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ABSTRACT

One of the most popular techniques for accurate mobile positioning is based on the Time
of Arrival (TOA) as aranging metric. The accuracy of measuring the distance using TOA
is sensitive to the multipath condition between the mobile station and the network access
point. Generally speaking, multipath delays caused by distant reflectors have arelatively
large delay spread, with more than one chip interval between different paths. Paths may
also arrive at sub-chip delay intervals, generating closely spaced multipaths that introduce
significant errorsto the Line-Of-Sight (LOS) path delay and gain estimation. 1n 3G mobile
communication systems where the Code Division Multiple Access (CDMA) technique is
used as multiple access method, the need to estimate different arriving pathsisacrucial task
not only for the proper functioning of the CDMA receivers, but also for different emerging
applications based on mobile phone positioning.

When the radio signal is transmitted through a wireless channel, the wave propagates
through a physical medium and interacts with physical objects and structures, such as build-
ings, hills, trees, moving vehicles, etc. The propagation of radio waves through such an
environment is a complicated process that involves diffraction, refraction, and multiple re-
flections. Therefore, the mobile channel can be divided into LOS signal and Non-Line of
Sight (NLOS) components depending on the physical obstruction between the transmitter
and thereceiver. Also, the speed of the mobile impacts how rapidly the received signa level
varies as the mobile terminal moves.

Theresults presented in thisthesis arefocused around three main themes. Thefirst theme
considers the development of signal processing techniques for channel estimation in down-
link Wide-band CDMA (WCDMA) system. The estimation of both delays and channel
coefficients of all detectable paths is considered. Many of the studied algorithms are de-
rived from the Maximum-Likelihood (ML) theory. Nevertheless, these algorithms can be
classified into two categories. The first one is based on the Bayesian theory where predic-
tion and estimation stages are used such as the case of Kalman filtering based algorithms.
The second category is based on afeedforward approaches such as the deconvol ution meth-
ods, and the nonlinear operator based estimation. The scenarios of overlapping paths are
emphasized and severa solutions are presented to treat this situation. Enhancement of the
estimation of thefirst arriving path via interference cancellation schemesis also discussed.

The second theme treats the problem whether the first estimated arriving path corre-
sponds to the LOS or NLOS component. Here different approaches are used. First, the
channel-statistics-based decision is explored. This approach uses the history of the range
measurements to draw the amplitude distribution of the first arriving path. The second
approach is based on estimating the Rician distribution parameters.

The third theme considers the analysis of real measurement data collected in typical ur-
ban environment. This part is tended to the understanding of the mobile channel behavior
when mobile positioning applications is kept as the key issue.

Thefirst part of thisthesisis dedicated to signal processing algorithms for channel esti-
mation in downlink WCDMA systems. In this part two classes of algorithms are presented.
The first one is based on the feedback approach where Kalman filtering theory is exten-
sively used. The focus here is on the joint estimation of multipath delays and complex
channel coefficients. The second class of algorithms is based on the feedforward approach
where different algorithms such as the deconvolution algorithms are presented and studied.



Here the focus is more on the multipath delay estimation and on the impact of bandlimiting
pulse shapes, such asthe Root Raised Cosine (RRC) filter used in WCDMA system. These
techniques are also used for deriving different schemes for interference cancellation, which
help in resolving the multipath components. In this part, several important enhancements
to existing algorithms are introduced, and the performance of different channel estimation
methods are investigated in the WCDMA downlink context, where the RRC pulse shaping
poses difficult challenges to accurate channel estimation.

The second part of this thesis is directly related to the mobile positioning applications,
where the delay of the direct line-of-sight signal is generally used to compute the mobile
position. Here, two important topics are investigated. The first one is related to LOS de-
tection based on the link-level channel estimation between the Mobile Station (MS) and the
Base Station (BS). Two novel techniques are presented to decide whether the first arriving
path isthe LOS or NLOS component. The second topic isthe analysis of real measurement
data collected in typical urban environment, that can be helpful for choosing the positioning
methods in cellular systems.

Thethesisincludesacollection of eight original publicationsthat contain the main results
of the author’s research work.



Preface

In an interview with C. E. Shannon, the father of information theory, published
in [EEE Comm. Magazine, 1984, Shannon speaks to R. Price about his thoughts
on Pseudo Code Division Multiple Access. "...it seemed like a very democratic way
to use up the coordinates that you have, and to distribute the cost of living, the noise,
evenly among everyone. The whole thing seemed to have a great deal of elegance in my
mind, mathematically speaking, and even from the point of view of democratic living in
the world of communications.”

R. Price commented :

"...But, in those days, | guess nobody was interested that much in "democracy”. Now
that the spectrum has gotten more crowded, | can see what you mean by "democracy”.
... Shannon adds:

"I love that part of the idea. More and more people can come, and they would all pay
equally, so to speak...
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Chapter

| ntroduction

In the early 1970s, telecommunication was virtually synonymous to the old telephone ser-
vice. Thetechnology primarily consisted of copper wires and electro-mechanical switches.
In the 1980s, telecommunication services expanded to include voiceband data modems,
facsimile machines, and analog cell phones. Today, through digitization and technological
convergence, telecommunication involves the transfer of awide variety of information, such
as data, speech, audio, image, video, and graphics, over wireless and wire-line channels.

Communication is the transmission of information from one point to another. The three
basic elements in a communication system are a transmitter, channel, and receiver. The
transmitter and receiver are usually separated in space. A channel is the physical medium
that connects the transmitter to the receiver, and it distorts the transmitted signals in var-
ious ways, such as reflections, diffractions, and scattering [1]. The signal obtained at the
receiver is the overlapping of multiple signals, each with different delay, phase, and at-
tenuation that are different from one instant to another. Therefore, the transmission path
between the transmitter and the receiver can vary from simple Line-of-Sight (LOS) signal
to the one that is severely obstructed by buildings, mountains, or any object present in the
environment. This scenario generates what is known as multipath fading.

In most terrestrial cellular communication systems, where the environment is basically
urban, the LOS signal between the transmitter and the receiver is very rare or completely
absent [1].

Different propagation models have been proposed in the literature to describe each situ-
ation [1], [2], [3], [4]. When the multipath fading has no direct Line-of-sight (LOS) signal,
the Rayleigh model is often used. This model is used to characterize dense urban area or
indoor environments. However, when direct component exists between the transmitter and
the receiver, the Nakagami-n distribution (also known as Rice distribution) is often used
[3]. Different other models have been presented in the literature to describe specific situa-
tion of the fading propagation. We mention here the Nakagami-q and Nakagami-m models
that have been widely used in the literature [3], [5], [6], [7]. The Nakagami-m distribution,
which has been used to model the indoor-mobile multipath propagation [6], [7] as well as
the scintillating ionospheric radio links presented, spans the range from one sided Gaus-



2 INTRODUCTION

sian fading (m = 1/2) to the non-fading Additive White Gaussian Noise (AWGN) channel
(m — o0).

An emerging application of wireless communications, which hasreceived alot of atten-
tion in both mediaand engineering scienceisthetracking of mobile phones. The possibility
to make reliable position estimates triggered new services, called often as location based
services (LCS), that can be offered to the public with high added value.

A step towards mobile phone positioning isthe channel estimation. Here, we understand
by channel estimation the estimation of all relevant path delays and channel coefficients.
Positioning technologies have recently been devised using either cellular network-based,
mobile-based, or hybrid approaches [8], [9], [10], [11]. In Wide-band CDMA (WCDMA)
networks, mobile positioning is performed based on signal delay measurements from three
or more base stations (BSs). In downlink transmission, the received signal strength, when
coming from aremote BS, can be quite weak, especially when the mobile terminal is close
to the serving BS [3]. This situation is usually referred to as the hearability problem. One
ideato overcome this problem, initially proposed in [12], is that each BS turns off its trans-
mission for awell-defined period of time to let the terminals measure the other BSs within
its coverage. Thistechnique isknown as|dle Period-Down Link transmission (IPDL) [13].
Hence, the estimation of the first arriving path of the distant BSsis done during these idle
periods.

At the mobile terminal side, typical received WCDMA signal is composed of a sum of
multiple propagation paths that may arrive at sub-chip delay intervals, generating closely
spaced multipaths[1],[2],[14]. Thisscenario of subchip overlapping multipath propagation,
causes a major degradation of the positioning accuracy [15], [16], [17]. Many techniques
have been proposed in the literature to resolve closely-spaced paths. Subspace-based ap-
proaches, which have been proposed in [18], [19], [20] proved to have good performance.
However, it was pointed out that these approaches such asthe Multiple Signal Classification
(MUSIC), suffer from high complexity of implementation in WCDMA systems. Another
class of techniques applied also to resolve closely spaced multipath components is based
on constrained inverse filtering methods. The best known ones are the Least Squares (LS)
techniques [21], [22], [23] and the Projection Onto Convex Sets (POCS) agorithm [24],
[25], [26]. We mention also the nonlinear operator based techniques such as the one pre-
sented by Hamila [27] and based on the Teager Kaiser operator. This technique showed
very good capability in resolving overlapping paths in the presence of rectangular pulse
shaping. However, it was shown that this method is very sensitive to bandlimiting pulse
shaping, for example, when using the Root Raised Cosine (RRC) filter in WCDMA sys-
tem [28]. In general, when considering the multipath estimation problem in the presence of
bandlimiting filters such as the RRC filters, the challenge becomes more difficult [3], [29].

When the target is mobile positioning applications, besides to the problem of how ac-
curate the multipath delay estimation is, the issue of whether the LOS signal is present or
not is another problem. As an example, in WCDMA system, when no assistance from the
Global Positioning System (GPS) is available, to compute the mobile location, simultane-
ous LOS components from at least 3 BSs are required. If the position was calculated using
aNLOS path delayed by quarter of chip from the LOS component to compute the mobile
position, an error of at least 20 misgenerated. For such reasons, it is quite important to es-
timate with sub-chip accuracy the multipath delays and to know whether the first arriving
path isLOS or NLOS signal.
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1.1 SCOPE OF THE THESIS

The main scope of the thesisisthe analysis of signal processing algorithmsin the context of
mobile positioning in WCDMA networks. After the Federal Communications Commission
mandate, FCC-E911 docket on emergency call positioning in USA, and the coming E112
in the European Union [30], mobile phone positioning in terrestrial cellular networks has
become unavoidable. The goal in thisthesisisto analyze and devel op further various chan-
nel estimation algorithms for downlink WCDMA receivers and to introduce new methods
for estimating the presence or the absence of the LOS signal.

In thisthesis, thefocusis on multipath delay estimation when Raised Cosine (RC) pulse
shaping is used. We develop further the existing methods for this case and we analyze their
performance based on simulations and measured data.

In general, two classes of agorithms have been considered for CDMA channel estima-
tion. Many of them are derived from the Maximum Likelihood (ML) theory:

e Thefirst classisbased on afeedback structure where prediction and update stages are
considered. Here we mention the Bayesian channel estimators, such as the Extended
Kaman filter (EKF) agorithm [31], [32] [33], Expectation Maximization (EM) al-
gorithms [29], [34], and Sequential Monte Carlo (SMC) agorithms [33], [35], [36],
[37], [38]. Among the feedback structures for the channel estimation, we mention
also closed-loop solutions such as the Delay Locked Loop techniques, which have
been widely considered in the literature [39], [40], [41].

e Thesecond class of channel estimatorsis based on feedforward structures al'so known
asopen-loop solutions. Thistype of structure has been used in avariety of algorithms,
such as those based on the ML theory [24], [26], [39], based on the deconvolution
approaches[24], [25], [26] based on the non-linear operators[42], [27], and based on
the subspace techniques [18], [43], [44].

In most of these earlier works, the situation of overlapping multipaths is not considered and
also no bandlimiting pulse shaping is used, i.e., their performance has been reported mostly
in the presence of rectangular pulse shaping. In this thesis we investigate further some
of these algorithms in the context of closely-spaced paths and bandlimiting pulse shaping.
First, we use the Bayesian approach to estimate jointly all the detectable paths. Here we
compare different algorithms from the point of view of their performance as well as their
implementation complexity. Second, we investigate the feedforward algorithms and we
develop new techniques for mitigating the effects of bandlimiting pulse shaping.

The aim of this thesisis aso to investigate different techniques for improving the esti-
mation of thefirst arriving path delay viainter-cell interference estimation and cancellation
techniques. Delay estimation in CDMA receivers with Interference Cancellation (IC) or
Interference Minimization (IM) schemes have been widely proposed in the literature in the
context of DLL based delay estimation [45], [46], [47], [48]. In &l these techniques, the
knowledge of channel coefficients and multipath delaysis a pre-requisite to performthe IC
or the IM schemes. Few authors addressed the problem of interference cancellation (I1C)
with joint estimation of the delays and channel coefficients in the context of mobile posi-
tioning [45], [46], [47], [48]. In [46] an interference cancellation scheme was proposed in
the context of DLL based delay estimation, but it was assumed that the channel complex co-
efficientsand their relative delays area priori known. In [48], the channel coefficients were
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computed viaa ML algorithm, and the initial delay estimates were assumed to be equal to
the true path delays. Basic DLL based estimation with interference cancellation scheme
combined with channel coefficient estimation can give good performance in multipath en-
vironments when the path spacing is greater than 1 chip, but especialy, with bandlimiting
pulse shaping, they fail to estimate correctly the delays when the paths are closely spaced
[28].

