. their dimensions

Lit is shown in this chapter that at least th@Bsare required for a two-dimensional localization problem.
2A CRis defined as convolution of @R with a transmit pulse.
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Chapter 7 Efficient Training Phase

are larger than the considered wavelengths. Furthermuoee, électrical properties should
remain approximately constant for the wavelengths undetystThe wavelengths used by
UWB systems range fror cm up to10 cm, which implies that for example walls, floors,
ceilings, and furniture can be considered as electricallyd interacting objects.

In the following paragraphs the most important propagaéfiacts are summarized. A
more detailed discussion can be found in Chaptef [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 desdribb the far field by the Friis
transmission equation, which relates the transmitted pdw¥e to the received powePrx

via the free spacPBL according to

2
f— e CO —
Prx = PL(f,d) Prx = Gtx (f) <47de> Grx (f) Prx,
where the antenna power gaifisx (f) andGrx (f) depend on the frequengy In general
the received power depends also on the orientation of tlemaas, which is neglected in the
above equation. The received power decreases with theesgtidre distancé and with the
square of the frequency.

Reflection and Transmission Reflection from and transmission through dielectric or con-
ductive, electrically large objects can be very well modehgth the theory of geometrical
optics. For indoor propagation especially walls, floorlingi windows, and large furniture
objects can be considered as reflecting objects. How mudheohtpinging field strength

is reflected from the object and how much goes through thecblg@letermined by the re-
flection and transmission coefficients, respectively. B@ngple, the reflection coefficient
of perfect conductors like metallic objects has magnitude. d'he overall PL of a reflected
partial wave is determined by the sum of the distances betwe reflector, and RX.

In general, reflection and transmission coefficients arguieacy dependenb, 63, 85).
For example, the reflection coefficient of tempered glassisfor a frequency ofl0.5 GHz
and changes t0.9 for a frequency of7.5 GHz [86]. This implies that each reflection and
transmission should be described by a linear filter with guescy selective transfer func-
tion.
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7.1 Electromagnetic Wave Propagation

Diffraction  Diffraction occurs at object corners, curvatures, wedgesl surface irregu-
larities. This propagation effect cannot be modeled witttieory of geometrical optics.
Therefore, the high-frequency approximation is extendig tlwe uniform theory of diffrac-
tion [83]. A result of this theory is that the multipath approximatigpropagation along rays)
can still be applied. The propagation path goes via theantarg object (diffraction point)
from TX to RX. Instead of a reflection coefficient, a diffractiooefficient is defined, which
decreases with increasing frequency. Diffraction is atsequdency dependent with the same
implications as for reflection and transmission.

Scattering  Scattering describes the interaction of an electromagmetive with an elec-
trically small object, whose dimensions are in the ordehefwavelength or smaller. Such
an interacting object is also called point scatterer andb@aoonsidered as the source of a
new electromagnetic wave propagating isotropically irdakctions according to Huygens’
principle. Therefore, the overall PL for point scatterexyslétermined by the product of the
distances between TX, scatterer, and RX.

Diffuse Scattering  The typical UWB propagation channel is not only composed dut o
partial waves caused by electrically large objects, whiehveell modeled by the multipath
approximation, but also out of many components resultingnfdiffuse scattering or reflec-
tions from rough surface$p]. These components cannot be accurately described with the
multipath approximation and are commonly modeled stoatedht [87, 89].

Deterministic and Stochastic Channel Modeling The overall UWB propagation chan-
nel can be modeled as a combination of deterministic (cdraienl) multipath components
mainly caused by specular reflections and point scattea@is,of a stochastic component
accounting for diffuse scattering and reflections from tosgrfaces.

The UWB location fingerprinting system discussed so far assuanpure stochastic de-
scription of the UWB channel. We will show in the remainingtpairthis chapter, how the
existence of deterministic channel components can be ikgg)an order to obtain estimates
for the parameter se€3,, based on very few measur€&iRs
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7.2 Input Output Relations in Passband and Equivalent

Baseband

We restrict our attention to the two-dimensional Euclidepace in the following considera-
tions. However, all proposed concepts can be extendedde thimensions. The coordinate
system is translated such that the position of the RX is in tiggrn(0,0). The position of
the TX is denoted byz,y). We consider spatial variations of the TX position in theesrof

a few multiples of the largest considered wavelength of tiéBsignal.

Applying the multipath approximation, we obtain an inputpu relation between the
transmitted signad.(¢) and the received signal(¢,z,y). The received signal is also called
CR in this chapter. The subscripstands forcarrier and indicates that we are dealing with
passband signals. Furthermore, the dependency of theedcggnal on the position of the
TX is made explicit. The input output relation for passbaigghals follows as

L
re(t,e,y) = ylz,y)sk(t—7ilz,y)) +we(t), (7.1)
=1

where L is the total number of deterministic pathg(z,y) andr;(x,y) are the gain and
delay of thel-th path, andu.(t) is a realization of a stochastic process, which accounts for
the stochastic channel component and distortions likertakenoise and time variations. The
Impulse responses of transmitting and receiving anterauad Belection filters, and ampli-
fiers are comprised ig.(t). The path gainy;(z,y) accounts for the loss in amplitude of the
[-th partial wave due to traveled distance and itle interacting object. Due to frequency
dependent propagation effects each partial wavefdit) will be slightly distorted, which

is indicated by the superscriptlt is assumed without loss of generality that the path delay
increase with, i.e. 7;(x,y) < 7j(z,y) for i < j.

For sake of completeness, the corresponding input outfaitae in equivalent baseband
is given by

L
r(t,z,y) = Y mlw,y)exp (—2r for(z,y)) s’ (t—7(x,y)) +w(t),
=1
wherew(t) ands!(t) are the equivalent baseband representations. @ ands’.(t), respec-
tively. The carrier frequency or center frequencygf) is denoted byf.. It can be observed
that the path delays influence the phases of the path gaihg efuivalent baseband signal
through the termaxp (—27 f.7;(z,y)).
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7.3 Analysis of Path Delays

In this section, the functional dependence (mapping) obtith delays on the TX position
and the geometrical description of interacting objectseisveéd and analyzed. The knowl-
edge of this mapping enables the prediction of path delayarfutrary TX positions. Note

that the roles of TX and RX are interchangeable due to chaecginocity. Thus, also path
delays for fixed TX position and arbitrary RX positions can hialated this way.

The estimation of geometrical parameters, which deschbarhpact of interacting ob-
jects on the path delays, can be viewed as extraction ofrirdbon about the propagation
environment from the path delay structure@Rs Imaging of the propagation environment
as described ind9, 90] is a related technique, which also extracts informatiothefpropa-
gation environment based on a set of CIR measurements otbfaime a TX moving along a
known trajectory. Time domain imaging algorithms are basednigration technique®[]
such as Kirchhoff migrationg9, 90]. However, the goal of such imaging techniques is the
generation of a complete image of the environment, whicliireg the estimation of the
shape of the interacting objects. In contrast to this, wg eakk to estimate parameters de-
scribing the influence of the interacting objects on the platlays, which is a considerably
easier task.

7.3.1 Geometrical Description of Interacting Objects

Reflecting objects are approximated by straight lines (argggand, hence, can be described
in the two-dimensional Euclidian space by their start g(nt, ys); and end pointéz., y. ),
which could be for example the corners of the room. Diffragtand scattering objects are
described by the coordinates of the diffraction or scattggoint denoted byz,,y,4);. The
index! denotes thé-th partial wave, which is connected to th#h interacting object. In this
notation an interacting object could represent a sequehg#eractions like for example
multiple reflections.

In general the path delay(z, y) of thel-th path depends on the TX positién, ) and the
geometrical description of thieth interacting object. For notational convenience thd pat
index! 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;, v,), the corresponding path delay
is determined by the sum of the distances from TXig, y4) and from(z4,y4) to the RX
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according to

r(z,y) = Clo (\/(:B+a)2+(y~l—b)2+\/a2~l—b2),

with the geometrical parameters= —x,; andb = —y,.

The situation is slightly more complex for reflecting obgawhich are approximated as
straight lines in the following. The vectordescribing a reflecting object and the vecsor
between its start point and the TX position are defined as

T— g

Y—UYs .

With these vectors the coordinates of the image pgoint,y;) and consequently the path
delay can be calculated according to

T
T r's T 1

Ys
Performing algebraic manipulations, the equation for thi plelay can be reformulated as

LTe — T
r2 |7 7| ands2
Ye — Ys

1

7(x,y) = 5¢<x+a>2+<y+b>2,

with the following geometrical parameters

_ 2 (Z/e - 3/8) (3/8376 - xsye)

2 (xe - 335) (yswe - xsye)
Ir]|? .

and b= — 5
Il

We conclude from these derivations that the functional ddpece of the path delays on the
geometrical description of scattering (diffracting) atigeand specular reflecting objects can
be stated as

T(z,y) = e (\/(x—l—a)2+(y—|—b)2+d), (7.2)

€0

whered is eitherv/a? + b? for scattering and diffracting objects or zero for spectdfiecting
objects. Hence, the knowledge of the geometrical parasweterds is sufficient to calculate
the corresponding path delay for arbitrary TX positions.