Inthisresearchwork, we proposetwo parall el interference cancell ation schemesin down-
link transmission that estimate the interference coming from the neighboring BSs. Here,
the multipath delays and complex channel coefficients are both supposed to be unknown
and estimated jointly.

This thesis also aims at providing new techniques for LOS identification®. Few authors
considered this issue in the literature. Most of them are using range measurement based
techniques, which measure the standard deviation of the Time of Arrival (TOA) measure-
ments [49], [50], [51]. The key point used here is that the standard deviation of the range
measurements is much higher for NLOS propagation than for LOS propagation [50]. By
using a priori information about the range error statistics, the range measurements made
over aperiod of time and corrupted by NLOS error can be adjusted to values near their cor-
rect LOS values. This is because the NLOS corrupted TOA estimates are always greater
than the direct TOA values[9].

Intheearlier work, no detection algorithmsof LOS/NL OS situati ons have been found and
the mitigation has been made based on the assumption of NLOS/LOS cases as worst/best
situations [51].

LOS identification in the WCDMA system, was also studied by analyzing real measure-
ment data collected from aWCDMA network. The motivation behind this study isthe lack
of current literature dealing with channel modeling based on real field measurement data.
In order to determine the mobile position in two dimensions, it is assumed that the LOS
component is present from at least 3 BSs. Therefore, knowing how often LOS situations
arein the real world is of utmost importance.

1.2 THESIS ORGANIZATION

The core of thisthesisisin the areaof channel estimation for mobile phone positioning ap-
plications. It is composed of six chapters and compendium of eight publications referred
inthetext as[P1], [P2], ..., [P8]. Theseinclude five articles published in international con-
ferences and three articles published in international journals. The structure of the thesis
is chosen so that it provides a unified framework for the problem of mobile positioning in
WCDMA system, and points out the main contributions of the author. The new algorithms
and results were originally presented in [P1]-[PS] and they are only briefly referred in the
text to ensure the link between them.

In this introductory chapter, we have defined the problems addressed by this thesis and
demonstrated the need for efficient solutions to the channel estimation problem. Concern-

1We mean by L OS identification, the decision whether thefirst arriving path is LOS or NLOS component, and we
mean by L OS estimation, the delay estimation of the LOS component.
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ing the mobile positioning issue, we have presented the key elements and main problems
encountered.

Chapter 2 develops the signal and channel models for the WCDMA communication sys-
tem over fading channels. The focusis on downlink WCDMA where different signals are
transmitted synchronously within acell and different BSstransmit asynchronously. At each
MS end, besides the Downlink Dedicated Physical Channel (DPCH) carrying the data, a
continuous pilot channel called the Common Pllot CHannel (CPICH) is available from each
BS. It is used for link measurements and channel estimation. 1f the mobile is unable to re-
ceive clearly one dominant CPICH, due to interference or coverage problems, the result is
likely to be dropped calls, failed initiations, poor voice quality and/or poor data throughput.

In Chapter 3, a short overview of mobile positioning principles is given. The main po-
sitioning technologies are described and the key issues and main problems encountered
during the positioning procedure are discussed.

Chapter 4 isdedicated tothreeissues. First, it providesageneral discussion about channel
estimation algorithms, i.e., estimating the multipath delays and the complex channel coef-
ficient for each detectable path. Here, we divided the presented algorithms into Bayesian
approach or feedback based solutions and into feedforward algorithms. Second, it discusses
the effect of the interference due to the neighboring CPICH and introduces different tech-
niques to mitigate this interference in order to improve the estimation of the first arriving
path. Third, this chapter introduces the implementation complexity studies of some of the
presented algorithms when using a programmable DSPs, such as the Texas Instruments
processor family TM S320C6x.

Chapter 5 is dedicated to the LOS detection issue. First it treats the link-level techniques
that exploit the statistical properties of the channel to decide whether the first arriving path
corresponds to LOS or NLOS situation. Then, it analyzes a set of measurement data col-
lected intypical urban environment around the city center of Helsinki, Finland, with thegoal
of understanding the mobile channel behavior when the target issue is mobile positioning
applications. Here basically, we look at the occurrence of LOS situations, the distribution
of the first arriving path power, and the estimation of the MS speed. This framework is
intended to analyze the capabilities of MS positioning in real world environments.

Chapter 6 gives an overview of the publication results and describes the author’s contri-
bution to each one of them. The results of thiswork are given in the publications included
as appendices. Finally, conclusions and future work directions are drawn in Chapter 7.






Chapter

Radio Channel and Signal Models

This chapter provides a short overview of the channel and signal models used in this
thesis. Thefocusis on the downlink WCDMA communication system over fading chan-
nel. It gives the main parameters that characterize the time varying nature of the radio
channel.

2.1 RADIO CHANNEL MODEL

Themost general definition of the channel is everything between theinformation source and
the information absorber or sink. However, in a wireless communication system, usually
the designer specifies most of the elements between the source and sink, with the excep-
tion of the free-space medium. Therefore, in this thesis we restrict our definition of radio
channel to this free-space medium. A number of models have been proposed to model the
free-space effects [3], [4], [52]. These models try to emulate the most severe distortion
caused by the wireless channels, which is the multipath distortion. Asseenin Figure 2.1,
severa paths can exist between the transmitter and the receiver of a wireless communica
tion system. These paths are caused by different reflections, refractions, and scattering of
the electro-magnetic waves carrying the information from the objects such as buildings,
trees, ground, moving obstacles, etc. Signals from different paths add constructively or de-
structively, which results in rapid fluctuation of the signal amplitude within the order of a
wavelength. Fading is often modeled as a complex Gaussian random process whose au-
tocorrelation function (ACF) is determined by its Doppler spectrum in urban areas, where
there is no line of sight between the transmitter and the receiver. Shadowing, on the other
hand, occurs over a relative large area with different levels of clutter on the propagation
path, whichisalso referred to aslog-normal shadowing because the signal levels (measured
in dB) follow a normal distribution with local mean depending on the separation distance
between the transmitter and the receiver.
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Fig. 2.1 Thewireless channel multipath phenomenon

This type of propagation channel can be modeled as a linear filter characterized by the
following complex-valued lowpass equivalent impul se response:

hit,m) = a(t)e " Os(r — n(t)), (2.1)
l

where §(-) is the Dirac delta function, [ the multipath index, and {¢ }, {6,}, and {r;} are
the time-varying random channel amplitude, phase, and delay of the I path, respectively.
Further, ¢ isthe time variable and 7 is the delay variable due to multipath propagation. We
denote by oy (t) = a;(t)e=7%® the I*" complex channel coefficient at time ¢.

Typically, the physical radio channel changeson alonger time-scale than that of thetrans-
mitted signal. These changes occur due either to the movement of the mobile station (MS),
or to the movements of its surroundings. If the mobile is fixed in a certain position in the
space, and the surrounding objects are stationary, then, the physical radio channel does not
change over time as seen from the mobile side. However, if the mobile moves asmall frac-
tion of awavelength, then in the new position the physical channel is different. Since the
moveisonly on asmall fraction of awavelength, the physical channel at the new position is
guite similar to the one at thefirst position, and hence the physical radio channels at the two
positions are highly correlated. Now, if we move over a distance of several wavelengths,
then the correlation between the physical channelsdecay. Such small variations of the phys-
ical channel are denoted as small-scale characteristics. When the movement is of hundreds
of wavelengths, then the variations in the physical channel are denoted as large-scale char-
acterigtics. Inthisthesis, we will restrict ourselves to the small-scale characteristics (fast
fading), which islargely due to multipath propagation. The reason for such achoiceis that
these characteristics are most important within the scope of thisthesis, effecting essentialy
on the signal processing methods to be studied.
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By assuming that the statistics of the fading channel remain stationary over reasonably
long timeintervals, the fading AutoCorrelation Function (ACF) can be written as following
[53]

Oy, (1,7 + 01,0t) = E(h* (r,t)h(T + o7, t + (5t)), (2.2

where E(-) is the Expectation operator, and ()* denotes the complex conjugate. Further-
more, if we assume that the channel coefficients are uncorrelated, then the channel model
becomes Wide-Sense Stationary Uncorrelated Scattering (WSSUC) model [1], [53], [54],
and then the ACF becomes stationary in both time and delay directions and can be written
as

Oy, (1,7 + 071,0t) = Py (T, t). (2.3)
For 6t = 0, the autocorrelation function becomes &, (47,0) = @, (47), and it isameasure
of the intensity profile of the channel.

Considering the Fourier transform of thetime delay ACF with respect to thetime variable
of the channel, we can define the Delay-Doppler-spreading function as:

+oo
U (f, 1) = / @h(t,T)eijWftdt. (2.9
If we denoteby H (-, -) the Fourier transform of the Channel Impulse Response (CIR) A(, )
with respect to the time variation ¢ as

H(r, f) = / o h(r,t)e 92"/t qt, (2.5)

— o0

then the spaced-time spaced-frequency correlation function of the channel can bewritten as
Sy (6f,6t) =E(H*(f,t)H(f +6f,t+dt)). (2.6)

Here the Fourier transform of the spaced-time spaced-frequency correlation function with
respect to dt, the time spacing, reflects the " frequency (Doppler shift) content™:

“+oo
Tu(df,v) = / D (8f,6t)e T2 (5t). (2.7)
In particular, for 6 f = 0, we obtain the Doppler Power Spectrum (DPS) of the random

channel:
+oo

Ty(v)=Tg(0,v) = / D (8t)e T2 Od(5t), (2.8)

where @ (6t) = ® (0, dt).

The bandwidth of T () isknown asthe Doppler spread of the channel, denoted by ;.
The time domain dual of j3; is the coherence time (47)., which is used to characterize the
time varying nature of the channel. The relationship between 3; and (67).. is

(57')(: ~ 1/5(1-

For example, if wedefine (67). asthetime over which thetime correlation function is above
the half of its maximum value [1], then (67). iswritten as:
9c

(57—)6 = 167T'Uf07 (29)
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where ¢ = 3 * 10® m/s is the speed of light, v is the mobile speed, and f. is the carrier
frequency. We point out herethat short coherencetime (large 3;) correspondsto fast fading,
and similarly, long coherence time (small (3;) corresponds to slow fading.

Two other parameters that characterize the time varying nature of the frequency disper-
siveness of the channel are the delay spread and the coherence bandwidth. The coherence
bandwidth is a statistical measure of the range of the frequencies over which the channel
can be considered flat. The channel delay spread can be seen as the maximum delay range
over which the channel time-delay ACF isnon zero [1].

2.2 DS-CDMA SIGNAL MODEL

InaDS-CDMA system with Ngg base stations the received signal in digital domain, trans-
mitted over an L, -path fading channel with additive White Gaussian Noise (AWGN) can
be written as [55]

e’} Nps L
= > DY VEnai, (s (T, — 7, () + (), (210)
m=—oo u=1 [=1

where i is the sample index, E;,, is the bit energy of the u-th BS (we assume that al bits
of the same BS have the same energy)?!, 7, is the sampling period (7,=T./N,, T, isthe
chip period, and N; is the number of samples per chip or the oversampling factor), o} , (7)
and 77, (i) represent, respectively, the instantaneous complex-valued time-varying chan-

nel coefficient and delay of the I-th path of base station u, at the i-th sample. /™ (-) is
the signature of user of the u!"* base station during symbol m including data modulation,
spreading code and pulse shaping, defined as (for clarity, we assume that all BSs have the
same symbol period and the same chip period)

(™ (iTy) chu (iTs — kT — mTsymp), (2.12)

where c; u) is the k-th chip of BS u during the m-th symbol, ¢(-) is the chip pulse shape
filter after the matched filtering, that is g(t) = g1 (t) ® gr(t) (97 (-) isthe transmitter pulse
shape and gg(-) isthe receiver filter matched to the transmitter pulse shape?), and Sy isthe
spreading factor assumed to be the same for al BSs. In equation (2.10) 7 is additive white
Gaussian noise of zero mean and double-sided spectral power density .

The output of the matched filter corresponding to the desired BS « during the symbol n
with lag 7 can be written as:

Nps Ly

T) = Z Z Ey,0q.4(n)Ruw (7’ — Tl,v(n)) +7(n). (2.12)

v=1 [=1

IHere we describe basically the DS-CDMA downlink system model, that is why we use the terminology "Base
station" instead of "user" . However, it is straightforward to describe the uplink model based on the same notation
by changing BS u with user u

2In WCDMA both g7 and g are Root Raised Cosine filters [13]
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Here, R, . (-) isthe cross-correlation between the signature of the base station of interest
(u-th base station) and the signature of the v-th base station, 7(n) is the filtered noise plus
interchip and intersymbol interference, ¢, (n) and 7, (n) are the complex channel co-
efficient, and the path delay, respectively, at symbol level. We point out that the channel
coefficients and delays are assumed to be constant within one symbol. This assumption is
reasonable since the symbol period (e.g., 66.5 psfor Sy = 256) ismuch less than the coher-
ence time of the channel®. The constant delays assumption is also reasonable for terrestrial
communications. For example, if we consider a mobile receiver moving at the speed of
22.2 m/s, adelay variation of quarter of achip requires around 0.14 seconds. This means
that the delay variation due to Doppler shift can be neglected

As shown in the signal model, the maobile terminal can measure also the signals com-
ing from the remote BSs, which are useful for mobile positioning. Therefore, various types
of fading can be used to characterize the channel propagation, such as Rayleigh, Rician,
Nakagami-m, Weibull, log-normal, Suzuki and other mixed distributions [3], [56], [57].
The shadowing effect, generally modeled using log-normal distribution can characterize ef-
ficiently the propagation path from distant BSs. However, when little shadowing is present,
the propagation path can be efficiently modeled using Rayleigh distribution [57].

3For example for a carrier frequency of 2.15 GHz, and a mobile speed of 16.6 m/s (i.e., 60 kmvh), (67)c = 1.5
msec






Chapter

Mobile Positioning

This chapter provides a short overview of the mobile positioning principles. It gives a
description of both cellular and satellite-based positioning systems, with an emphasis
on the main problems and challenges encountered. The focus is on the standardized
technologies.

3.1 MOTIVATION

For the public interest, mobile phone positioning in a cellular network with reliable and
rather accurate position information has become unavoidable after the U.S. Federal Com-
munications Commission mandate, FCC-Emergency 911 (E911) docket on emergency call
positioning in USA, and after the coming E112 directive in the European Union [30]. For
Phase |1 implementation, the FCC required that public safety answering point (PSAP) at-
tendants of wireless communications networks must be able to know a 911 caler’s phone
number and its location so that calls can be routed to an appropriate emergency assistance
attendants. 1n 1999 the FCC decided to tighten the Phase |1 location accuracy requirement
from 125 min 67 % percent of al cases to new numbers: for hand-set-based solutions, 50
min 67 % of callsand 150 min 95 % of calls, for network-based solutions, 100 min 67 %
of callsand 300 min 95 % of calls. In 2000, the FCC required wireless communications
operators to offer operational |ocation-capable phones by October, 2001.

3.2 OVERVIEW OF EXISTING POSITION LOCATION SYSTEMS

A number of position location systems have evolved over the years. They can be classified
to two categories, satellite-based or cellular-based positioning technol ogy.

13
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3.2.1 Satellite-Based Positioning Technology

Global Navigation satellite systems (GNSS) like GPS or the up-coming European system
Galileo, expected to operate around the year 2008, are designed to offer word-wide posi-
tioning services for the public use. Today, GPS is the most popular radio navigation aide
and has overtaken virtually all other forms of radio navigation because of its high accu-
racy, worldwide availability, and low cost. The principle behind GPS (respectively Galileo)
is simple, although the implementation of this time-of-arrival (TOA) system is quite com-
plex. Galileo, like GPS, uses precise timing within a group of satellites and transmits a
spread spectrum signal to earth on different bands shown in Fig. 3.1 [58], [59]. In support
of GNSS, the United States, as part of its GPS modernization initiative, has identified two
new coded signals for civil use. One of these will be placed co-frequency with an exist-
ing government signal at 1227.6 MHz (designated as L2). This frequency fallsin a band
utilized extensively by high power air traffic control and military surveillance radar, how-
ever it should be available in most locations for ground-based use. The latter new signal
was selected as being centered on 1176.45 MHz (designated as L5). All three civil signals
(L1-C/A, L2-C/A, and L5) will be available for initial operational capability by 2010, and
for full operational capability by approximately 2013. For Galileo, the signal is transmit-
ted in three bands, E2-L1-E1 band, E6 band, and E5 band offering a variety of services.
However, its standardization is still in progress.

E6 E2 L1 El
- - - -
| - m
« .

4
1176.45 MHz 1207.14 MHz 1227.6 MHz 1278.75 MHz 1574.42 MHz
KKl eps
- Galileo

Fig. 3.1 GPSand Galileo Frequency Baseline.

GPSand Galileo positioning isbased on measuring relative TOA of signal sent simultane-
ously from different satellites. Intheory three TOA measurements are required to calculate
the mobile position and a so its vel ocity, under the assumption of having direct link between
the transmitter and the receiver (i.e., LOS component present). However, positioning needs
to be carried out in all the environments covered by the wireless communication services,
including the most constraining areas such as dense urban areas and obstructed indoor envi-
ronments. The signal transmitted from the GNSS satellites experiences severe attenuation
while penetrating all the construction materials making the visibility with the sky quite rare,
besides that the indoor propagation of satellite signals are not well understood yet. For all
these reasons, the positioning operation becomes quite challenging task. A short study and
preliminary results of these issues are described and analyzed in Section 5.5.
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In order to recover the positioning capability in these environments, the missing infor-
mation can be acquired through a cellular network leading to the Assisted-GPS (AGPS)
based solution shown in Fig. 3.2.

GPS signal

GPS signal
GP_S Handset with
receiver partial GPS
receiver
2$/V
AGPS A
server /'\)
I Cellular signals 8
MSC

BS

Fig. 3.2 Assisted-GPS concept.

Currently, the accuracy of GPS and AGPS is around the 10 meters, while Galileo is ex-
pected to provide an accuracy of less than 1 m for some services as shown in Table 3.1
[60].

Tab 3.1: Positioning accuracy with Galileo

Open Services | Commercial Services | Public Regulated Services | Safety-of-Life
(0S) (CS) (PRS) Service (SoL)
Coverage Global Global Local Global Local Global
Accuracy DE:
Horizantal (H) \H/ grr: <10cm H 6.5 m Im
Vertical (V) ME: ' DF: <1m | Augmented V.' 1'2 m Augmented DF: 4-6 m
Dual Frequency: DF o signals ' signals
Mono Frequenc.: MF H:15m,
quenc.. V:35m
Availability 99.8 % 99.8 % 99-99.9% 99.8 %




16

MOBILE POSITIONING

3.2.2 Cellular Network-Based Positioning

Thedifferent positioning methods can bedivided into 3 categories: network based solutions,
termina based solutions, or hybrid solutions depending on whether the position estimate
computation takes place in the fixed BS network, or on the mobile unit or in both sides
[8], [61]. The BS network can offer more computational power for the needed calculation.
However, terminal based solutions would improve personal identity security and decrease
the network load.

The four commonly used geolocation techniques are based on:
e Signal strength estimation.

e Timeof Arrival (TOA).

e Time Difference of Arrival (TDOA).

e Angleof Arrival (A0A).

There are other techniques such as the identification of the serving BS (cell 1d method).
However, its accuracy is very poor especialy in rural areas and can not meet in any case
the FCC requirements [30]. The most prominent geolocation techniques that have been
approved for standardization within the 3"¢ Generation Partnership Project (3GPP) are [8]:

1. Timeof Arrival (TOA): For the synchronized transmitter and receiver, the arrival time

of the known signal indicates the propagation delay. The measurements of at |east
three links have to be done with respect to a synchronized and common reference
clock. The geolocation is then determined by the intersection of three circles. This
techniques requires full network synchronization, which is not the case of 3G net-
works. For an asynchronous networks, the Time difference of arrival (TDOA) is
possible alternative to avoid the need of universal clock. By using 4 or more mea-
surements estimates, the mobile geolocation is determined by the intersection of 3
hyperbola. Both TOA and TDOA use the uplink signal transmitted by the MS.
Because of the limited resources available, the capacity of TOA and TDOA methods
islimited and they can be used only for low rate services, e.g., emergency cals, asit
is not economically feasible to build uplink Location based Services (LCS) suitable
for commercial high rate applications

. Observed Time Difference of Arrival (OTDOA) [61]: For asynchronous networks, the

Observed Time difference of arrival is basically a reverse of network based TDOA.
The OTDOA has been approved for standardization in different cellular systems. For
GSM, it iscalled Enhanced-Observed time difference (E-OTD) [61]. In 3G networks
itisOTDOA-IPDL [12],[61], [62] and in US-CDMA, itiscalled Advanced Forward
Link Trilateration (A-FLT).

In Table 3.2 we show the current status of geolocation technologies in the standardization
process. Note that A-GPS is being standardized for all air-interfaces. first-generation ana-
log (AMPS), second-generation digital (GSM, CDMA, TDMA), as well as for 3GPP (3¢
Generation Partnership Project for mobile systems based on evolved GSM core networks)
and 3GPP2.
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Tab. 3.2: Geolocation technologies in wireless standards

Wireless standard Standard body Geolocgﬂons Publications date
technologies used
TOA, AOA, E-OTD,
GSM ETSI AGPS Jan. 2000
GSM T1P1.5 TOA, AOA, E-OTD, Jan. 2000
(North america) ETSI AGPS ’
cdma2000, Nov. 1999, Dec. 2000,
cdmaOne TR-45.5, 3GPP2 AGPS, A-FLT Feb. 2002
3G 3GPP AGPS, OTDOA-IPDL Apr. 2001, on-going

3.2.3 Problems and Challenges in Mobile Positioning

Position estimation using the cellular network is convenient since it takes advantage of the
existing cellular network structure and it only requiresthe existing signal asinput. However,
it also inherits the disadvantages imposed by the design of the network. 1n most positioning
techniques, two or more non-serving BSs are involved in the positioning procedure. The
main problem and challenges can be listed as the following:

1. Hearability problem: In CDMA system, the powers of MS and BS are limited in or-

der to reduce the interference to other cells. Therefore, it is difficult for the MS to
transmit or receive signals to or from the other BSs than the BS of its serving cell,
except when the MSis in the edge of the cell. One idea to overcome this problem,
initially proposed in [12], isthat each BS turns off its transmission for a well-defined
period of timein order to let the terminals measure the other BSs within its coverage.
This technigue is known as Idle Period-Down Link transmission (IPDL) [13].

. Non-Line-of-Sght (NLOS) problem: Most of the location systems require Line-of-
Sight (LOS) link between the transceivers. NLOS errors could degrade the location
estimate substantially, and this can be considered as akiller issue in location estima-
tion.

. Closely-spaced path (CSP) problem: In many cases, it may happen that the LOS
signal is obstructed by the Non-LOS (NLOS) components, arriving within a short
delay (at the sub-chip level) at the receiver. This situation of overlapping multipath
propagation (called also as Closely-spaced path (CSP)) is one of the main sources of
mobile-positioning errors[15], [16], [17].

. Accuracy problem: There are two types of accuracy: measurement accuracy and lo-
cation estimate accuracy. Obviously, the location estimate accuracy depends on the
measurement accuracy. The degradation of the measurement accuracy derives from
different factors, such asthe Signal-to-Noise ratio (SNR), interference (inter-cell and
intra-cell interference), multipath characteristics, etc. Constructing better receivers
and developing better algorithms are the major concerns for accuracy improvement.
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3.3 FADING DISTRIBUTIONS IN LOS/NLOS PROPAGATION

Few papers have addressed the LOS detection issue. Most of the previous studies used
range measurement based techniques [49], [50], [51], where they exploit the time history of
the range measurements and the a priori knowledge of the noise floor in the system to cor-
rect the position estimation during the NLOS situations. However, no explicit techniques
are provided to separate LOS and NLOS situations. These techniques can increase the ac-
curacy of the mobile position estimation, but they require a priori statistic parameters such
as the standard deviation of the measurement noise [49], [50].

In the literature, the fading channel with LOS component has been widely modeled via
Rician distribution, and the fading channel with only NLOS components has been modeled
via Rayleigh distribution [1], [2], [3]. The Rician fading model is more general and incor-
porate also the LOS situations, both for terrestrial and satellite communications. The time
varying envelopes g; (t) aredistributed according to the Rician distribution if the probability
density function (PDF) p(q;(t)) satisfies:

pla(t) =a) = w exp ( - K — w)ﬂ) <2a MT+K>, (3.1

where () is the average power of the I*" path, @ = E[a;(t)?], and K is the Rician factor.
For K = 0, the PDF becomes Rayleigh distribution. [, isthe zero-th order modified Bessel
function of the first kind:

1 [ AN |
Ih(t) & — exp(tcosv)dv = Z <§> - (3.2

27 0

m=0

Examples of Rician PDFs are shown in Fig. 3.3.

Another interesting distribution that often gives the best fit to land-mobile [3], [63], [64]
and indoor-mobile multipath propagation [6] and might be used to model LOS and NLOS
cases is the Nakagami-m distribution. This distribution also covers many other distribu-
tions, such as the one-side Gaussian distribution for m = 1/2, the Rayleigh distribution for
m = 1, and at the limit when m — +o0, the Nakagami-m fading channel convergesto a
non-fading AWGN channel.