The behavior of the first patfi = 1) depends on theoS condition of the propagation

3The image point is obtained by mirroring the source p@int) on the reflector.
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channel. In case dfoS condition, the first path is equal to the direct path, whiclplies
thata; = b; = 0. In case of nor-0S condition, the direct path might not exist amgdandb,
describe already an interacting object.

Equation 7.2) is derived for a single interaction. It is expected thatftivectional depen-
dence ofr on (z,y) stays as in{.2) also for multiple interactions, but the corresponding
geometrical parameters 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
delayr on theTX position in the three-dimensional Euclidean space deroged,y, ) is
derived. In case of a diffraction or scattering point desexdli by (x4, y4, z4) the relationship

is obtained as above according to

r(2,y,2) = 610 <\/(x+a)2+(y+b)2+(z+c)2+\/a2+b2+c2> :
with the geometrical parameteis= —z,4, b = —y4, andc = —z,4. Reflections in the three-
dimensional space happen on surfaces, which are apprednaatplanes in the following.
A reflecting plane is specified in the Hessian normal form clwvliequires the normal vector
n [nx,ny,nz]T with unit norm and the vectar from the origin to a point on the plane.
Then the equatiom” ([px,py,pz}T— r) = 0 defines the plane of point®,,p,,p.). The
smallest distance of an arbitrary poiat y, z) to this plane is given binT ([,y.2)" =) ’
With this the image point ofz, y, z) at the reflecting plane can be calculated according to

T; x T
yi l=1y|+|20" ||y |-r]]|n
Z; z z

Performing again algebraic manipulations, the path ded@agon is obtained as

m(2,9,2) = 610\/<33+a)2+ (y+0)%+(2+0)?,

with the following geometrical parameters
a=—2n, (nTr) :
b=—2n, (n"Tr),

c=—2n, (nTl‘) .
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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 thaykebf the multipath com-
ponents depending on the geometry of the propagation emaeat. The smallest possible
variation is zero and the largest possible variation dateesithe search interval for an algo-
rithm, which should track path delay variations caused byno¢ement.

Assume that the position of the TX is changedrhdirection from(z,y) to (z + A,y).
The largest possible delay variation of each path is deidyed

max |7(z,y) —7(x+ A, y)]

max‘\/x—l—a y+b) \/($+G+A)2+(y+b)2’

C() ab

A
< max‘\/x—l—a x—a—A) +(y+b—y— b) | | (7.3)
co ab co’

which follows from the reverse triangle inequality. It rem&to be shown that this upper
bound is achievable, which is done by setting —y. Thus, the path delays corresponding
to observation(t,x + A, y) must satisfy the bounds

A A

r(ay) =2 < ra+ Ay) < o)+ 2

Co o
These bounds are only achievable fox —y, which implies that thej-coordinate of the
interaction point (e.g. point scatterer) must be equal ¢g/tboordinate of the TX position.
The same chain of consequences holds for the change of thedi¥om to(x,y + A).

In analogy to the derivation in7(3), the path delay for the general observation
r(t,z+ Ay, y+A,) must satisfy

VAZ+A] JAZ+ A2
S <7+ Ay +Ay) S Ta,y) + ——

T(Iay) - o = o

7.3.4 Linearization of Path Delays

Since we are interested in the behavior of the path delaykéanvicinity of a reference
point* (9, 10), it is proposed to approximat&.Q) with a first order Taylor series expansion

4For the location fingerprinting application this referepoént acts as a region’s center point.
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in the point(xzg,yo) according to

7(2,y) = 7(20,90) + @ (x —20) + B (y —y0) + R1 (2,y), (7.4)

with the linear coefficienta and as

_ O1(m,y) 1 Tota
o= = ’
9r  l(wowo) €0 x/@roﬁ—a)z—k(yo-Fb>2
5 0oy _ 1 Yo +b (7.5)
= a _C 9 2° .
Y Nzo,wo) 0 V@w+a)+{%r+m

The remainder term Rz, y) in (7.4) determines the accuracy of the linearization. According
to Taylor’'s Theorem92] this term can be written as

R (o) - s b=z —aly=w)

2¢ (w0 +5 (2 —20) +a)> + (yo + 5 (y — yo) +5)°)

2

for somes € [0,1]. If the reference point and the geometrical parameteandb describ-
ing a specific interacting object are fixed, the respectivedrization error for arbitrary TX
positions can be upper bounded by maximizingRy) with respect tos € [0, 1]. In order

to illustrate the quality of this linearization for arbityageometries, we present numeri-
cally obtained values for the expected and maximum appratkim errors as a function
of the Euclidian distance, = \/(x — z0)> + (y —y0)* between(z,y) and (xo, o). There-
fore, the Cartesian coordinatés,y) are substituted by polar coordinates according to

r=decosp+xy andy = d.sin¢+yo resulting in the error term Rd,, ) as function of
d. and¢. The expected and maximum approximation errors are defsed a

Cop(de) £ ;f:laﬁ (R @0},
=

(>

Crvex(de) £ max_ RY (de, )

je{1,2,....J}

Y

where the expectation and maximum are taken over the aragid./ realizations of 2o, o),

a, andb. Each realization ofz,10), a, andb accounts for a certain reference point and
a certain geometry of an interacting object. The ensembl@ariy of those realizations
provide a statistic over all possible propagation geomstrirhe admissible realizations of
a andb are restricted such that the Euclidian distance betweemtbeacting objects and
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(x0,y0) is larger tharf.3 m and that the Euclidian distance between the interactipectd
and the RX is smaller thamnm.

10} i Cexp(de)
-6~ Cax(de)

005 01 015 02 0.25 0.3
de [m]

Fig. 7.1: Expected and maximum approximation errors in ns as a fumdticuclidian dis-
tance to(xo, yo)-

Fig. 7.1 depicts the expected and maximum approximation errorg ferl0° geometries.
Further numerical results indicate that these curves atdest Thus, the largest approxi-
mation error for positior{z, y) with a distance tdxo,yo) of 0.3 m is0.5 ns. However, the
expected approximation error is around1 ns at0.3 m distance, which supports the appli-
cability of the proposed linearization. It can be conclutleat for most of the path delays
a linear approximation is well suited to describe their bv&brain vicinity of the reference

point (zo,%o).

Analysis of the Linear Coefficients @ and 5 The linear coefficients and3 can be upper
and lower bounded according to

which follows from the bounds

xro+a

b
<land—-1< Yot <1.

—1< <
V(@o+a)?+ (yo+b)° V(@o+a)?+ (yo+b)°

Furthermore, the conditior} (@2 +82) = 1 follows from (7.5), which implies thatx and3
cannot take on arbitrary values betweeicég and%. For example itv = i% thens must be
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zero. These theoretical bounds and this condition are itapofor the design of algorithms,
which should estimata and5 from empirical data.

Relation of @& and [ to the Angle of Departure  The linear coefficients and3 are related
to the angle of departure of the corresponding multipathpmment. This relationship is
analyzed in this paragraph.

interacting object

o
/
S
sy
S
S
/
/
/
/
/
>

(20,%0) (xo+A,y0)

Fig. 7.2: Propagation paths from TX via interacting object to RX.

Fig. 7.2 depicts three propagation paths from three TX positionotehby (xq, 1),
(ro+ A,y0), and (zg,yo+ A) via an interacting object to the RX. The time required for
the signal to travel to the RX for TX positioixg, yo) is denoted byr(xg, yo).

Fig. 7.3depicts a close up of Fig..2 The two right-angled triangles define the angles of
departurep, andg, with respect tac-axis andy-axis according to

COS Py = AAa andsin ¢, = AAO,
whereA is the length of the hypotenuses of these triangles. Theaujdeg ofp, has the

lengthA, and the opposite leg ef, has the lengtid\,,.

If the distance from(zg, o) to the interacting object is large comparedAo the plane
wave assumption can be invoked, which states that the thopagation paths in Fig..2and
Fig. 7.3 can be treated as parallel. In the close up in Fi§.it can be seen that these paths
are indeed approximately parallel. Accordingly, the lérsgk, andA, can be approximated
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. o,
~ N - Aa
A
(l"oryo) I (zo+A,y0)
| I
! o

Fig. 7.3: Angles of departure, and¢,.

by
Ay =~ co (T(zo+A,y0) — 7(20,90)) andA, = co (T(x0,y0) — 7(x0,y0 +A)).