Thetime varying envelope ¢, (t) isdistributed according to the Nakagami-m distribution
if the probability density function (PDF) p(a;(t)) satisfies[3], [7]:

p(ay(t) = a) = % <%)ma2m1 exp (— %“2) (3.3)

where I'(+) is the Gamma function and m the Nakagami parameter defined respectively as
(31, [7]:

['(m) £ a™ /O+OO t™ lexp(—at)dt, (3.9

_ (@)’
m = W’ (3.5
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Fig. 3.3 Examples of Rician PDFs for different Rician parameters. Rayleigh distribution for £ ~
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(i.e., m isequal to theinverse of the normalized variance of a?).
Examples of Nakagami-m PDFs for different m-parameters are shown in Fig. 3.4.

Fig. 3.4 Examples of Nakagami-m PDFs for different m parameters.
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Chapter

Channel Estimation Algorithms

This chapter provides a description of the joint estimation problem of the multipath
delay and complex channel coefficients. First, the Bayesian approach based joint esti-
mation is described. The main features and challenges of this approach are discussed.
As practical implementations for the Bayesian approach, the Kalman Filters and Par-
ticle Filters are considered and their performance and complexity issues are analyzed
in [P1], [P2], [P3], [P4]. Next, an overview of feed-forward channel estimators is
given. The main existing algorithms and the new techniques introduced by the author
arediscussed in [P5], [P6], [P7]. We show also the impact of pulse shaping on the ac-
curacy of multipath delay estimation. Based on these proposed algorithms, a parallel
interference cancellation scheme is also proposed.

4.1 INTRODUCTION

In general, the goal of the channel estimation may be expressed as the follows. Given the
measurement signal ™ = {y1;y2;--- ;¥ }, the process model described below, and the
initial guess p(x(), we have to determine the current state, x,.

The process model may be expressed as follows:

{2 falonsonn) e

where x,, € C"= isthe state vector, and f,, : C"= x C"» — C"= isthe system equation.
The measurements, y,, € C"v arerelated to the state vector through the measurement equa-
tion b, : C"= x C"™ — C™v. The system noise w,, € C™ represents the disturbances
in the system, and the measurement noise, v, € C™~ captures the inaccuracy in measuring
the system.

21



22 CHANNEL ESTIMATION ALGORITHMS

4.2 BAYESIAN APPROACH FOR CHANNEL ESTIMATION

Bayesian estimation provides arigorous approach for estimating the probability distribution
of unknown variables by utilizing al the available knowledge, data and information about
the system. It considers all the variables to be stochastic and determines the distribution
of the variables to be estimated, x, given the measurements, y. Using the generic symbol
p to denote any probability density function, the conditional density function x given y is
obtained via Bayesrule as,
plaly) = ZUDRLE) 42
p(y)

The information contained in the current measurement is represented by the likelihood,
p(y|x), whilethe prior knowledge about the unknown variablesis represented by p(x). The
denominator, p(y), is the evidence provided by the measurements, and is a normalizing
constant. Therefore, Eqg. (4.2) combines prior and current knowledge to obtain the a pos-
teriori information of the system. Bayesian estimation can handle all kinds of distributions
in prior, likelihood and posterior.

For dynamic systems, arecursive formulation of Bayesian estimation may berepresented
asfollows: (1)

p(:}cnly(")) _ p(yn|$n)p<x:_’? )7 (43)
P(yaly™=1)

where the previous knowledge of the system, p(z,|y("~1)) is combined with the most cur-
rent information of the system, p(y, |z, ), to find the posterior knowledge p(z,,|y™). In
Figure 4.1, we show the block diagram of recursive Bayesian estimation algorithms.

(n-1) p(x, ly™)
State P, ly™™) n
—_— . >
equations
p(X,,ly®™D)
py, I x,)
Ti Measurement
ime=n equations

ynT

Fig. 4.1 Block diagram of recursive Bayesian estimation algorithms.
By using the following relationship [65], [36], [66]

pla) = / p(alb)p(b)db (4.4)

we can write the prior PDF as:

p(xn|y(n_1)) :/p($n|xn—1ay(n_l))p(xn—l|y(n_1))dxn—17 (45)
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where p(z,,_1 |y~ 1) isthe posteriori distribution at timen — 1. Since the system model
described by Eq. (4.1) is a Markov process then p(x,|z,—1,y " Y) = p(z,|z,—1) and
the prior distribution in Eq. (4.5) can be re-written as:

planly™ D) = / p(@nltn1)p(En_1 |y D)z 1. (4.6)

Further simplification of p(z,, |x,—1) can be written as[65], [36], [66]:

p(xn|xn—1) - /p(xn’xn—lawn—l)p<wn—1|xn—1)dwn—l- (47)

By using Eg. (4.1) and the fact that x,, is fully determined if both z,,_; and w,_, are
known, then we can write:

planken-) = | 6(xn - f(xn_l,wn_l))p<wn_1)dwn_1, (48)

where (+) is the Dirac delta function. Furthermore, p(w,,—1|z,—1) isreduced to p(w,,_1)
with the assumption that the noise isindependent of the current state.
Likewise p(y, |z, ) can be written as:

ponlen) = [ 6(yn - h(scn,yn)p@n)dwn- (49)

In general, there is no closed-form solution for Eq. (4.8) to (4.9), and direct integration is
computationally expensive and may not be practical for high-dimensional systems. Most
estimation methods address these computational challenges by making simplifying assump-
tions about the nature of the model and/or posterior distributions at the cost of accuracy,
such is the case of Extended Kalman filter, which linearizes the observation model locally
to be able to apply the Kalman filter, which is the optimal, unconstrained, and linear state
estimator [66]. However, recent theoretical advances coupled with high computation power
are providing the foundations for building afeasible Bayesian approach even for large scale
systems. These computationally efficient algorithms are based on sequential Monte Carlo
(SMC) sampling and will be discussed in Section 4.2.3.

We assume that both multipath delays and complex channel coefficients are unknown.
Therefore, we mean by channel estimation the joint estimation of the multipath delays and
complex channel coefficients.

4.2.1 Joint Channel Estimation

The Gauss Markov model of Eq. (4.1) can be adapted for the channel coefficientsand delays
asfollows[31], [67], [68]

{ arp(n+1) = fByeuy(n) + we, ,(n)

410
o+ 1) = ymp(n) +wn (), (4.10)

wherew,, and w,- aremutually independent additive circular white Gaussian noise processes,
~ is a coefficient accounting for the delay variation, and 3, are coefficients accounting for
the maximum Doppler spread, fp of the v—th BS, defined as [69]

ﬁu = 10(27TfDTsym)7
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where Iy(-) is the zero-order Bessel function and 7., is the symbol interval. We assume
that for each BS, al the paths have the same maximum Doppler spread. (3, are close to
unity when the Doppler spread is significantly less than the Nyquist bandwidth. We assume
here that the coefficient - is constant for all the BSs and all the paths. Thisis areasonable
assumption in terrestrial communication, when the Doppler shift is negligible, and ~ can be
set to a value close to unity for all multipath delays of al users. The discrete state vector,
x(n) € C2ENss*1 associated with all BSsis defined by:

T
x(n) = |:X1, . ,XNBS:| , (4.11)

wherex, = [a1 ,(n), ... ap,(n),71.,(n), ... 7L, (n)]T, forv=1,...,Npg.
The state and observation model of Eq. (4.1) can be re-written as:

{ State model: x(n+1) = Fx(n) + w(n) (4.12)

Measurement model:  y(n) = H(x(n)) + v(n),

where, w(-) and v(-) are circular white Gaussian noise processes. F € R2/Vesx2LNbs
defined by F =Block diag(F1, ..., Fn,,), where F,, =diag(B1, ... Bngs,Vs - 7)-
y(n) isthe observation vector, which depends nonlinearly on the state vector x(n),

y(n) = (n),... . ynps ()"

4.2.2 Extended-Kalman-Filter Based Estimation

From the state and measurement models depicted in Eqg. (4.12), and from the output of
matched filter shown in Eq. (2.12) we can see that the observation variables depend lin-
early on the complex channel coefficients and nonlinearly on the multipath delays. The
EKF is one approximation for calculating the Eq. (4.3). The EKF linearizes the nonlinear
system, then it applies the Kalman filter to obtain the state estimates. The most common
linearization method used is the first order Taylor expansion defined as follows [31], [70],
[71]:

2L H(x(n)) ~ H(X(n | n— 1)+

Z (Xm(") —Xp(n|n— 1)) X iH( (n)) (4.13)

Xy, ’

m=1 x(n)=%(n|n—1)

where, x(n | n — 1) isthe predictor at step n conditional to previous observations, x,, (n)
arethe elementsof the state vector x(n), andx,,, (n | n— 1) arethe elements of the predictor
vector X(n | n—1),m =1,...,2LNgg. Therefore, H(x(n)) can be expressed as:

H(x(n)) = {Hl (x(n)),...,Hnys (X(n))} , (4.14)

=

BS

L
where H;(x Z by 0o ()R o (NTsym — T1.0(n)), fOri = 1,..., Nps.

||M
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Some authors have studied the problem of joint parameters estimation using Kalman fil-
tering in multipath fading and multiuser environment. In [31], Iltiset a. have developed a
new technique for estimating jointly the channel coefficients and the first path delay in fre-
guency selective channel with uniformly spaced path delays based on Kalman filtering in a
single user system. Later on, the idea has been extended to multiuser scenario to estimate
jointly the channel parameters and Doppler shift [67].

In our work, EKF showed good performance in tracking both distant and closely-spaced
paths with non-uniformly spaced path delays with good accuracy [P1], [P2], [P7].

4.2.3 Particle Filter Based Estimation

As an alternative to the solutions that linearize locally the observation, Julier and Uhlmann
introduced a new filter in 1997 [72], called the Unscented Kalman filter (UKF). This filter
uses a deterministic sample-based approximation to estimate the effect of the nonlinearity.
There are two main advantages of UKF method over the EKF. First, the UKF does not use
any Jacobian computation as in the case with EKF, which needs to compute the first order
Taylor approximation, and second, the UKF operates on the premise that it is easier to ap-
proximate a Gaussian distribution than it is to approximate an arbitrary nonlinear function
[65]. However, the UKF has the limitation that it does not apply to general non-Gaussian
distributions. Recently, researchers started to pay more attention to a new family of filters
based on the sequential Monte Carlo (SMC) methods, also known as Particle filter (PF).
These methods were first introduced by Salmond, et a. [35] in 1993, and further variations
and enhancements have followed [33], [36], [37], [38].

Particle Filters (PF) are sequential Monte Carlo based methods, which use a set of dis-
crete samples (particles) to approximate the probability density function (PDF) of the state
variables. They have the ability to handle Gaussian as well as non-Gaussian systems. In
the joint estimation of complex channel coefficients (linear variable) and multipath delays
(nonlinear variable), it is optimum to sample only from the nonlinear variable [33], and use
the Kalman filter in order to estimate the complex channel coefficients. Therefore, the state
and observation models given in Eq. (4.12) are now formulated as:

where, x.(n) and x4(n) € CLVes*! gre the two state vectors and for v = 1,..., Npg,
Xeu, aNd x4, are defined as

{ Xey = [al,u(n)v o QL (n) ! (4.16)

Above w.(-), wq(-), and v(-) are circular white Gaussian noise processes with covariance
matrices Q.. , Q.,, and R, respectively. The matrices F,. and F4 can be expressed easily
based on the expression of F given in Section 4.2.1.
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Theunconditional state estimate can be computed using thel mportance Sampling method
defined by [37]:

Np
%a(nln) = 3" Ras(nn)wi” (n), (4.17)
1=1

where N p isthe number of particles used to approximate the PDF of the state, and wgp 2 (n)
isthe i-th weight coefficient defined by:

()4 (n)
W (n) = PO 1Y), (4.18)

' w(x{P[y™)

Here p(-) and 7(-) are the true and simulation probability density, respectively and xfi’;)
is the 7t cumulative sampled sequence of the state vector x,;(n). The simulation density
is chosen to be in recursive form, so that we can propagate the estimates in time without
modifying subsequently the past simulated trajectories [37]:

m(xy ™) = w(xai(n) [y ™, x ) (x D [y D). (4.19)

This agorithm may also be expressed in a recursive form which has prediction and up-
date stages at each time step. In the prediction stage, samples representing the cur-
rent state are generated from the importance function ﬂ(x&?) ly(™). Finding this impor-
tancefunctioninvolvesthemuiltiplication of 7 (xz; (n) [y ™, x V) and w (x|~ [y ("),
which may be interpreted as the prediction of current state based on the prior distribution
#(x "V ]y(m=1). In the update stage, the prediction is updated by the information con-
tained in the current measurement, i.e., the likelihood.

In our work, particle filters showed good performances in tracking both multipath de-
lays and complex channel coefficients. They showed high robustness to the initialization
conditions [P3],[P4]. However, compared to EKF filters, their implementation complexity
is much higher [P4].

4.3 FEEDFORWARD APPROACH

Resolving multipath components based on feedforward approachesiswidely used in the lit-
erature [28], [17], [26], [21], [24], [ 73], [74]. The delay estimation can be performed either
in the wide-band domain for example via eigenvalue decomposition of the received signal
covariance matrix, or in the narrow-band domain at the output of the matched filter. After
eigenvalue decomposition or the despreading, the delay estimation is done based on further
optional signal processing such as deconvolution or non-linear processing. The best known
ones are the Least Squares (LS) techniques [21], [22], [23], the Projection Onto Convex
Sets (POCYS) algorithm [24], [25], [28], [P5] and Teager Kaiser based filtering [27], [28],
[P6].

The performance of all these techniques is significantly affected by the presence of the
Root Raised Cosine (RRC) pulses and further methods should be derived to improve the
delay estimates.
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4.3.1 Deconvolution-Based Multipath Delay Estimation
Briefly, Eg. (2.12) can be re-written into vectorial form:
y(n) = Gh(n) + v,(n), (4.20)

where y (n) isthe vector of correlation outputs, at different time lags between 0 and maxi-
mum channel delay spread 7,4, y(n) € CNBs(Tmae+1)X1 |t js defined as

y1(n)
y(n) = : :
YNgs (n)

andfori =1,..., Npg, the vector y;(n) is defined as

yi(n) = [5:(1,0),. .., yi(n, Tonaw)] "

The matrix G is the pulse shape deconvolution matrix written as:

Si1 Si2 -+ SinNgs
S2 1 S2 2 e SZ N
G = J ) NBs 7
SNBS71 SNBSQ SNBSJVBS

where the matrix S,, ,, is the pulse shape deconvolution matrix of the BSs pair (u, v), with
elementss; ; = \/Ey, Ru(i — 7)., fori,j =0,..., Tmaa-

Above, v, (n) isthesum of Inter-Symbol-Interference (I SI), Multiple-Access-I nterference
(MAI), and AWGN noises after the despreading operation. The vector h(n) describes the

channel profilefromall the BSs, defined ash(n) = [hy(n), - - ,hNBS(n)]T, whereh,, (n)

of elements A, ,, is defined such that #; , = 0 if no multipath is present at the time delay 1,
and h; ., = ay,, if theindex [ corresponds to atrue path location.

Therefore, resolving multipath components refers to the problem of estimating the non-zero
elements of the unknown gain vector h(n). Equation (4.20) can be seen as a standard de-
convolution problem with unknown parameter h(n). The Least Squares (LS) techniques
[21], [22], [23], [28], [75], [P7] was shown to fail completely at low signal-to-noise ra-
tios [28], [75]. Iterative solutions showed more robustness to noise and pulse shaping.
An example of such iterative techniques is the Projection Onto Convex Sets (POCS) algo-
rithm, originally proposed in[24], [25] for delay estimation in the Rake receivers, under the
assumption of rectangular pulse shapes. An improvement of POCS was proposed and ex-
plained in [28] and introduced an additional constraint during the iterative process. POCS
algorithms showed good performance in estimating both delays and channel complex co-
efficientsin the presence of pulse shaping. New interference cancellation techniques based
on the POCS agorithm have been developed in [P5].

4.3.2 Subspace Based Multipath Delay Estimation

The subspace based techniques provide a method for decomposing a multidimensional pa-
rameter search into aseries of one dimensional optimization problems|[18], [19], [20], [28],
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[44]. Such an algorithm exploits the signal subspace spanned by certain observation vec-
tors, in order to estimate the unknown channel parameters. Subspace-based algorithms for
channel estimation have been shown to be near-far resistant and effective in the presence
of multiple propagation paths. The performance of the subspace-based channel estimation
algorithms depend, to alarge extent, on the speed and accuracy of the subspace estimation
process, especially when the parameter (and hence the signal subspace) istimevarying. The
tool typically used to estimate the signal and noise subspaces of the received signal vectors
isthe Singular Value Decomposition (SVD) of an observation matrix formed from received
data vectors [76], [77]. However, the SVD has high computational complexity, involv-
ing orthogonal rotations that require costly operations such as divisions and square-roots.
The subspace estimation is acrucial step in this algorithm and it is necessary to update the
estimate in response to any time variations in the channel.

One of the most known subspace based methods is the Multiple Signal Classification
(MUSIC) dgorithm [44], [18], [19], [20]. In[P6], the performance of MUSIC algorithm
is shown in multiple cell-downlink WCDMA system and compared to the performance of
other presented delay estimation algorithms.

4.3.3 Teager-Kaiser Based Multipath Delay Estimation

The nonlinear quadratic Teager Kaiser (TK) operator wasfirst introduced for measuring the
real physical energy of a system [78]. It was found that this operator is simple, efficient,
and able to track instantaneously-varying spatial modulation patterns [79]. Since its intro-
duction, several other applications have been found for TK operator, one of the most recent
being the estimation of closely-spaced pathsin DS-CDMA systems introduced by Hamila
& a., for GPS and WCDMA systems [42], [80], [27]. It was found that the TK operator
has good performance in separating closely spaced paths when rectangular pulse shaping
is used. However, the performance degrades when using bandlimiting pulse shape (e.g.,
RRC) asit isthe casein WCDMA system.
The continuous-time TK energy operator of acomplex signal ¢.(t) is defined by [27]:

‘IJc(Qsc(t)) = Qi)c(t)éc@)* [éc(t)qbc(t)* + Cbc(t)d;c(t)*]’ (4.21)

_ 1

2
and similarly the discrete-time TK operator applied to a discrete complex signal ¢;(n) is
readily defined by [27], [81]

— 5 [0aln —26u(n)* + Gulm)duln —2)°]. (4.22)

In [42], Hamila & a demonstrated the good performance and low computational com-
plexity of TK approach, especialy for ideal rectangular pulse shapes, when compared to
well-known techniques (e.g., MUSIC) for estimating closely-spaced multipath delays in
CDMA systems. However, the probability of acquisition of al compared techniques dete-
riorates dramatically when the RC pulse shape filter is used. Figure 4.2 shows the Teager-
Kaiser energy for two closely-spaced paths when rectangular and RRC pulse shaping were
used. Itisclear that, inthe case of the rectangular pul se shaping, the separation between the
two pathsis straightforward. However, when RRC shaping is used, the separation becomes
more difficult. Despite of its decreased performance in the presence of RRC pulse shaping,

Vi(pa(n)) = da(n — )a(n —1)°
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TK has still been shown to be a promising technique in CDMA applications, dueto its low
complexity. It was kept as agood candidate for comparisons in [P5], [P6], and [P7].
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Fig. 4.2 Teager-Kaiser energy for two closely-spaced paths when rectangular and RRC pul se shap-
ing was used. Noise free case.

In [P6], we generalize the TK based multipath delay estimation technique to be used
with bandlimited pulse shaping. The idea is to introduce a new deconvolution type filter
function by which we filter the correlation function obtained via RC pulse shaping to re-
cover an approximation of the correlation function ideally obtained via rectangular pulse
shaping. This so-called Generalized Teager-Kaiser (GTK) deconvolution-based technique
showed good performance in the presence of bandlimiting pulse shaping.

4.4 INTER-CELL INTERFERENCE CANCELLATION

Delay estimation in CDMA receivers with Interference Cancellation (IC) or Minimization
(IM) schemes has been widely proposed in the context of DLL based delay estimation [48],
[45], [46], [47]. In all the proposed schemes, in order to perform the interference cancel-
lation or minimization, we need to know the estimates of the delays and complex channel
coefficients of the interfering paths. In [46] it was assumed that the channel complex co-
efficients and relative delays are a priori known, while in [48], the channel coefficients
were computed via a maximum likelihood algorithm, and the initial delay estimates were
assumed to be equal to the true path delays. The basic DLL based estimation with inter-
ference cancellation scheme combined with channel coefficient estimation in the context of
bandlimiting pul se shaping can give good performance in multipath environments when the
path spacing is greater than 1 chip, but they fail to estimate correctly the delays when the
paths are closely spaced [28].

In [P2], [P5], [P7] we describe a cancellation scheme of the interference coming from
other BSs (interference dueto CPICH channels), where joint estimation of multipath delays
and complex channel coefficients were performed. The interference coming from the other
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users (i.e., DPCH channels [13)]) is considered as additive white noise by virtue of central
limit theorem, and it will be neglected by the interference cancellation algorithm.

Assuming that the desired BS has the index 1, based on Eq. (2.12) an estimation of the
interfering signal will be straightforward:

Nps L

Uint(n, 7) = Z Z By, by (n)R1, (T — F1,0(n)),

v=2 [=1

where &; ,(n) and 7, (n) are the [t path estimates of the channel coefficient and delays
of the vt BS.

One measure of the interfering signal level can be defined through the near-far-ratio
(NFR), which isdefined asin [18], [19], NFR =10log;o (Px /P ), where Py is the power of
theinterfering BSs, and P, isthe power of the desired BS. In the results shownin [P1]-[P7],
the NFR spans the range from —20 dB (very low interference level) to 20 dB (strong inter-
ference). The later case is reasonable from the mobile positioning point of view, since the
mobile measure simultaneoudly different links.

The desired signal can be recovered as:

gdes (n7 T) =l (na 7—) - gint (n, T)- (423)

Figure 4.3 shows the block diagram of a delay estimation algorithm with IC scheme. The
interference estimation is carried out using any generic signal processing algorithm, such
as EKF, PF, or POCS. The second stage of delay estimation, which isusing only the desired
signal, can be carried out using the same signal processing algorithm asin the first stage, or
the delay estimation can be applied directly to the output of the matched filter.

Bayesian: EKF - PF
Feed-Forward: POCS, LS

y(n) Interference - AV (0) Desired BS
— ¥ SP2 —»
Recovery > parameters

Fig. 4.3 Block diagram of intercell interference cancellation scheme. SP1 and SP2 can be any
channel estimation agorithms (feedforward or feedback a gorithms)

In [P2], [P5], and [PT7], the total power of Dedicated Physical Data Channel (DPDCH)
is higher than the power of CPICH of approximately 5-10 dB, which means that the power
of the CPICH isabout 10 % of the transmitted power [13].

The problem of intracell interference estimation (the interference coming from the other
users also known as MALI) isvery important task in CDMA uplink communication systems.
The multiuser detection is an effective method to suppress the MAI and improve the uplink
system capacity. The optimal multiuser detector has exponential computational complexity
[82], so low complexity suboptimal multiuser detectors have been proposed [83], including
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the decorrelating detector [84], MM SE detector, successive interference cancellation (SIC)
[85] and paralel interference cancellation (PIC) receivers. In this thesis, the focus is on
DL transmission where the receiver has a prior knowledge of the pilot symbols only. In
DL-WCDMA a continuous transmitted channel is available, namely the CPICH used for
positioning in WCDMA [13].

4.5 IMPLEMENTATION ASPECTS OF CDMA RECEIVERS

The major considerations in the implementation of any wireless communication system are
the limitations on the power consumption and size of the mobile unit, and the bit-error-rate
reguirements of various data sources.

Today, the weight of a wireless handset is dominated by the battery. Also, the bulk of
the power consumption in a cellular terminal is in the power amplifier of the transmitter
[86]. However, aswe movetowards an eraof micro and pico cells, transmit power will drop
dramatically and the design of a such system requires both flexibility and reconfigurability.
This is achieved by implementing faster and more efficient algorithms to meet the exist-
ing standards. Also, the radio interfaces may have to handle multiple modes (multi-mode
systems) to allow operation under various standards. At the receiver end, there is a need
for continuous collection of received data samples prior to actual processing [86]. This
collected data will have to be buffered while actual processing occurs on previously col-
lected data samples. Hence some hardware support such as direct memory access (DMA)
isessential for efficient operation.

45.1 Structure of Wireless Transceiver

The specific nature of wireless communication channels (passbands around high operat-
ing frequencies) dictates that almost all transceivers for wireless communicationsconsist
of three main parts: afront-end which performs the frequency conversion from passband
to baseband or vice versa, a modulator/demodulator, and a baseband processing unit. The
design and implementation of these three units are most often considered separately.

In the front-end a high operating frequency and a high input dynamic range is expected.
Therefore, analog circuits are dictated to be used [87]. This part mainly consists of mix-
ers, filters and variable gain amplifiers which, in successive stages, filter the antenna signal
and down-convert it to lower frequencies. In some current digital systems, the final down-
conversion from IF to baseband in the front-end is aso performed in the digital domain.
The output of the front-end depends on the design of the demodulator. In most of the cur-
rent digital systems, the output of the front-end are digital, baseband, | (in-phase) and Q
(quadrature) signals and the demodulation isperformed in aDigital Signal Processor (DSP).
The baseband processing, in most cases, istotally in the digital domain, implemented using
acombination of DSPs and custom A SICs (application specific integrated circuits) [87].

The DSPs use extensive pipelining, on-chip memories, parallel functiona units, sepa-
rate program and data buses, and specialized instructions such as single cycle multiply-
accumulate and bit reversed addressing. DSPs are either floating or fixed point arithmetic
devices. Fixed point devices are cheaper, faster, and consume less power. Hence wire-
less systems, especialy handsets, tend to use fixed point devices. Fixed point arithmetic
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requires programmers to pay attention to precision, scaling, and overflows due to quanti-
zation effects. The choice between DSPs and ASICs is driven by constraints on execution
time, cost, and size. Examples of the DSPs that handle baseband processing include Lu-
cent’'s DSP 16210 [88] and Texas Instruments's (T1's) TMS320C6x and TM S320C5x [89]
families of DSPs.