Assuming plane waves, the anglgsand¢, are equal and the approximations fiy; and
A, are exact, which implies

co (T(xo+ A, y0) — 7(z0,0))
A M
sing — sing, — co (7(z0,90) —AT(xo,’yOﬂLA))_

COS( = COS Py =

Another consequence of the plane wave assumption is thdingeeization in 7.4) be-
comes error-free, i.e. Rz,y) = 0. Since the plane wave assumption implies parallel paths,
the path delay for an arbitrary positidn, y) can be written as

rle) = rlan )+ 22 (o) + (<222 - o),
—— N
B

which can be seen from Fi@.3. The relationships betweenand/3 and the angle of depar-
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ture ¢ follow as

a =

cos¢  T(xo+A,y0) —T(x0,y0) = sing  7(wo,y0+A) —7(20,0)
= andg = — =
€0 A co A

It can be concluded from these relationships that the plaaeevassumption, applied for
angle of departure gkoA estimation with antenna arrays, is in analogy to the linparax-
imation proposed inq.4). The advantage of the linearization ih4) is the characterization
of the error term R(z,y), which enables an accuracy analysis of the linearizatiom- F
thermore, in literature there exist a lot of algorithms, ethestimate) with antenna arrays.
Those can be applied, in order to obtain approximationsaf@and 5. Note that we are
interested in the angles of departure (or arrival) of deiistic multipath components.

7.3.5 Temporal Alignment

As already discussed in Secti@6, the proposed location fingerprinting method does not
require time synchronization between TX and RX. This imptiest each received signal
re(t,z,y) has an unknown time reference. In order to remove this uzmiogyt temporal
alignment strategies have been proposed in Se8ti@nn this chapter, temporal alignment
is performed by redefining the path delays according to

7~-l(xvy) = Tl(xvy) _Tr(xvy)

1

- (\/(I+al)2+(y+bl)2_\/(x+ar)2+(?/+br)2—l—dl—dr)’

wherer,(z,y) is the path delay of a reference path. Assuming LoS chanmelitons, the
reference path is defined as the direct path with1 anda; = b; = 0. For non-LoS channel
conditions, the reference path might be defined as the stsbpaith (cf. Sectio.6.2), i.e.
largest|;(x,y)|. According to the definition of;(z,y), the reference path of each received
signalr.(t,x,y) arrives at time = 0 for all (z,v).

The maximal change of the redefined path delays for a tramslat A, in z-direction
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and ofA, in y-direction can be computed based @t8f and follows as

max |7 (x,y) — Ti(z 4+ Az, y + Ay
s

= max |Tl< 79) _Tl(x‘l‘Axay"'Ay)+(7—T($+Axyy+Ay) —TT(ZL‘,y))|
< max |7‘l(l’,y) _TZ(I‘{'Axvy‘{'Ay)l +max |7’r(fE,y) _Tr(x+Ax7y+Ay)|
VAZ+AZ
=2
€0

Thus, the redefined path delays accounting for temporatmlént must satisfy

VAZ+A] JAZ+ A2
Y = V<t Any+A)) <Flry)+24— 2 (7.6)

T -2
Tl (SL’, y) co co

Applying the linear approximation fron¥ (4) to the redefined path delays results in

Filw,y) ~ 1o, yo) — 7 (w0, y0) + (@1 — ) (£ = x0) + (B = Br) (y = o), (7.7)
F1(20,y0) o By

where the redefined linear coefficiemtsandj; are given by

o — G — G 1 ( To+a; ro+ar )
|=Q— 0y = — - ,
@ \/($0+al)2+(yo+bz)2 \/(l"o+ar)2+(yo+br)2
- - 1 b b
Bi=0—pBr=— ( y02+ l = — y02+ - 2) . (7.8)
“0 \/($0+az) + (yo +by) \/(fCoJrar) + (yo +by)

These coefficients measure the linear change of the pathsdelth (x,y) relative to the lin-
ear change of the reference path wiihy), which implies thaty, = 5, = 0. Let us assume
thatr = 1 andas = 0 implying as = &, which means that the linearized delays of the first
and the second path change identically as functian ddpper and lower bounds an and

/3, follow from the bounds owy, j;, &, andf, according to

2 2 2 2
——<g<—and-— <G < —. (7.9)
co co co co

7.4 Linearization of Path Gains

The path gains account for large scale effects and vary omgerlapatial scale than the path
delays p3,84]. Therefore, it is commonly assumed that the path gains agyoximately
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constant for small changes of the TX position in the order fdva multiples of the carrier
wavelengtR. In this thesis it is proposed to apply a first order Tayloieseexpansion in
order to approximate the path gains in the vicinity of a refiee poin{xy, yp) according to

Yi(2,y) =~ (2o, y0) + & (x —20) + (Y —Y0)- (7.10)

The model parameters are a bias tefiixg, yo), and the linear coefficients and(;, which
account for the linear increase or decrease offepath gain as the TX moves along the
andy direction. In order to be able to predict the path gains foiteary TX positions, these
three parameters must be known for alpaths.

7.5 Simplified Input Output Relation

Inserting the linear models of the path gains 1Q) and the path delays accounting for
temporal alignment in4.7) in the input output relation in7(1), the CR can be approximated
according to

L

c(t,z,y) =Y (nlzo,yo) + &z —z0) + Gy — o))
=1

8L (t = (0, 90) — u(x —20) — Bi(y — y0)) +we(t), (7.11)

where th& L linear model parameters are collected in the parameter set
Tivm = {Vz(xo,yo),ﬁz,Cz,ﬁ(xo,yo),az,ﬂz’l = 1,2,-~-,L}~

The knowledge off  and the signalsL(¢) is sufficient to predict the deterministic part of
the CR caused by a TX located in the vicinity of a referencetpaif yo). The accuracy of
this prediction depends on the accuracy of the input outgiation (7.1), the linearization
accuracy and the accuracy of the estimate¥ gjfi. In the following section, the estimation
of Tym is discussed.

SNote that fading due to multipath interference does not @mite the individual path gains. This effect is
caused after summation over alimultipath components.
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7.6 Estimation of Linear Model Parameters

The estimation off'y is partitioned into two steps. First, the path gains and patays
of measuredCRsat K known TX positions{(zo,vo), (z1,91),-..,(*x-1,yx—1)} are esti-
mated. The joint estimation of path gains and path delayscuidsed in Section.6.1 Then
the linear model parameters are estimated from the obtgiattdgains and delays via the
least squares method. This step is discussed in Seci#ion The flow diagram in Fig7.4
illustrates the estimation procedure.

Tc (taHCanO) ............ Te (ter—byK—l)
Estimation of gains and delays -+ Estimation of gains and delays
Temporal alignment Temporal alignment
Y Y
Y(zo,y0) and?(zo,yo) | e (zr-1,yx-1) and7(zx 1,y 1)
fori=1,2,...,L fori=1,2,...,L '

. |

Least squares estimation

\
Tim

Fig. 7.4: Estimation procedure of | .

7.6.1 Joint Estimation of Path Gains and Path Delays

This section discusses the joint estimation of path gaidgpaith delays based on a measured
CR at a fixed TX position. The dependence of the CRxam) is neglected in the following
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7.6 Estimation of Linear Model Parameters

for notational convenience. The received signal or CR fordfiXX and RX positions is
therefore given by

L
:Zf)/lsc (t_Tl)+wc(t)a (7.12)

I=1
where it is additionally assumed that the interactions maguency independent resulting in
undistorted replicas of. (¢). Most algorithms proposed in literature, which try to estien
the path gains and path delays, are based on the input oetption in (7.12 and assume
undistorted replicas of. (¢). The estimation algorithm used to calculate simulatiomniltes
in this thesis uses this assumption likewise. The impaatezfifency dependent interactions
on the estimation quality is further discussed in Sectiagh

The parameter set; = {~;,7;} collects path gain and path delay of théh path. The
objective is to estimate the parameter $e& {1)1,1»,...,%} based on the observation
of r.(t) in an interval[0,7]. For ML parameter estimation, the log-likelihood functioiny
givenr(t) denoted byA (¥|r.(¢)) is required. Assuming a zero mean and white Gaussian
processu.(t) with power spectral density, /2, the log-likelihood function is derived if9B]
and is given by

T 2
A(W|re(t)) = (Q/Z’VZSC —1)re(t dt—/ (Z%Sc (t—Tl)) dt)
0 0 \/=1

The corresponding ML parameter estimation rule follows as
¥ = argmaxA (Ur(t))). (7.13)
v

This optimization problem is computationally difficult dt@the large number of parame-
ters, i.e. due to the high dimensionality &f There exist a number of iterative algorithms
like the space-alternating generalized expectation-miaation (SAGE) algorithmd4], or
the weighted Fourier transform and relaxation (WRELAX) aithon [95], which are com-
putationally efficient and provide nearly optimal resultfie main idea of these algorithms
is to transform the high-dimensional optimization probleama series of one-dimensional
optimization problems, which are then iteratively solved.

For the results presented in this thesis, we apply the WRELAj¢réghm, which esti-
mates the parameter s&tby minimizing the nonlinear least squares cost functionisTh
corresponds to ML parameter estimation under the assumpfia zero mean and white
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Gaussian process.(t). The inputs to this algorithm are sampled versions of thestratted
signals.(t) denoted bys. and the received signal(¢) denoted by ., the number of expected
pathsL, and the sampling ratg. The output isl. In practice it is very important to have an
accurate measurement of the transmitted sign@). For details about the implementation
of this algorithm and further information the interestedder is referred to9p].

It should be noted that the WRELAX and the SAGE algorithm aretas the input out-
put relation in 7.12) and, therefore, neglect the impact of frequency depend&ractions.
The design and application of robust algorithms accourftnfequency dependent interac-
tions is outside the scope of this thesis but recommendddtiare work in order to improve
the estimation performance. For example, 85][the CLEAN algorithm P6] is modified
and used to estimate path gains, path delays, and anglen@isunder the assumption of
frequency dependent interactions. This could be a stapiongf for future work.

7.6.2 Least Squares Estimation of Ty

In this section, least squares estimation of the linear inpaiameters’'  based on esti-
mated path gains and delays/atT X positions is proposed. We discuss only the estimation
of the parameters for the linear model of thin path gain, since all other estimates follow
analogously. The linear model for ti¢h path gain is repeated for convenience as

Yi(2,y) = v(x0,y0) + & (x —20) + G (¥ —v0)-

In general, the estimates of the path gains and delays wéltmmeous, which is accounted
for by extending the linear model with an error term accaydin

Az, y) = vz, y) +e=y(z0,y0) +&(x —x0) + (Y —y0) + €,

wherey;(x,y) denotes the estimate 9f(z,y) ande denotes the estimation error. This error
is caused by the stochastic componeptt) of the measured CR and by limitations of the
path gains and delays estimation algorithnt ¢n be modeled as a random variable, which
would require a model selection procedure like AIC usinggdaet of empirical estimation
errors, the ML estimates foy;(z0,%0), &, and(; can be derived. Further assuming a prior
distribution for the linear model parameters would allowddBayesian linear regression as
discussed in Chapter 3.3 &7]. In this section, least squares estimation is proposed;twh
corresponds to ML parameter estimation assuming a GauBEi&tfore.

118
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Let us assume thak' estimatesy;(xy,yx) for £ = 0,...,K —1 at known TX posi-
tions(zy, ) in the vicinity of the reference poirit:y, ) are available. The joint estimation
of path gains and path delays from a measured CR has beensdiddnsSectiory.6.1 The
corresponding sum-of-squares error functidg is given by

15l T \2
Rso(wi) =5 kZO (3 yp) —wipr) "
where the linear model parameters are collected in the v@gto= [v,(xo,0),&;, (] and
the vectorp,, is defined ap;, £ [1, 2}, — z0,ys — yo}T. Calculating the gradient dksg(w;)
with respect tav;, setting it to zero, and solving fav; gives the least squares estimate
according to

-1
wi = (PP) P, (7.14)
1
P

where the vectot; and the matribP are defined by

T
Po
t; 2 [A(z0.y0)s- - ek —1,yx—1)]T andP2 |

T
Pr_1

If the estimation of the linear model parameters ofitie path delay is considered, then the
vectort; is defined byt; & [%(xo,yo), . 7%@[(71’3”(71)}? The matrixP' is known as the
Moore-Penrose pseudo-inverseRofThe matrixP has dimension&” times3, which implies
that K > 3 measurement locations are required in order to ensure tiatjae solutiorwy
exists. Fork = 3 the pseudo-inverse' is equal to the inverse .

Applying (7.14) to all 2- L vectorst; collecting the K estimated path gains and path
delays provides the least squares estimates for all linedehparameter¥y. The pseudo-
inverseP' needs to be calculated only once. Note that this formulagsumes that thE
estimated path gains and path delays at different TX positstacked intd; correspond to
the samemultipath component, i.e. are caused by the same integaohject. The problem
of identifying associated path delays and path gains igdakth pairing problem 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 bfmultipath components from

a measured CR is discussed. In Secfiof2least squares estimation of the linear model
parameters from a set of estimated path gains and path dalaysifferent TX positions

Is proposed. However, before least squares estimationeapied, path pairing or path
association is required. Assume thafpath gains and path delays denotedibyzy., vi)

and 7; (zx,yr) have been estimated & known TX positions, wheré=1,2,..., L and
k=1,2,..., K. In order to obtain meaningful results from least squarémasion, it has to

be ensured thal; (x,y,) and7; (zy,yx) are associated to the same interacting object with
index! for all .

For simplicity let us assumé = 2 multipath components anfl’ = 2 TX positions re-
sulting in a set of four path delays and four path gains. Theative of path pairing is to
group this set into two sets consisting of two path gains adyd associated to the same
interacting object. In practice the following problems eaise:

1. At the second TX position a multipath component is deteft@m a new interacting
object, which has not been detected at the first TX positidms Tan happen, when
one of the detected paths at the first TX position is blockebdeasecond TX position.
This can also happen due to fading effects caused by the me#uef other multipath
components, which lead to existence (strong gain) and rzteace (weak gain) of
paths. This problem causes usually a large difference legtwee estimated path de-
lays at different TX positions. Thus, by applying the bouadshe path delays derived
in (7.3) or (7.6) this estimation error can be identified provided the two Tosigons
are close to each other.

2. If the two path delays at each TX position are very similar,the difference is smaller
than the bounds in7(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 famctf the TX position
are intersecting. Thus, for other TX positions the diffeebetween the path delays
should increase again. If the difference does not chandetiatTX position then both
identified paths could be associated to a single interaciject.

In a dense multipath environment these two effects makepating cumbersome due to
the large number of multipath components and diffuse s@adtelncreasing the bandwidth
of s.(t), i.e. increasing the temporal resolution, decreases titgapility of multipath fading
and mitigates the first problem. However, increasing thedhédth of s.(¢) increases the
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impact of frequency dependent interactions, which causegelt estimation errors of the
SAGE and WRELAX algorithm.

The following paragraph proposes a technique borrowed filaital 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 usedgitad image processingJ, 99].
The purpose of this method is to find geometrical shapes image by a voting procedure.
Originally, the Hough transform was designed to detectigittdines but later on it was
extended to detect also more complex shapes like circlelfijpses.

In order to be able to apply the Hough transform, the estonatif the linear model pa-
rametersl’ y from a set of estimated path gains and path delays at diff@d¢positions is
reformulated as straight line detection problem. The T>ean& is moved along theaxis
such thaCRsare measured d known grid points denoted byt + x1,70). The WRELAX
algorithnf is applied to each CR producitg - L path gains and delays, which are given by

Yi(zo+xk,90) = (w0, y0) + &y for I=1,... . L andk=1,..., K,
%l(x0+:1:k,yo):ﬁ(m,yo)—l—amk fori=1,...,.Landk=1,... K.

These equations describé: L points onL lines in the(v;(z,yo), z) plane with slope param-
eters¢; and intercept parametefg(xo,yo), and K - L points onL lines in the(7(x,y0), x)
plane with slope parametess and intercept parametetrgzo, yo ).

Each straight line in the7;(z,y0),2) plane can be represented as a single point
(71(z0,y0), ;) in the corresponding parameter space. The case of veitiealimplying in-
finite slope parameters is ruled out by the boundsogiven in (7.9). The Hough transform
algorithm uses a two-dimensional accumulator array widngjued values of the parameters
a and7(xg,yo). For each pait7;(x,v0), xx) the bins in this array corresponding to possible
line parameters are increased by one. After processing all estimated path delays, the
bins with the highest values indicate the most likely linegpaeters. For more details on the
Hough transform, the interested reader is referre@17pJ3].

The advantage of the Hough transform over least squaresat&in is that path pairing
is not required. The drawback is that the Hough transforress robust against estimation
errors than least squares estimation.

6Any other algorithm, which jointly estimates the path gaansl 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 th@ogel linear approximations
of the path gains and path delays, dedicated CR measurememrt@nechoic chamber with
two metallic reflectors are performed. Note that path pgiismot an issue in this experiment
due to the controlled propagation environment with onlgémultipath components.

7.7.1 Measurement Campaign in Anechoic Chamber

The time-domain correlation method described in Chapieused to estimat€Rs Fig. 7.5
shows the block diagram of the measurement setup. Infoomathout the individual hard-
ware blocks can be found in Tablel

Clock
8 GHz TX Antenna
RX Antenna
Y
PN Attenuator J t LNA S
- - - cope
Generator 10 dB PAMP P
Fig. 7.5: Block diagram of measurement setup.
2,
1 /
S X
g
>-1t
-2 HEE
B 1 0 1
xinm

Fig. 7.6: Measurement scenario with two metallic reflectors, fixederer antenna, and
transmit antenna mounted on a positioning device.

The measurement scenario (left) and the correspondinglimensional floor plan (right)

are depicted in Figz.6. The cross marks the position of the receive antenna at ity @nd
the dots mark some of the positions of the transmit antenih& sime positioning device
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| Device | Parameters | Values |
Tektronix DPO 72004| sampling rate 50 GS/s
input filter bandwidth 0-6GHz
horizontal resolution 1 ps/div
vertical resolution 200 mV/div
Skycross Antennas | height 1.95m
SM3TO10MA
PN Generator bit period 1/8 ns
Centellax TG1P1A order 15
PN sequence duration| = 4096 ns
PAMP gain 30dB
Mini Circuits ZVE-8G | bandwidth 2-8GHz
1 dB compression point 30 dBm
LNA gain 42 dB
Mini Circuits AFS5 bandwidth 0.1-8GHz
noise figure 1.4dB
1 dB compression point 10 dBm

Table 7.1:Hardware equipment and parameters.

as for the measurements described in Chapisrused. The transmit antenna is moved on
a1l cm grid over an area di.28 m times0.28 m. The total number of measur&Rsis
29-29 = 841. The two metallic reflectors are indicated with lines in theofl plan. The
measurement SNR is approximat&lydB with the SNR definition in4.2).