4.5.2 DSP Based Implementation of Channel Estimation Algorithms

In most of the cases, the baseband processing, which include the channel estimation part, is
implemented on programmable devices such TI’s processors, the fastest of which achieve
1 nsinstruction cycle time (for example TMS320C64x processor). A comparison of pro-
grammable implementations of both Bayesian algorithms presented in this chapter was
given in [P4]. In [90], the authors evaluate the implementation complexity of the most
promising feedforward algorithms, namely Teager-Kaiser and POCS algorithms, when us-
ing programmable type of platform.

The agorithms are developed and tested with the Code Composer studio of TI. There-
ceived signal is generated by MATLAB and saved to a header, where the sampling rate is 4
or 8 samples per chip.

There are different ways to implement efficiently complex algorithms on DSPs. The
first one consists of developing the applications interactively using SIMULINK environ-
ment [91] in the form of block diagrams. Once the SIMULINK model is built, we can
proceed with the automatic generation of C code with the help of Real-Time Workshop
from MATLAB [92]. The C code is then compiled by the TMS320C6x C compiler pro-
vided by Texas-Instruments [89]. The second method consists of developing applications
using C programming language. The program thus developed is compiled and linked using
TI compilation tools. This method also accepts programs written in assembler, which can
be directly called from the main C program. The third way and the most difficult to handle
consists in developing programs directly in assembly language.

The implementation procedure adopted hereis based on the second technique. The pro-
gram can be broken down into different modules, where the "EKF-main" filtering is the
core of the algorithm. The program execution time can be speeded up using different levels
of optimization (—Ox) applied when invoking the compiler. The results in [P4] are given
with —O3 and program-level (pm) optimizations. The program-level optimization can re-
duce further the execution time, since all the source files are compiled into one intermediate
file called a module. Which means, the compiler can see the entire program that allows
performing severa optimizations which are rarely applied during file-level optimization.

Table 4.1 shows the execution time required for EKF and PF-EKF when using different
optimization levels.

Tab. 4.1: Execution time (sec), DSP: TMS320C64x@600 MHz
SF=256, N;;=3,L =3,Ns =4, N, =64

Optimization level -0O0 -O1 -02 -0O3
EKF 0.0824 0.0632 0.0398 0.0114
PF-EKF 1.6422 0.865 0.365 0.1553
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Dueto theiterative nature of both EKF and PF algorithms, most of the data generated by
the program are stored in internal memory. By storing these data along with the constants
into the internal memory, the time taken by the processor to access these data is reduced
considerably and the number of cycles to run the code is thus significantly reduced. The
results related to memory consumption in [P4] show that both presented algorithms can be
implemented with the current state-of-art DSPs. In TMS320C64x@600 MHz processor,
thetotal memory available can be divided to L 1/L2 memory architecture. Thisarchitecture
has 16 kBytes L 1P program memory and 16 kBytes L 1D data memory, with 256 kBytes L2
unified memory. Intable 4.2, it is shown the percentage of memory consumption for dif-
ferent number of paths, with respect to L1 memory only. However, the usage with respect
to the overall memory available (i.e., with respect to L1/L2) is much lower.

Tab. 4.2: Memory needed for EKF and PF-EKF implementation,
SF=256, N3 =3, Ns =4, N, = 64

L=1 L=3 L=5
EKE Sum (kByte) 5.2 14.4 30.6
Percentage 16.2 % 45 % 95.6 %
Sum (kByte) 8.1 22.3 38.8
PF-EKF
Percentage 25.3 % 69.6 % 121.2 %

To reduce further the execution time of PF algorithm, it is possible to exploit the proper-
tiesof itsequations [93]. Asit can be seen from [P2] and [P4], the PF is based on Gaussian
sampling distribution with mean and variance governed by EKF type of equations. There-
fore anature parallelism of the processing can be based on the number of particles used.

1AIl the variety of the TMS320C64x family have the same L1 memory (32 kBytes PM and DM), but they have
different L2 memory architectures for different execution frequencies. For example TMS320C64x@1 GHz has
1024 kBytes L2, and TMS320C64x@500 MHz has 128 kBytes L 2.






Chapter

L OS Detection and Channel
Modeling Studies

This chapter addresses first the problem of identifying the Line-of-Sght and Non-Line-
of-Sght situations based on the received signals. Two different link-level approaches
will be discussed. The presented algorithms are described in details in [P7]. Second,
this chapter discusses the estimation of mobile speed in cellular systems, and it gives
an overview of the most widely used techniques in the literature. Next, WCDMA mea-
surement data taken in urban environment is analyzed from mobile positioning point of
view. The detailed analysis of the measurement data can be found in [P8]. Finally, au-
thor’sparallel work on channel modeling in case of indoor reception of GPS positioning
satellite signals is summarized.

5.1 INTRODUCTION

In apractical cellular system, two problems arise: first the number of available BSsis al-
ways limited, and second, multiple NLOS BSs are likely to occur. It has been shown that
even by increasing the correlation time or enforcing an idle period to reduce interference,
typically only 3-6 BSs can be heard by the MSat any time[94]. Among those BSs, one can-
not assume that the majority are LOS BSs. NLOS propagation will bias the TOA or TDOA
measurements even when high-resolution timing techniques are employed and there is no
multipath interference. Therefore, it is important to find methods to mitigate the NLOS
error. One such method is to distinguish between LOS and NLOS situations.

Earlier work related to L OS detection used range measurement based techniques, which
measures the standard deviation of the TOA measurements [49], [50], [51]. The standard
deviation of the range measurements is much higher for NLOS propagation than for LOS
propagation [50]. By using a priori information about the range error statistics, the range
measurements made over a period of time and corrupted by NLOS error can be adjusted
to values close to their correct LOS values. An alternate approach is to make algorithmic
changes to the location algorithm, to exploit the fact that the range error from NLOS prop-
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agation is always positive. Thisis because the NLOS corrupted TOA estimates are aways
greater than the direct TOA values[9].

In the earlier literature, no detection algorithms of LOS/NLOS situations have been
found and the mitigation has been made based on the assumption of NLOS/LOS cases as
worst/best situations [51].

5.2 LINK-LEVEL LOS DETECTION

Thelink level LOS detection where the signal processing is made in the MS side is a new
approach presented by the author in [P7]. Based on the estimates obtained from the channel
estimator, the author proposes to detect whether the LOS component is present or not. The
detection procedure exploits the distribution of the first arriving path. If the distribution is
Rician with strong Rician factor, then LOS component is likely to be present. If the distri-
bution is Rayleigh, it is more likely that LOS component is absent. We point out that the
proposed algorithm is not limited to the WCDMA system and it can be be easily extended
to other mobile positioning systems.

5.2.1 Curve Fitting Based Approach

The most straightforward method is to estimate the PDF of the first arriving path, and
compare it to some reference PDFs such as Rayleigh, Rician, Normal, Lognormal. This
approach can be aso seen in [95] by Greenwood and Hanzo, and in [96] when applied to
real measurement data to estimate the Rician distribution. Also in [97], a study related to
fading model selection based on real measurements was presented. The main conclusion
there wasthat there is no unique model, which can provide all the characteristics of the fad-
ing phenomenon. In our study, we are interested more in finding methods that can separate
between LOS and NLOS cases, and also to see how often these situations may occur in real
environments.

To estimate correctly the distribution of thefirst arriving path, aset of independent fading
coefficient amplitudes are needed. We consider that N independent values are available
in the MS memory to be used in the estimation of the channel distribution whenever the
positioning is needed. Then, the hypothesis defined by the following equation is tested.

Pmeas = PTef- (51)

Here P,,cqs IS the measured PDF and P, is the reference PDF (e.g. Rayleigh, Ri-
cian,..etc.). From equation (5.1) two states H, and H; can be formulated as[98]:

Hy: Ppeas(a;) # Prep(a;) for somes (5.2)

{ Hy : Pmeas(ai) :Pref(ai) forl1<i< N

Then, the N — 1 events A; = {a;,-1 < =z < a;},i=1,...,N — 1, are defined such

that ap and ay_1 are the smallest and the largest estimates of the channel coefficient, re-

spectively and al the a; are equally spaced. The number of successes of A; is denoted by
k; (i.e., the number of samplesin theinterval (a;_1, a;]).
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Under the hypothesis Hy, the probability of having P,,cqs(ai) = Prcs(a;) isdefined as
/ Z Pmeas(xi)dxi é P(AZ) = / Z Pref<l‘i)dl‘i. (53)

Thus, to test the hypothesisin equation (5.1), weform the Pearson’s Test Statistic (P7'S)
[98]

PTS = Z — o) (5.4)

where,
po = (a; — ai—1)P(4;). (5.5)

In equation (5.4), n is the total number of observed samples (n = N (67)./Ts), where
(7). isthe coherence time and Ty is the sampling interval.
Two criteriafor the curve fitting are possible

e Chi-squaretest: the hypothesis H is accepted if the PT'S value satisfies PT'S <
X1-a(m — 1), where y;_»(m — 1) istaken from the standard chi-sguare tables cor-
responding to the confidence level \ and to the degree of freedom (m — 1) [98]. For
example, by choosing a confidence level of 95% (A = 0.95) and degree of freedom
2, the threshold X0.05 (1) = 5.99.

e Minimum PTS: Herethe PTSfor each reference PDF (i.e., Rayleigh, Rice, ...etc.,) is
first evaluated. Then the hypothesis Hj is accepted for the minimum value of PT'S

This technique was shown to be efficient when the observation interval islong enough, i.e.,
when there is enough independent data samples [P7]. In these cases, accurate detection of
LOS and NLOS situation was found. However, when short observation intervals are re-
quired or when the MSis in stationary condition, this methods fails to make an accurate
decision whether the propagation situation is LOS or NLOS situation.

5.2.2 Rician Factor Based Approach

To decrease the duration of the observation and hence the hardware needed for storage,
anew algorithm usi ng the estimation of Rician factor parameter was proposed [P7]. The
Rician factor K () with respect to the channel profile of the v—th BS defined by [1]

E[alw]Q

KW —
20

(5.6)
where a, , isthe estimated amplitude of the first arriving path of the v—th BS, and (2 is the
average fading power of the scattered paths €2 = Var[am] .

Hereinafter, we consider the case of single BS and the subscript v will be dropped for
convenience. In multiple BSs case, the same procedure isrepeated for each BS. When K ~
0, (K(dB) — —o0), the distribution is Rayleigh, and NLOS situation should be detected.
By considering B,,,;,, and B,,,.. as follows, we can define the probability of having LOS
situation (respectively NLOS situation):
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e K(dB) < B,,in: Thedistribution is Rayleigh and we set the probabilities
(Pnros, Pros) = (1.0,0.0).

e K(dB) > B4, Thedistribution is Rician with strong Rician factor and we set the
probabilities
(Pnros, PLos) = (0.0,1.0).

e Bin < K(dB) < By,4:: The probabilities Pyros and Pros are both different
from zero and they can be computed as follows:

1. Divide[B,,in,Bmaz] into (M + 1) equally spaced intervals[b;_1,b;], bo=Bin
and bM+1:Bmaw-

2. fori=1,...,M +1,

Ifb;_; < K,.(dB) <b; then (Pyros, Pros) £ (M52, 1),

This algorithm, which is described in detailsin [P7], shows good performance in detecting
LOS and NLOS situations. However, it needs the estimation of the noise level in order to
set the adaptive thresholds B,,,;,, and B,

5.3 MOBILE SPEED ESTIMATION

The knowledge of the mobile speed isinvaluable to radio resource management. One moti-
vation for mobile speed estimation isthat thisinformation can be used to reduce the hand-off
rates, which induces an increase in capacity and a decrease in the number of dropped calls.
Also for accurate mobile location and location-based added-values services, it is quite im-
portant to know the mobile speed. In the literature, there are a few methods of mobile
speed estimation that have been published. In [99], [100], [101], [102], the estimation of
maximum Doppler frequency is used to estimate the mobile speed. In [103], the diversity
switching number is used to estimate mobile speed, but it is pointed out in [104] that this
method is highly dependent on the fading distribution statistical properties (Rayleigh fading,
Rician fading, etc.). In[105], based on deviation of received signa strength, two methods
are proposed to estimate mobile speed for GSM radios. The first one works fine when the
channel has no intersymbol interference, and it fails in the presence of intersymbol inter-
ference, i.e., dispersive channels. The second method of [105] uses pattern recognition to
overcome the limitations of the first method on dispersive channels but leads to high com-
putational complexity and may not be reliable due to the nature of pattern recognition of
dispersive channels. 1n [106], multiple base-station and multidimensional scaling are used
to estimate mobile speed; this method may be expensive in practice. In [107], [108], the
level crossing rate (LCR) and Average Duration of Fade (ADF) are used to estimate the
mobile speed.