In order to get reliable results from the WRELAX algorithm thentsmit signak.(¢) must
be known. Note that this signal comprises the impulse resgmaf cables,0 dB attenuator,
PAMP, transmit antenna, receive antenna, and LNA. The kig(4 is also measured in the
anechoic chambaewithoutreflectors. In order to mitigate any remaining artifactssealiby
the RX antenna mounting and the positioning device, the bigin#) is averaged over all
841 grid positions. Note that this averaging requires tempalighment.

Fig. 7.7 depicts the averaged transmit sigrdl ) with the dashed curve and(¢, (zo, o))
with the solid curve. Note that these are passband signals avfrequency range from
approximately2 to 6 GHz. The sampling frequency i#) GHz. For visualization purpose
the signals are scaled such that the maximum absolute vhh@lois one. The reference
point (zg,yo) iS chosen as the center point of the transmit grid depicteeign7.6. The
exact coordinates of this center point &, yo) = (—0.032, —2.227) m. The two reflected
paths from the metallic reflectors are clearly visible in.Fig. The second path arrives
approximately3 ns after the direct path (first path) and is associated toefhector almost
parallel to they-axis. The third path arrives approximatdl§y ns after the first path and is
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Fig. 7.7: Measured received and transmit signals in anechoic chawitietwo reflectors.

associated to the other reflector. Note that the arrival efdinect path, which is defined
as the maximum absolute value, is artificially set te 10 ns by the temporal alignment
procedure.

7.7.2 Figures of Merit

For performance analysis, we consider the following theds sfCRs

1. MeasuredCRsare denoted by, meas(,y) and result from the measurement campaign
described above. The measui@Rsinclude frequency dependent interactions. Due
to the high measurement SNR T dB the stochastic component (noise) is assumed
to be negligible and. meas(z, y) are considered as the tr@dRs

2. PredictedCRsare denoted by, pred((2,y) , K). First the parametef$y of the lin-
ear models of path gains and path delays are estimated basEdnoeasuredCRs
at known TX positions. Hence. preq(,y, ) depends oK. Then the simplified
input output relation in7.11) is used to calculated théRs where frequency depen-
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dent interactions are neglected, i.€.(t) = s.(t). The geometry of the propagation
environment (floor plan information) is not required forgiprediction.

3. Theoretical CRs are denoted by teo(z,y) and are obtained by ray tracing. The
geometry of the reflectors and the positions of RX and TX haenlmeeasured in the
anechoic chamber by using a laser measurement device andsamnmg tape. With
this information it is possible to construct the two-dimiensl floor plan depicted in
Fig. 7.6. The geometrical parametarsandb; for all three paths are calculated based
on the measured geometry and are listed in TalleConsequently, the corresponding
path delays for all TX grid points can be calculated applyaggation {.2). The
reflection coefficients of the two metallic interacting atigeare assumed to bel for
all frequencies. The PL of theth path depending on center frequency, bandwidth and
TX position is approximated by

1 “Yconst ?
PL; (fe, B,x,y) = 2 - ’
1(fe: Bayy) (4m) (£2 - B2) (m(x,))° (n(w))

which is obtained by averaging Rk, d) over the used spectrum. The path gain
~(x,y) is given by the product of theth reflection coefficient and the square root

of PL;(f.,B,x,y). ThetheoreticalCRsare calculated according to equatiohlj,
where frequency dependent interactions are neglectediingpil.(t) = s.(t).

In order to assess the prediction performance, the innelugtdetween normalized ver-
sions of these thre€Rsare used.

1. The inner produGtmeas-prefi, v, i) between measured and predic@@sis defined
by

) N rgjmeas(%?/)rc,pred(xayaK)

Pmeas-preéxa y, K
IF e meas(z, )|l | e.prea(z,y, K

and measures the prediction accuracy. Deviations are @¢daysthe linearization of
path gains and path delays, by erroneous estimatiof gf including WRELAX er-
rors caused by neglecting frequency dependent interacéind antenna patterns, and
by the multipath approximation of electromagnetic waveppigation.

2. The inner produGimeas-thebr,y) between measured and theoretiC&sis defined by

rgjmeas(% Y) T ctheo(,y)
Ir e.meas(®,y) || I c.theo(Z,Y) H

Pmeas-theéxa y) =
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and measures the ray tracing accuracy. Deviations aredadysmeasurement errors
of the geometry of the propagation environment, by negigctiequency dependent
interactions and antenna patterns, and by the multipatiogjppation of electromag-
netic wave propagation.

3. The inner produGhieo-pred . y, IX) between theoretical and predict€®Rsis defined
by

thheo(xa Y) I e pred(,y, K)
rC,theo(ffa ?/) H rc,pred(% Y, K) H

Ptheo-pre({% Y, K) =

and measures the similarity of theoreti€Rsobtained by ray tracing and predicted
CRs Deviations are caused by measurement errors of the geoaie¢tre propagation
environment, by the linearization of path gains and patlaydeland by erroneous
estimation of'| .

7.7.3 Performance Results

The WRELAX algorithm is applied to estimate the three path gand path delays of
re(t, (zo,y0)). Fig.7.8depicts the result of the WRELAX algorithm together with theame
sured received signal. From visual inspection it can be Hedrthe reconstruction is almost
perfect. There are, however, visible reconstruction sresound: = 14 ns andt = 22 ns.
These errors are most likely caused by signal distortiomstddirequency dependent reflec-
tion coefficients.

Path Delay [ns]|| Theoretical | Estimated Geometrical Parameters
Path Index (Ray Tracing)] (WRELAX) | a; | b | cody | oy

71(z0,v0), [ =1 0 0 0 0 |[-0.014|-0.999
T2(z0,90), | =2 3.335 3.332 -2.45| 0.15| -0.765| -0.644
73(x0,90), L =3 10.095 10.100 1.19 | -2.90| 0.220 | -0.976

Table 7.2: Comparison between ray tracing (theoretical path delayseatimated path de-
lays for the poin{xg, yo).

Table7.2 summarizes the temporally aligned path delays for the eafss point(zg, yo).
These path delays are obtained once by ray tracing and onepglying the WRELAX
algorithm to the measured CR (¢, (zo,70)). The parameters; andb; describing the ge-
ometry of the interacting objects are also stated in Taki?e Furthermore, the theoretical
linear coefficients without temporal alignmenty; andcg/3; are given, wherey; andg; are
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Fig. 7.8: Measured received signal in anechoic chamber with two tefleand WRELAX
reconstruction result.

multiplied with ¢ for a better presentation. It can be observed from Tald¢hat the WRE-
LAX algorithm is able to accurately estimate the theordfycaxpected path delays. Note
that the time resolution of the WRELAX algorithm is not limitby the sampling frequency,
because the estimation is performed in the frequency dofRgjn

Table7.3summarizes the parameters of the linear model of the paslysleT hese param-
eters are once obtained by ray tracing using equaiid) yith the geometrical parameters
in Table7.2and once by least squares estimation ugingreasuredRsin the vicinity of
the reference poirtzg, yo). It can be observed from Table3that the ray tracing results and
the estimation results agree very well for the second patliéuate slightly for the third
path. Especially;yas shows a deviation of arourtd05, which may be due to an inaccurate
measurement of the geometry of reflector two. Further, itlmarseen that increasing
does not change the linear model parameters significartilg.ifidicates that already = 3
measurements are sufficient to obtain accurate estimathe bhear model parameters.

Table 7.4 lists the path delays for the lower left corner poinaty — 0.14,yo — 0.14)
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Linear Model|| Theoretical Estimated (Least Squares)
Parameters | (Ray Tracing)] K=3 | K=9 | K=16
72(0,Y0) 3.335ns 3.332ns| 3.332ns| 3.332ns
o2 -0.751 -0.758 -0.760 -0.755
o2 0.355 0.376 0.379 0.380
73(0,Y0) 10.095ns || 10.100 ns| 10.100 ns| 10.100 ns|
o3 0.234 0.175 0.183 0.187
co33 0.023 0.012 0.014 0.015

Table 7.3: Comparison between linear model parameters obtained frpima@ng and from
measured CRs via least squares estimation.

Path Delay [ns] Theoretical | Estimated Predicted
(Ray Tracing)] (WRELAX) | K =3 | K =16
71(xo —0.14,y9 — 0.14) 0 0 0 0
To(xo— 0.14,y9 — 0.14) 3.506 3.500 3.510 | 3.507
m3(xo— 0.14,y0 — 0.14) 9.970 9.997 10.013| 10.006
71 (zo+0.14,y0 +0.14) 0 0 0 0
o(xo+0.14,yo +0.14) 3.135 3.130 3.153 | 3.157
73(20+0.14,yp + 0.14) 10.209 10.188 10.187| 10.195

Table 7.4: Comparison between ray tracing (theoretical path delagsimated path delays
via WRELAX, and predicted path delays for upper right and lovedr corner
point.

and the upper right corner point:g + 0.14,y0 + 0.14) of the transmit grid. The path
delays are once obtained by ray tracing, once by applyinglRELAX algorithm to

re(t, (ro£0.14,y0£0.14)), and once by using the linear model for prediction. The pa-
rameters of the linear model are estimated fleinmeasuredRsin the vicinity of (zg,yo).

It can be observed from Table4 that the predicted path delays match very accurately to the
estimated and to the theoretical ones. These results caotifainthe approximation error in-
duced by the linearization of the path delays is indeed gixé for the considered geometry
and propagation environment.

Fig. 7.9 depicts the inner product matrpheo-pred,y,3) for all measured TX position.
The predicted CRs are based on linear model parameters esdifnatm X = 3 measured
CRs at grid point$zo,yo), (o +0.01,y0), and(zg,yo +0.01). It can be seen that the inner
products decrease with the Euclidian distance to the nederpoint(zg,yo) due to increas-
ing linearization errors. However, as the smallest innedpct is0.96, it can be concluded
that both linear approximations for gains and delays ararate and applicable for the con-
sidered geometry and propagation environment.

128



7.7 Experimental Analysis of Prediction Accuracy
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Fig. 7.9:Inner product between theoretical and predicted CRéfer 3.
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Fig. 7.10:Inner product between measured and theoretical (left) axabored and predicted
(right) CRs forK = 3.

Fig. 7.10 depicts the inner product matric@geas-theb, ¥, 3) and pmeas-prefz, y) for all
measured TX position. The predicted and theoretical CRs areséime as in Fig/.9.
The inner product$meas-theb,y,3) range from0.95 to 0.99 and pmeas-prefir,y) range
from 0.96 to 0.99. Due to the marginal decrease of the inner products thewoip con-
clusions can be drawn:

1. The multipath approximation of electromagnetic waveppgation is accurate and
applicable for large metallic reflectors.

2. The frequency dependent interactions are negligibltnevconsidered frequency band
from 2 GHz to6 GHz and metallic reflectors.

3. The antenna patterns of the applied UWB antennas are iteglig

4. The linear approximation of the path gains and path detagscurate 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 (leff) largest inner
product (right) iNpmeas-preé, ¥, 3).
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Fig. 7.12: Snapshots of measured and predicted CRs for smallest innéugir@eft) and
largest inner product (right) ipmeas-pre®, ¥, 3)-

Fig.7.11 depicts the CRs for the smallest and the largest inner products
pmeas-prebi®, ¥, 3). The smallest inner product appeargaf+ 0.14,yo + 0.14) in the lower

right cornef of the right plot in Fig.7.10and the largest inner product appears at the center

point (xg, o). Fig. 7.12depicts snapshots of these CRs around the direct path. Inghie fi
the worse prediction of the second path in the left plot camgdo the right plot is clearly
visible.

"This corresponds to the upper right corner of the transrdtdgpicted in Fig7.6.
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7.8 Parameter Estimation based on Predicted Channel Response

7.8 Parameter Estimation based on Predicted Channel

Responses

So far, atechnique for the prediction of CRs at arbitrary TX{pmss has been developed and
the prediction accuracy has been studied. The main purddSR prediction in this thesis
is the estimation of the parametéds, of the conditionaPDFsf,, (Y| H,,). These estimates
could be used, for example, to initialize the EM algorithnogrsed in ChapteB. The
remaining steps are the prediction of sufficiently many CRsfadl M/ regions, calculation
of the respective location fingerprints, and applicatiothef same empirical ML parameter
estimation rules as proposed Sectibd.land Sectiorb.5.1

As an example, we consider location fingerprints obtained avcoherent RX as proposed
in Chapter4. The corresponding stochastic model for the location fipigets is complex-
valued jointly Gaussian wit®,,, = {,,,, Xm,Zm }. The mean vector does not become zero
for the measurements in the anechoic chamber, becauseartpertd alignment can be per-
formed very accurately due to the negligible impact of npaith fading of succeeding paths
on the reference (direct) path. Hence, it can be expectedhbaeference path produces a
strong mean component.

0.3 ‘ ‘ ‘ ‘ 0.4 ‘ ‘ ‘ ‘
— measured — measured

--- predicted --- predicted

0.2r

0.1r

-0.1
-0.2

— g

o 2 4 6 8 10 12 o 2 4 6 8 10 12

tinns tinns

Fig. 7.13:Real parts (left) and imaginary parts (right) of the meanmecof measured and
predicted location fingerprints for a coherent RX.

Fig. 7.13depicts the real parts and the imaginary parts of the meaongevhich are ob-
tained from341 measured location fingerprints and fréal predicted location fingerprints.
The linear model parametel§ y are estimated fronk’ = 3 measured CRs with the least
squares method. It can be seen that the measured and pdedictes show a very good
match. As expected, the first path (reference path) has agstrean component. How-
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ever, also the third path exhibits a mean component, whéneasecond path does not have
a mean component. This can be explained by different delagitians of the second and
third relative to the direct path. The maximal delay differes between the lower left and
upper right corner points of the transmit grid are given ibl&&.4. The second path has
a maximal delay difference of roughly4 ns, whereas the third path has a maximal delay
difference of roughhy0.2 ns. Since the carrier frequency4sGHz, which implies a carrier
period of0.25 ns, the third path cannot be averaged over a full carrieogeiThis explains
the mean component of the third path.

0 ] 0
X | foos 0.08
4 L 1 Boos 4 R 0.06
(7))
cC 6 26
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= g | Flo.os = ¢ 0.04
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0.02 0.02
12 ] 12
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Fig. 7.14: Absolute values of the covariance matrices of measuret) @diedl predicted (right)
location fingerprints for a coherent RX.

Fig. 7.14shows absolute values of the covariance matrices of mehanoepredicted loca-
tion fingerprints for a coherent RX. Only the second path mlesia significant contribution
to the covariance matrix, since the direct and the third patle a mean component. Visual
inspection confirms that the predicted covariance matrvigies a very good match to the
measured covariance matrix. The Frobenius norm of therdiifee of these two matrices
results in0.07, which further indicates the similarity of these two magsc

7.9 Summary and Conclusions

It can be concluded from this experimental analysis in arodietl propagation environment
that the multipath approximation is accurate, the impaétezfuency dependent interactions
and antenna characteristics is negligible, and that treafination of path gains and path
delays is applicable for the region dimensions of interd@s$tese conclusions hold for the
considered frequency band and reflecting objects.
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7.9 Summary and Conclusions

Further, it is shown that the estimation of the linear modebmeters' s can be accu-
rately performed by the proposed two step approach With 3 measured CRs at known TX
positions. CRs at arbitrary TX positions can be predicted tithlinear model usind v .
The parameter séd,,, of the stochastic location fingerprint model are then edechbased
on arbitrary many predicted training signals. Hence, theing phase requires only the
measurement of three CRs at known TX positions for each rediois.holds for all kind of
location fingerprints and stochastic models.

Moreover, it is shown that the deterministic componentshef €CRs can be predicted
based on a floor plan. The theoretical CRs, which are calculageday tracing, match
very well to the measured CRs. Reflections from floor, ceilingllsvand large objects
can be predicted this way irrespective of the remaining @gation environment causing the
stochastic channel components.

The crucial part of this efficient parameter estimation rodtis the identification of mul-
tipath components in a propagation environment with mocedansely spaced multipaths
as discussed in Sectigh6.3 We propose the Hough transform as potential means to solve
this problem. The experimental evaluation of the predicaod parameter estimation accu-
racy in an office or an industrial propagation environmermutside the scope of this thesis
but definitely an important open item. The objective of thsyter is merely to introduce
the ideas, required theoretical concepts, and estimalgmmitoms and to evaluate them in a
controlled propagation environment.