It isworth to mention also that when GPS measurements are avail able, the most straight-
forward estimation method is based on two or more mobile position estimates. This is
achieved by assuming that the mobile speed is constant during a certain interval.

All these cellular network based methods have been presented from the theoretical point
of view and they have never been tested, to the author knowledge, on real measurement
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data. In[P8] some of these methods were applied in practical situations and the results were
compared to the speed estimates based on mobile positions available already through GPS
range measurements.

5.4 MEASUREMENT DATA ANALYSIS FOR MOBILE POSITIONING

In this section we analyze the characteristics of the propagation channels in terms of some
statistical models of an urban WCDMA channel in the context of mobile phone positioning
applications. The motivation comes from the lack of current literature dealing with chan-
nel modeling for mobile positioning applications based on real field measurement data in
WCDMA systems. Most of the studies related to channel modeling found in the literature
so far are related to antenna diversity analysis and to the importance of the good coverage
in WCDMA network [109], [110], [111], or to the evaluation of RAKE performance [109],
[112], [113].

Few authors addressed the problem of measurement data analysis for mobile position-
ing purposes. In[114], [115] the authors examine the feasibility and performance of radio
location techniques in CDMA cellular networks in up-link direction. However, no specific
detection of LOS/NL OS situations were discussed. Nevertheless, the authorsin [114] sug-
gested to compensate for non-L OSinduced errors by biasing the range estimates as proposed
earlier in [49].

The measurement campaign described in [P8] was conducted in the center of Helsinki
city, viasevera trajectoriesin both microcell and macrocell environments. Four snapshots
of the time-varying CIR is shown in Fig 5.1 at 4 time instants. The carrier frequency in
UL measurements was f. = 1.935 GHz and in DL measurementsit was f. = 2.125 GHz,
in accordance with 3GPP standards [13]. In order to know the geometry of the measured
radio channel at a certain time, LOS and NLOS situations, the position and time were al'so
determined by using the Global Positioning System (GPS). During the measurements, the
receiver of the sounder (Rx) was placed at the base station (BS) site. The transmitter (Tx)
was moving and the Tx antenna was a modified GSM handset antenna. The measurement
campaign was conducted by Nokia personnel and provided to the authors in the form of
CIRs.

The aim behind analyzing the measurement data in urban environments is the detection
of LOS and NLOS situations based on the link-level approach described earlier. It was
shown that LOS component is typically not present in urban environments and the maxi-
mum LOS delay error can be as high as few ps. These results were also verified by the
estimated offsets between the first arriving peak and the LOS delay estimated via GPS.

Also a comparison between different techniques for the speed estimation and their ap-
plicability in the real world was done. It was shown that even in NLOS situations, it is still
possible to estimate the mobile speed.

Another interesting observation in [P8] is that in most of the cases, the distribution of
the first arriving path matches with the Nakagami-m distribution with quite low m-factor
signaling the NLOS situations.
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Fig. 5.1 Four snapshots of the wireless channel impulse response from the city center of Helsinki.

5.5 RELATED WORK

In many situations, such as in NLOS situations or in the case of weak signals (for exam-
ple, inindoor environments), mobile phone positioning in cellular networks becomesavery
challenging task. Therefore, thereis of great interest to study also satellite based position-
ing systems in the context of location based mobile services [8]. The new satellite system
proposals, such as Galileo [116] and modernized GPS [117], [118], should, in the future,
interact with cellular networks for accurate and reliable positioning services. The overall
performance of Galileo signals is currently under investigation. The main differences be-
tween Galileo signals and the currently transmitted GPS signal s include the new modulation
scheme: the so-called Binary Offset Carrier (BOC) modulation [119], [120] and the large
bandwidth employed for most of the signals. These new standards trigger new challengesin
the delay-frequency acquisition and tracking stages. BOC modulations are usually defined
viatwo parameters BOC(m, n) [119], related to the reference 1.023 MHz frequency asfol-
lows. m = f../1.023 and n = f./1.023, where f,. and f. are the sub-carrier frequency
and the chip rate, respectively, expressed in MHz. Equivalently, BOC modulations are de-
fined viaanother set of two parameters, namely the chip rate, f., and the BOC-modulation
order, Ngoc, which is given by:

Npoc 222 = 2&, (5.7)
n fe

An example of the Power spectrum Density for different BOC-modulated signals is
shown in Figure 5.2. While GPS is using BPSK modulation, the BOC modulation has

1In the standard of mobile positioningin 3G systems, the AGPS was al ready sel ected as an option when the handset
has partial GPS receiver
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been proposed in [119], [120] in order to improve the spectral efficiency of the L band, by
moving the signal energy away from the band center, thus offering a higher degree of spec-
tral separation between BOC-modulated signals and the other signals which use traditional
phase-shift-keying modulation. The even-modulation orders ensure a splitting of the spec-
trum into two symmetrical parts, by moving the energy of the signal away from the RF
carrier frequency, and therefore allowing for less interference in the existing GPS bands.
The cases with odd modulation index do not suppress completely the interference around
the center frequency. For athorough presentation of Galileo signals and BOC modulation
see[119], [120], [117], [121].

— BPSK
251 -— BOC(1,1) N
== BOC(15,10)

=)
D -40F
-

2
Frequency (MHz)

Fig. 5.2 PSD of several BOC-modulated signals.

Among the challenges that face the researchers at this stage and where the author has
contributed can be enumerated as the following:

1. Fast acquisition strategies that take into consideration the features and properties of
BOC modulated code sequences. At this level, the author presented new correlation
scheme, which exploits the properties of BOC waveforms to reduce the number of
operationsto be performed. He showed that this structure is more efficient and faster
for the implementation then the typical techniques used in GPS and CDMA receivers
in general [122]. The choice of acquisition strategy such as serial acquisition [123],
parallel or hybrid acquisition [124], [125], [126] is aso of utmost concern for fast
signal acquisition. In [127] the author presented new acquisition scheme based on
the double-dwell strategy for fast acquisition of Galileo signals, which is generalized
lately by Lohan & al. in [128] to the multiple dwell case in fading channels.

2. Multipath delay tracking: The use of BOC modulation implies that the autocorrela-
tion function shows multiple peaks, which requires the implementation of dedicated
algorithms in the receiver to track the correct (central) peak. Figure 5.3 shows ex-
amples of the autocorrelation functions of BOC waveforms with 2 closely spaced



42 LOS DETECTION AND CHANNEL MODELING STUDIES

paths. It is clear from this ssimple example that resolving multipath components be-
comes very challenging task because of different sidelobes of the correlation function
and closely-spaced paths situations. In Figure 5.4, it is shown the deformation of an

ACF of BOC waveforms, NBOC=2
2 paths [0 0.1] chips 1 2 paths [0 0.25] chips
0.5 1 0.5
0 0
-2 Delay %hips) 2 -2 Delay $chips) 2
2 paths [0 0.75] chips 1 2 paths [0 1] chips
0.5 1 0.5
0 0
-2 0 2 -2 0 2
Delay (chips) Delay (chips)

Fig. 5.3 Examples of the autocorrelation functions of BOC waveforms with 2 closely spaced paths
for Npoc = 2.

Early-minus-Late discriminator by the influence of an overlapping multipath.
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Fig.5.4 Deformation of an Early-minus-L ate discriminator by the influence of an overlapping mul-
tipath. Left: BPSK modulation, the correlator spacing between early code and late codeis0.5. Right
BOC modulation with Ngoc = 2, the correlator spacing between early code and late code is0.05.
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Tracking of BOC signalsisdiscussed in [120] and extended | ately by the author to the
closely-spaced path situation in [90] using feedforward approach. This scenario of
overlapping paths is likely to be encountered in indoor positioning applications or in
outdoor urban environments. The use of feedback based structures such as the EKF
or SMC based estimators seems to be difficult in acquisition mode due to the wide
searching domain, which is directly related to the code epoch length? and Doppler
frequency range. However, in tracking mode, where the searching spaceis limited to
few frequency bins and to few tens of chips, both algorithms can be used in the same
way asin WCDMA.

3. Indoor channel modeling for GPS system: The wireless enhanced 911 (E-911) ser-
vices [129], [114] and GPS [58], which are mostly used in open air environments,
cannot provide accurate indoor geolocation. Therefore, it is of utmost importance to
understand the behavior of the satellite-to-indoor channel propagation to improve the
positioning capabilities in indoor reception.

In the literature, indoor reception of GPS positioning satellite signalsis still an open
research topic. Typical modeling studies are based on the use of pseudolites to simu-
late the satellites as discussed in [130], [131]. The use of the real satellite signals to
model the indoor channel propagation encounter different challenges. The most diffi-
cult oneisthe path loss dueto the wall penetration which result into very weak signals
making the multipath identification quite difficult. At thislevel the author studied the
indoor channel modeling based on satellite signals [132]. In this context, the mul-
tipath identification, type of propagation (i.e., distant or closely-spaced paths), and
L OS detection in indoor propagation have been often neglected in the literature.

Figures 5.5 and 5.6 show two examples of indoor multipath phenomena, where both
distant paths and closely spaced paths may occur. The analysis of real measurement
data showed that the case of closely-spaced paths occur quite often in indoor envi-
ronments with a rate of up to 60% in some cases [132]. These observations show
the importance of considering the case of overlapped paths in the channel estimation
model, asit isdone in this thesis.

Another interesting observation related to indoor channel propagation shows that the
distribution of the strongest path matcheswith the Nakagami-m distribution inindoor
and outdoor environments. Inindoor, the m factor is quite low signaling the absence
of LOS situations [132].

One open issues here are the analysis of the inter-satellites interference, especially
when using pseudolites for assisting the indoor positioning, as well as the multipath
identification indoors.

2|n GPS and the new proposal for Galileo, the code epoch length is an integer multiple of 1023 chips
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Fig. 5.5 Snapshot of the correlator output at 2 time instants in indoor propagation. Signal coming
from GPS satellite. Case of 2 distant paths.
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Fig. 5.6 Snapshot of the correlator output at 2 time instantsin indoor propagation. Signal coming
from GPS satellite. Case of 2 overlapping paths.



Chapter

Summary of Publications

6.1 GENERAL

Thisthesisincludes eight publications [P1]-[P8]. They can be categorized under three main
topics according to the subject of the research:

1. Bayesian approach for channel estimation has been investigated and different tech-
niques have been analyzed. Here, the study started from thework doneby Iltisin 1990
[31] to estimate jointly thefirst arriving path and the detectable complex channel co-
efficients. Thiswork was extended to the multipath case in downlink WCDMA and
later to the Sequencial Monte Carlo based estimation. This work was also extended
to provide a parallel interference cancellation technique to enhance the estimation of
the first arriving path.

2. Several feedforward based channel estimators were investigated and analyzed. Here
the study started from the work done by my two co-authors; Dr. Ridha Hamila [27]
and Dr. Elena-Simona Lohan [28]. The work was extended to estimate jointly the
channel coefficients and multipath delays using a deconvolution approach. Based on
thisschemeal so afeedforward architecturewith parallel interference cancellation was
developed. Also the work done on Teager-Kaiser operator based channel estimation
in the GPS case, with unlimited bandwidth, was extended to the case of limited band-
width (the case of downlink WCDMA) by introducing a new deconvolution block in
the channel estimator structure.

3. New techniques for Line of Sight detection were introduced and analyzed. These
techniques, which are based on the statistical properties of the fading channel, were
investigated trough simulations and analysis of real measurement data. A related
topic to LOS detection is the mobile speed estimation which was discussed analyti-
cally and the performance of aternative methods was tested using real measurement
data.

According to this classification, five papers consider Bayesian channel estimation [P1]-
[P4], [P7]. Two papers consider feedforward based channel estimation [P5], [P6], and two
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papers consider the LOS detection and measurement data analysis for mobile positioning
applications [P7], [P8].

6.2 OVERVIEW OF THE PUBLICATION RESULTS

In publication [P1], Extended Kaman filter is used for downlink channel estimation in sin-
gle BS case. Here we developed the system model in order to estimate jointly the channel
coefficients and delays of all detectable paths. The estimation is done both at the sample
and symbol levels. The impact of initialization error is also emphasized.

In publication [P2], the Extended Kalman filter based estimation is extended to the case
of multiple BSs where all the detectable paths from all the BSs are estimated. This struc-
ture is combined with a parallel intercell interference cancellation scheme to enhance the
estimation of the first arriving path from each BS.

In publication [P3], new technique for estimating jointly the channel coefficients and
multipath delays based on Sequential Monte Carlo theory is introduced. The scenario of
single and multiple BSs was investigated. The impacts of initialization error and the path
separation are also emphasized.

In publication [P4], a comparison between SMC and EKF approaches is presented. The
comparison was carried out from the point of view performance, and implementation com-
plexity when programmable DSPs are chosen as implementation platform.