It would be also conceivable to use the linear model paramelieectly as location fin-
gerprints, which implies that a set of path gains and pathygein conjunction with the
corresponding linear coefficients fully describe a regidhe development and analysis of
such a scheme is, however, outside the scope of this thesis.
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Chapter 8

Conclusions and Outlook

8.1 Conclusions

Location fingerprinting is a promising alternative to gedmeal position location approaches
in dense multipath propagation environments with possibleLoS conditions. However,
state-of-the-art location fingerprinting systems suffenf low accuracy and precision due
to the use oRF signals with too small bandwidth, which implies locationg@mprints with
few degrees of freedom per anchor. The only possibility tmhssystems to achieve more
degrees of freedom, is the deployment of additional anchioitse expense of hardware and
infrastructure complexity as discussed in Chafiter

It is envisioned that location fingerprints extracted fralWB RF signals provide high
position location accuracy and precision with a single anclue to many available degrees
of freedom. It is also expected that the multipath structut@ch carries position location
information, can be resolved in time and, thus, utilizedlémalization. This thesis features
the first comprehensive study of location fingerprinting (8B systems, confirms these
visions and expectations with extensive experimental aedretical results, and proposes
the first location fingerprinting system in literature, whis able to operate with a single
anchor. A theoretical location fingerprinting frameworkdieveloped that generalizes all
location fingerprinting methods, which are based on the Baggzaradigm, and supports
the systematic derivation and analysis of optimal loc#lra(classification) algorithms. A
distinct advantage of the proposed Bayesian framework aver @lassification tools like
neural networks or support vector machines is the podsilbdioptimally combine multiple
observations per agent by summation of log-likelihood &aJwhich corresponds to a joint
evaluation of soft decisions. Neural networks and suppector machines support only the
suboptimal joint evaluation of hard decisions.
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Location fingerprinting with two specifidWB RX structures is investigated: a coherent
RX and a low complexity generalizéeD RX. Experimental performance results based on
measuredCIRs demonstrate that botdWB RX structures provide excellent position loca-
tion and clustering performance in a dense multipath prafag environment with nohoS
conditions. It is found that th®1V circular symmetric GaussidPDFis an accurate stochas-
tic location fingerprint model of a cohereRiX. Experimental performance results show
that the performance can be significantly enhanced by atiogufor channel tap correla-
tions. For a generalizeD RX; it is found that the Gamm@&DF, the Log-normaPDF, and
the MV Log-normalPDF are accurate stochastic descriptions of the location fprggs.
Among thesé?DFsonly theMV Log-normalPDF accounts for correlations among energy
samples. The experimental analysis shows that the besirpenice is achieved with the
MV Log-normalPDF.

An experimental performance study reveals a major shoitapf UWB based location
fingerprinting systems, which is the high complexity of trearting phase. In order to combat
this problem, it is proposed to extend the location fingetprg framework with mixture
models, such that iterative algorithms are applicables mateworthy that such an extension
is only supported by the proposed theoretical frameworledas a Bayesian formulation.
Specifically, theEM algorithm is applied and experimental performance resigtsonstrate
that significant performance gains are achievable, if ogly training signals are available.

In the last chapter, we propose to exploit a priori knowledfeut the propagation en-
vironment to further increase the efficiency of the trainpigase. It is shown thafRsat
arbitraryTX positions can be predicted based on either a floor plan ormeteizal channel
model. The parameters of this model can be estimated frome tiieasure@Rsat known
TX positions. The prediction accuracy is evaluated experatlgrin a controlled propaga-
tion environment. It is concluded that both techniques &ate t accurately predic€Rs
which can be further used as training signals.

In order to implement an efficient and robust location fingetpg system, it is recom-
mended to use predictgdRsin order to obtain initial parameter estimat®g,[0] for all
regions, which are required by tf&M algorithm. During the localization phase many loca-
tion fingerprints containing also information about thecktastic and unpredictable channel
components are observed. Those location fingerprints dizedtvia theEM algorithm to
learn the parts of the parameter s@ts, which are caused by stochastic channel components.
Finally, such a system would constantly improve over tinteafgtatic propagation scenario
and, moreover, would be able to cope with small changes girthyigagation environment by
constantly adaptin®,,, based on new observations and forgetting old location fprg@s.
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8.2 Outlook on Future Research

In the following, the most interesting and relevant opendsfrom the author’s perspective
are shortly discussed in order to initiate further researthe 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 ligegle cause random distortions
of the location fingerprints as discussed in Sectidh2 Such distortions can be mitigated,
for example, by collecting multiple location fingerprintsrpagent. If the propagation en-
vironment changes deterministically, for example, by catmn of large objects, it might
become necessary to redo the training phase. Future rasgavald study the ability of
the EM algorithm to adapt to such significant and permanent chaofjfse propagation
environment.

Number and Dimensions of Regions Increasing the number of regions (surveillance
area) will most likely lead to a performance degradatiom, largerP, andD.. However,
the performance results in Sectiérv.5and Sectiont.6.4indicate a graceful performance
degradation, since most classification errors happen ameigiaboring regions. Therefore,
it can be expected th&,. increases only very slowly with/. Future research should con-
firm these expectations via further experimental resultstedver, it would be interesting to
develop a theoretical framework, which enables the deomaif 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 @b cm times29 cm with high accuracy
based on three measur€iRs The experiment has been performed in an anechoic chamber
with two metallic reflectors, such that only three multipattmponents are existent. The
crucial part of this prediction method is the associatiompath gains and path delays, es-
timated at differenfTX position, as discussed in Secti@r6.3 This is not an issue for the
controlled propagation environment but becomes relevean ienvironment with dense mul-
tipath propagation like an office or industry hall. An expeental analysis of the prediction
performance in such an environment is therefore recomneende
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Prototype  Animportant next step would be the implementation of a li@cefingerprinting
prototype system in real time. With such a prototype the hpérealistic error sources like
time varying propagation channels and interference caruuokesl.

Cooperative Location Fingerprinting To the best of the author’s knowledge cooperative
location fingerprinting has not been investigated or prepda far. The main reason might
be the centralized nature of location fingerprinting dueairgé databases and centralized
processing, which makes it difficult to develop distribugetiemes. A big advantage of lo-
cation fingerprinting withJWB signals, is the need for only one anchor, which stores the
database and does the whole processing. Therefore, it imghteresting to develop coop-
erative location fingerprinting schemes, where some adaves anchor capabilities. This is
especially important for low complexity anchors employangeneralize@&D RX, where co-
operation might be the key to obtain better performancetsessuch a cooperative scheme
would require the dissemination of the database to thesgsgely once and afterwards the
continuous dissemination of region/cluster informatiod &écation fingerprints.
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A Distance Matrix for UWB Channel
Measurement Campaign

The approximat@2 x 22 distance matriXD, which corresponds to the measurement cam-
paign described in Chapt8ris given below in meters.

dig dig dig
dig doo da3
di3 da3 d33

The diagonal entrieg; ; are given by

dii =1/0.272/12+0.562/12 ~ 0.18 m,

which corresponds to tHieMS error of a two-dimensional uniform distribution with leihgt
0.27 m times0.56 m.
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B Akaike’s Information Criterion

It is assumed that the samples of the equivalent baseBG#Rdare distributed according to
an originalPDF f, which is called the operating model. The operating modeisisally
unknown, since only a finite number of observations (retbns) is available. Therefore,
approximating probability models must be specified usiregydbserved data, in order to
estimate the operating model. The approximating modelsliarded into families, where
each family is specified by a set of parameters, e.g. mean amahce for the Gaussian
family or degrees of freedom for the Chi-square family. Anragpmating family is denoted
aSgg, where the subscrifgh stands for thé/-dimensional parameter vector, which specifies
the PDF. The collection of all a priori defined approximating faredit € {1,2,..., K}
forms the candidate set.

It is intuitive that the number of free parametérsletermines the flexibility of the models,
and therefore also the approximation quality. Howeverséhgarameters must be estimated
from a finite number of observations. It is again intuitivattthe estimates become worse, if
more parameters have to be estimated from the same numbesafations. Therefore, the
approximation of the operating model has two sources ofgopdiscrepancies:

1. Discrepancy due to approximation: This is the discrepdretween the operating
model and the best approximating model within a family. Thhg discrepancy is
the lower bound on the discrepancy between the operatinghand the approximat-
ing family. Since the operating model is generally unknoiins impossible to find
the best approximating model.

2. Discrepancy due to estimation: This is the discrepantwydsn the best approximating
model and a fitted model with estimated parameters from afimitnber of observa-
tions. This quantity depends on the actual observationsvantt change for different
observations. Hence, it constitutes a random variable.

The overall discrepancy is a function of these two discrejgan Therefore, it is necessary
to take both discrepancies into account, when approximdtmilies with different com-
plexity (differentU) are compared. The discrepancy due to approximation bexemaller
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B Akaike’s Information Criterion

for more complex models, whereas the discrepancy due tma&stin becomes larger. The
challenge in selecting the best approximating probabitigdel is to find an appropriate
compromise between these two effects.

In practice, none of these discrepancies can be computetedMer, the overall discrep-
ancy is a random quantity. It would be of interest to comptt éxpected value of the
overall discrepancy for a given number of observationsctvig still impossible, since the
operating model is unknown. However, the expected disa®pean be estimated and the
corresponding estimator is called a model selection @riterThe expected discrepancy is
generally a complex quantity depending on the operatingahdide approximating family,
the parameter estimation method, and the number of avaitddgervations.

In information theory, the Kullback-Leibler distan@(f||g(’f)) is a measure for the dif-
ference between the tweDFs f andgg and is given by

D (fllg) = Ellog f(X)] — E [log g (X)]
— [ F(a)log f(a)de — [ f(w)loggh(x)du
= —h(X)— [ f(z)loggb(x)dr.

where the random variabl¥ is distributed according to the original but unkno®RDF f,
andh(-) denotes differential entropy. This distance measure islimettly applicable, since
the originalPDF f is not known. It is known, however, that the Kullback-Leibigstance is
nonnegative, i.eD (ng(’g) > 0.