The analysis in [P1]-[P4] showed that Bayesian-based approaches for joint channel es-
timation is efficient in downlink WCDMA. EKF algorithm is quite simple for the imple-
mentation but it showed some limitation and inaccuracies in converging, due mostly to bad
initialization. In the other hand, SMC filters showed good performance in tracking the
channel parameters. They are more stable than the EKF with respect to the initialization
parameters. However, they are more complex to implement.

Based on theideapresented in publication [P2], weintroduced anew interference cancel -
lation scheme based on deconvol ution approach. Thisideahas been discussed in publication
[P5]. Here the performance comparison between the channel estimation schemes with and
without parallel interference cancellation isincluded.

In publication [P6], a new efficient technique for channel estimation based on the non-
linear Teager Kaiser operator was presented, the so-called GTK method. Here we modified
the earlier work of the co-authors presented for unlimited bandwidth to introduce new de-
convolution approach for enhanced LOS estimation in bandlimited case. A comparison of
different feedforward approachessuchasMUSIC, LS, TK algorithmsfor channel estimation
was also carried out and showed clear superiority of the GTK method.

In publication [P7], asingle framework for L OS estimation and detection was presented.
Here we mean by L OS estimation the estimation of the delay of the first arriving path and
we mean by L OS detection the decision whether the first arriving path corresponds to LOS
or NLOS situation. The estimation of the LOS signal isdone viathe Extended Kaman filter
combined with intercell interference cancellation block followed by LOS detection algo-
rithms. The LOS detection exploitsthe statistical properties of the estimated channel. These
algorithms are based on curve fitting and the properties of Rician distribution parameter.

In publication [P8], a single framework for real measurement data analysis for mobile
positioning applications was described. The measurement data where collected in typical
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urban environment in the city center of Helsinki, Finland via several tragjectories in both
microcell and macrocell environments. The focus here is on the estimation of the first ar-
riving path and its corresponding distribution. We verified whether the first arriving path
corresponds to LOS or NLOS situation, and we estimated the mobile speed using different
algorithms.

Here, the detection of LOS component and the amplitude distribution of thefirst arriving
path are obtained based on the algorithms presented in [P7]. The mobile speed estimation
is conducted based on known techniques found in the literature [99], [100], [101], [102].
However, they have never been tested, to the author’s knowledge, on real measurement data
and compared to the true speed.

These analysis showed that the LOS component is very rare in urban environments and
that the distribution of thefirst arriving path typically matches with the Nakagami-m fading
or Rician fading with very low factors. The analysis showed also that, in urban environ-
ment, the number of multipath components can be quite high (with an average of 5 paths).
Furthermore, we saw that we are able to obtain reliable speed estimates regarding whether
the mobile is moving at alow speed or a high speed, even if the statistical distribution of
the first path amplitude does not match with the Rician or Rayleigh distributions.

6.3 AUTHOR’S CONTRIBUTIONS TO THE PUBLICATIONS

The research work done during the course of this thesis was carried out at the Institute of
Communications Engineering (formerly Telecommunications Laboratory), Tampere Uni-
versity of Technology asone member of an active and productive research group involved in
analyzing and developing different algorithms for CDMA network and satellite based posi-
tioning systems. The whole project has been supported and guided by the thesis supervisor
Prof. Markku Renfors.

Many of the ideas have originated in informal discussions within the group and some of
the simulation models have been designed in cooperation with the co-authors. Therefore,
the author’s contribution cannot be separated completely from the contribution of the co-
authors. However, the author’s contribution to all of the publications included in thisthesis
has been essential in the sense that he devel oped the main theoretical framework, performed
most of the smulations, analyzed, and prepared the manuscripts. We point out here that
naturally the co-authors contributed to the final appearance of each article.

The main contributions of the author to the publications are as follows:

In [P1], the author formulated the theoretical background of joint estimation of complex
channel coefficients and multipath delays using the Extended Kalman Filter. He also devel-
oped the simulation programs and wrote the manuscript. Theideaof using EKF for channel
estimation came from an informal discussion within the group.

In [P2], the author formulated the interference cancellation idea and included it in the
framework of EKF based channel estimation. The author devel oped the simulation models
and wrote the manuscript. The idea of inter-rcell interference cancellation belongs to Dr.
Elena-Simona L ohan.

In [P3], the author took the initiative to explore the direction of SMC based channel esti-
mators. They have been introduced to the author for thefirst time by Prof. Markku Renfors.
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The author formulated the theoretical background and developed the simulation models.
The manuscript was written by the author.

In [P4], the author came with the idea of comparing the complexity of EKF and SMC
based estimation approaches using programmable DSPs of Texas Instruments. The author
developed the implementation algorithms in C and assembly languages. He analyzed the
results and wrote the manuscript.

In [P5], the author proposed the idea of interference cancellation algorithm based on the
deconvolution approach. The simulation models are based on the models developed by the
co-author. The manuscript is prepared by the author.

In [P6], the author formulated the theoretical background of the Generalized Teager
Kaiser ideawith the help of thefirst author. However, the author implemented all the simu-
lation models, analyzed the results and wrote the manuscript. The idea of GTK belongs to
Dr. Ridha Hamila.

In[P7], the author devel oped the L OS detection algorithms and analyzed theresults. The
curve fitting-based LOS detection idea was originally proposed by Dr. Lohan and Rician
parameter based L OS detection was the idea of the author. The author combined the chan-
nel estimation algorithms using | C technique and L OS detection. The author conducted the
experiment analysis and wrote the manuscript.

In [P8], the idea of analyzing the real data measurement for mobile positioning appli-
cations came from our industrial partner. The author is the co-developer of the simulation
analysis of the measurement data. The estimation of the mobile speed was the initiative
of the first author who wrote all the simulation agorithms for this part. The author wrote
about half of the manuscript.



Chapter

Conclusions and Further Work

In this thesis we have addressed the problem of channel estimation and mobile phone posi-
tioning for CDMA communication systems over multipath fading channels.

In Chapter 1, the problematics, the motivation, and the prior work were introduced. The
channel and signal models were described in Chapter 2 by explaining all the parameters
used. The focus was on downlink WCDMA system. However, the extension to the gen-
eral case of CDMA system is straightforward. In chapter 3, an overview of the positioning
technologies employed in cellular systems are also described.

In Chapter 4, an overview of the main methods for estimating jointly the complex channel
coefficients and multipath delays was given. The emphasis was on two classes of estima-
tors, namely the Bayesian based and feedforward based approaches. The focus herewason
sub-chip accuracy of LOS signal, which isrequired for mobile positioning applications. We
also presented aparallel interference cancellation scheme that can be coupled to the channel
estimator to improvethe estimation of the LOSsignal. We al so discussed the programmable
implementation of some of these techniques using TI's DSPs.

For the Bayesian approach we compared two classes of estimators. Thefirst oneis based
on the Extended Kalman filter which is a suboptimal estimator that linearizes locally the
nonlinear variable before applying the optimal solution, namely the Kalman filter [66]. The
local linearization has been shown to introduce some inaccuracies and may lead to adiver-
gence of the algorithm [P1]. Thus we introduced a new class of filters, which are based on
the Sequential Monte Carlo simulation to overcome to these inaccuracies. These filters use
aset of discrete samplesin order to approximate the probability density function of the state
variables. They have the ability to handle Gaussian as well as non-Gaussian systems. In
the joint estimation of complex channel coefficients (linear variable) and multipath delays
(nonlinear variable), it is possible to sample only from the nonlinear variable [P4], [33], and
use Kaman filter in order to estimate the complex channel coefficients or it is possible to
sample from the joint variable which include both linear and non-linear parameters [P3].

The analysis showed a clear superiority of SMC filters based estimators over the generic
EKF algorithms from the point view of stability and the time to converge [P3],[P4]. How-
ever, when considering programmable type of implementation using Tl DPSs, the SMC
filters are far more complex to implement. The execution time and the memory consump-
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tion are increasing exponentially with the number of particles used in the approximation.
Therefore, Bayesian approaches may be used up to a certain extent to solve the problem of
closely-spaced paths. For example when the computation power is not alimiting factor, as
it is the case for the fixed BS side, it is quite efficient to use EKF or SMC filters for the
channel estimation.

For the feedforward approaches, the focus was mostly on the multipath delay estima-
tion. The impact of using bandlimiting pulse shaping, such as the one used in downlink
WCDMA system was al so emphasized. We proposed new and efficient deconvol ution tech-
nique to overcome the inaccuracies introduced by the bandlimiting filters when using the
Teager-Kaiser operator for multipath delay estimation. The new deconvolution technique
denoted by Generalized Teager Kaiser method showed good performance on estimating the
L OS component with sub-chip accuracy [P6]. In this context, different algorithms were an-
alyzed and compared. From the point of view performance, GTK, and POCS a gorithms
seem to have the best performance in term of acquiring correctly the delay of the first ar-
riving path [P5]-[P6]. However, from the point of view of implementation complexity, TK
and GTK seem to have the best performance. POCS algorithm have aso the advantage of
estimating jointly the complex channel coefficients and multipath delays, which make it a
good candidate for IC scheme [P5]. In asynchronous networks, OTDOA-IPDL has been
approved for standardization for mobile positioning in 3G networks [12], [61], [62]. In
this context, the MS measures links of different BSsin order to be able to compute its own
position. Such scenario exhibits strong interference from neighboring BSs and special tech-
niques to reduce thisinetr-cell interference have to be provided. Two techniques of parallel
interference cancellation were provided in [P2] and [P5] based on Bayesian approach and
deconvolution techniques, respectively. The key issue is to estimate jointly the multipath
delays and complex channel coefficients of all the detectable paths of all the BSs channels,
which arein the vicinity of the MS. Thisjoint estimation will make possible the estimation
of the interference and further enhancement of the the LOS signal becomes straightforward.

However, the mobile station needs to estimate quite accurately the time of arrival simul-
taneoudly from different base stations (BSs). In many cases, it may happen that the direct
signal is obstructed by the NLOS components, and the first arriving path may not be the di-
rect signal. Thissituation usually introduces errorsin the position estimates. Therefore, itis
guite important to detect whether the first arriving path corresponds to LOS or NLOS case.
In Chapter 5, detection of LOS signal is analyzed and tested based on ssmulation and on
real measurement data. The link level LOS detection where the signal processing is made
on the MS side is new approach [P7]. Based on the estimates obtained from the channel
estimator, it is possible to detect whether the LOS component is present or not. The detec-
tion procedure exploits the distribution of thefirst arriving path. If the distribution is Rician
with strong Rician factor, then LOS component is likely to be present. If the distribution is
Rayleigh, it is more likely that LOS component is absent. In the later case, the open issues
are how to correct the NLOS errors for accurate position estimation.

For the LOS detection and channel modeling, the study was based on real measurement
data that has been collected in the center of Helsinki city, via several trgjectories in both
microcell and macrocell environments. The motivation behind this study comes from the
lack of current literature dealing with channel modeling specifically for mobile positioning
applications. The analysis of the measurement data showed that the LOS component istyp-
icaly not present in urban environments and the maximum LOS error can be as high asfew
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us. The same results were verified by the estimated offsets between the first arriving peak
and the LOS estimated via GPS measurements. The analysis of measurement data showed
also that the distribution of the first arriving path typically matches with the Nakagami-m
fading or Rician fading with very low factors, declaring again the absence of direct compo-
nent. It was shown also that the number of multipath components can be quite high in urban
environments (with an average of 5 paths) [P8]. The estimation of mobile speed showed
also agood robustness to the multipath propagation and even if the statistical distribution of
the first path amplitude does not match with the Rician or Rayleigh distributions, areliable
estimates are obtained.

A summary of the presented publications was given in Chapter 6, where the author’s
contributions to the presented work are emphasized.

7.1 FURTHER WORK AND DIRECTIONS

The estimation of the multipath delays is an important task in any spread spectrum re-
ceiver, not only for positioning applications, but also for other baseband receiver blocks,
such as the Rake combining, the interference cancellation, etc. The new satellite-based po-
sitioning system proposals, such as Galileo and modernized GPS, specify the use of new
modulation types, such as the Binary Offset Carrier (BOC) modulation, which trigger new
challenges in the delay-frequency acquisition and tracking stages. The features and prop-
erties of BOC-modulated code sequences are still not well-understood in the context of
delay estimation in the presence of fading multipath channels, and more important, when
the multipath channels are closely spaced, which islikely to be often encountered in indoor
positioning applications or in outdoor urban environments.

Another important direction that is currently under investigation, is the indoor channel
modeling in satellite system based positioning. This work is based on the signals com-
ing from GPS satellites. However, similar conclusions are expected to be valid in the
presence of the future Galileo satellites that have to be deployed before the year 2008. Mul-
tipath identification and modeling (such as number of paths, spacing between them, etc.,)
in indoor scenario is a very important research topic for accurate deployment of the future
satellite-based mobile positioning services.

It remains as challenging topic for future work also the problem of extending the studied
agorithms and theory in the context of the future broadband mobile communications sys-
tems (4G wireless communication system) expected to be deployed around the year 2010.
The goal is to attain higher throughput for packet data in particular in downlink, without
unnecessary bandwidth expansion and while providing acceptable quality of service for
various classes of traffic.
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