The term— [ f(x) loggé(x)dx is called Kullback-Leibler discrepancy and approaches the
differential entropy ofX from above for increasing approximation quality of the rriogi&
which can be seen from

~ [ f@)oggh()dz = h(X)+ D (fllgh) (B.1)

The Kullback-Leibler distanc® (ngg) becomes smaller and smaller and the differential
entropy of X is reached if and only if = g(’g.

Applying the weak law of large numbers, expressiBilf can be approximated by av-
eraging the log-likelihood values given the mo@@ over N independent observations
x1,x9,...,xN according to

N
~ [ o) toggh(r)de ~ — 1 > Toagh(r) ®.2)
n=1
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The Kullback-Leibler discrepancyg(1l) depends also on the estimated parameter végtor
which is itself a function of the actual observationszo, ..., xy. If another set of observa-
tionsz,9,...,2 N is used, a different Kullback-Leibler discrepancy is ohbéal. Therefore,
the expected Kullback-Leibler discrepancy is defined by

~Eo | [ f(@)loggh(w)ds] (©.3)

where the expectation is taken with respect to the disiohubf the estimated parameter

vector©. ExpressionB.3) has to be minimized over the candidate set, in order to fied th
best approximating model. As stated, expressiB)(cannot be computed exactly, but has
to be estimatedAlC is an approximately unbiased estimator f8r3) and is given by 1]

AIC;, =2U —2 ﬁ log g& (). (B.4)
n=1
The parameter vectof8 for each family should be estimated using the minimum dfscre
ancy estimato®, which minimizes the empirical discrepancy. This is theedkpancy be-
tween the approximating model and the model obtained byrdegathe observations as
the whole population. Th#&lL estimator is the minimum discrepancy estimator for the
Kullback-Leibler discrepancy.

The Akaike Weightgw;,wo,...,wxk } are computed followingq9] using B.4), in order
to compare the competing candidate families and selectabeapproximating distribution.
The Akaike Weightu;, is given by

Qe
expl —=x*
D1 eXp(—#) i=1,2,....K

Wl =

The Akaike Weightu;. can be interpreted as estimate for the probability thatthiecandi-
date family shows the best modeling quality.
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C Derivation of Approximation ( 5.5)

We start by repeating the characteristic functiofs), which is given by

I 2
_ “\i
=TT (1+2s)) "2 ~ IR for s = —aw.
s) Z1;[1( +2s\;) exp 525N, s w
Note the different definition of in comparison ta in (5.3). Applying the inverse Fourier
transform to this characteristic function the PPf) is obtained as

200

1 ! ~1/2 s
= — (1+2s);) -t ds. C.l1
fly) =5 / exp (sy ];[ +2s exp |~ 5o )0 (C.1)

—1100

Let us define the variable for a given)\; according to

é 1
28)\1"

X

We will use the following Taylor series expansions around 0:

1—|1—x :1—x+x2—az3—|—...:1—x+8($2),
(1+a) 2 =15+ («?),
exp (am+5(:ﬁ2)) = 1—|—ax—|—5(m2) fora > 0. (C.2)

The error ternt (x2) states that the smallest exponent:ah the error term i®. The error
term in the variabler translates into an error term(s”) in the variables by definition
of . Hence, the largest exponentoin the error term& (3—2) Is —2. Thus, we have the
following approximations:

—1/2
(14+250) 72 = (25 A)1/2< 281%) :(23)%)1/2(1—1‘4—5(5_2)),
2

5% )\ ( 1 )1 i 72 -2
= (2s)\; /\ = — .
(25 ) i 25\ 2 s\ +& <S )

142s)\;
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C Derivation of Approximation¥.5)

We can now insert these two approximations ir€olf, which gives

100

_ ! - (2s7;)"1/2 L e(s2
= ] owton [l (1- ()

p(_z Q)exp(%sA e (s ))ds

~1/2
o127l z]: 72) exp (sy) s~ /2 ﬁ (1 B 451>\' e (8_2)>

re(s?) o *

We approximate the product term according to

xHexp(

f[(1— ! +5(52)>:1—1ix1+5(52) (C.3)
45N 4s =" ’ '

i=1

1 ; -2 .
where the cross temﬁxm are absorbed i (s ) Further, we approximate the product
of exponential terms using:(2) according to

HeXp(‘li ( >> ﬁ(“z&xﬁg(s—z)):1+418§I:7',+5(8‘2)7

i=1

where the last step is in analogy 10.8).

The resulting approximation fof(y) is

100

o—1/2 1/2 I .2
f(y)— Iizi A ex p(—Zé’) /eXp(Sy)S_I/2

2m —
=1 —1200

st () (e L5 e () | d
X —ngi + (s) +ng)\7+ (s) s.

Using again the argument fror (3) we arrive at
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The final step is performing the inverse Fourier transforoma&nd noticing that the error
term& (3*2) in thefrequencydomain translates to an error teﬁ‘n(gﬁ) in thetimedomain.
Note that& <y2) Is in analogy ta€ (x2) which means that the smallest exponeny @f the
error term& <y2) is 2. With this the approximations(5) for f(y) for small positive values
of y is obtained according to

(1/2)-1 (_ 1 v2>
Y exp | —2 =1 I .2
Y Yi 2
fly) = 1+ =3t e(y?) ).
21/21 (1/2) 1L, A2 205 A ()

2
This approximations works well as long as the temi1 77 does not become too large,
which causes numerical problems because of too small vedugsy ).
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D Wishart Distribution

The Wishart distributiong6,67] is a generalization of the Chi-square distribution to nuti
dimensions. It is a stochastic description for positive iskefimite random matrices.

Assume a real valued matrix of dimensionsL x N. Each row! of this matrix corre-
sponds to an independent realization of a lengtrandom vectok; following a zero mean
jointly Gaussian probability distribution wittv' x N covariance matrix®2. The Wishart
distribution is defined as the probability distribution bétpositive semidefinite matrix

s=xTX,

which is also known as the scatter matrix. The unbiased Mimes¢ of the covariance
matrix 3 is simply S/L. Note that this definition also applies to complex randontoesg
l.e. to a complex valued matriX. By splitting the complex valued random vectors into
length2 NV real random vectors, the same steps as above can be applied.

In order to indicate thab is distributed according to a Wishart distribution the daling
notation is commonly used:

S~ Wy (Z,L),

where N denotes the dimensionality addthe number of degrees of freedom. Note that
Wi (1, L) is equal to a Chi-square distribution withdegrees of freedom.

The Wishart PDF for a positive definite matii% with parametersv, L, andX is given
by

M |# exp(—%Tr(M 2‘1))

- o it ’2|N/2 aNWN-D/ATIN. T (L—2i+1> ‘

fw (M)
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E Expectation of the Product of Four
Gaussian Random Variables

Let us consider four correlated Gaussian random variablesX,, X3, and Xy, which are
stacked into the random vector The four-dimensional characteristic function of this MV
Gaussian random vector is given by

U(w) =E {exp (zWTXﬂ = exp <zmTW — ;WTSW> ,

wherem = E[x] is the mean vector ok and S= E[(x—m) (X — m)T] is the covariance

matrix of x.

The expected value of the product of these four Gaussiaroramdriables is given by

O (aw)
ow [1]ow [2] ow 3] Ow [4]

E[X1X2X3X4] = (2)* .
w[l]=w[2]=w[3]=w[4]=0

After performing the partial derivatives and evaluatinge thesulting expression at
w[l] =w[2] =w[3] =w[4] =0, we obtain

151






Acronyms

AIC
AOA

CDF
CIR
CR
CuU

ED
EM

LNA
LoS

MAP
ML
MV

PAMP
PDF
PDP
PL
PMF
PN

RF
RMS
RSS

Akaike’s information criterion
angle of arrival

cummulative distribution function
channel impulse response
channel response

central unit

energy detection
expectation maximization

low noise amplifier
line-of-sight

maximum a posteriori probability
maximum likelhood
multivariate

power amplifier

probability density function
power delay profile

path loss

probability mass function
pseudo noise

radio frequency
root mean square
received signal strength
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Acronyms

154

RX

SNR

TDoOA

ToA

X

uwB

receiver

signal-to-noise ratio
time difference of arrival
time of arrival

transmitter

ultra-wideband



Notation

arg[z]

€0
1
P(Hi|Hj)

*

> > g

]i,j

phase angle of complex number

speed of light in aif~ 299702547 m/s)

V-1

probability of deciding forfZ; given 1, is true
complex conjugate

convolution

average positioning error

definition

determinant of matriA (result is a scalar)
main diagonal of matribA (result is a vector)
Dirac delta function

distance between center points of regioasd;

estimate of parametéy
expectation operator

Gamma function
first derivative of Gamma function

m-th hypothesis
hermitian transpose of column vector

number of hypotheses, i.e. number of regions

matrix
j-th element in theé-th row of matrixA
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Notation

156

N'maxabs

Pe

reference sample for temporal alignment based on max-
imum absolute value

length of location fingerprint vector
L? norm, i.e. Euclidian norm

total error probability
constant P{~ 3.14159)

a priori probability of hypothesi#/,,

trace of matrixA (result is a scalar)
transpose of column vectar

column vector
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