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Abstract

In recent years there has been a growing interest in position location in indoor venues.
As more applications requiring indoor localization are emerging in the market, the de-
mand for accurate and reliable localization increases. Unfortunately, the accuracy of
available techniques is limited, and a dense and expensive deployment is required. The
problem of accurate indoor localization is challenging due to severe multipath conditions
existing in indoor environments. As a result, the classical position location techniques

based on the line-of-sight (LOS) condition are not valid in such scenarios.

This research presents a novel method enabling single-site localization of wireless
emitters in a rich multipath environment. The localization is based on a novel fin-
gerprinting technique exploiting the spatial-temporal characteristics of the multipath
signals received by the base station antenna array. The fingerprint is based on a lower
dimensional signal subspace of the spatial-temporal covariance matrix, capturing the
dominant multipath signals. The subspace approach does not require estimation of the
directions-of-arrival and differential-delays of the multipath reflections, which is both
difficult and computationally intensive problem in rich multipath environments. The
proposed method exploits fingerprint matching based on the powerful similarity-profile
criterion with effective complexity reduction techniques limiting the matching complex-

ity and providing storage saving.

The proposed fingerprinting technique is investigated in the time and frequency do-
mains showing a similar level of accuracy. Both approaches are applicable to most

modern communication techniques and do not require new hardware on the user device.

Necessary and sufficient conditions that guarantee unique localization are presented.
The performance is validated with both simulated and real data, demonstrating local-

ization accuracy of about 1m in typical indoor environments.
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Chapter 1

Introduction

1.1 Motivation and Goals

Determining the position or location of a wireless emitter is an old and well-investigated
problem with both military and commercial applications. Many techniques have been
developed to solve this problem over the last 60 years, most of them based on the
assumption that the wireless signal travels from the source to the receiving antennas
along the line-of-sight (LOS) path connecting them. The classical position location
techniques, direction-of-arrival (DOA), time-of-arrival (TOA) and differential-time-of-
arrival (DTOA), are all based on this assumption, with the localization carried out via

triangulation, using several such measurements [1, 2].

In recent years there has been a growing interest in position location in shopping malls
and in indoor venues, where LOS conditions usually do not exist. In these cases, the
propagation from the source to the receiving antennas is usually made through reflections
from buildings and walls, referred to as multipath. Consequently, the multipath signals
arriving at the receiving antennas may be very different from the LOS path. As a result,

the the classical position location techniques are not valid in such scenarios.

Fingerprinting techniques have been recently developed [3-57] to overcome this mul-
tipath problem. Fingerprinting techniques are based on the premise that there is a
one-to-one relation between the characteristics of the multipath signals received at the
base stations and the emitter location, i.e., that a fingerprint can be extracted from the

received signals and serve as a unique identifier of the emitter location. The problem
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is casted as a pattern recognition problem, namely, a database of fingerprints is pre-
collected in the desired coverage area, and the location is determined by matching the

extracted fingerprint to the fingerprint database.

Two types of fingerprinting techniques have been developed about the same time.
The first, developed by Wax et al. [3-6] and further investigated by Nezafat et al. [7—
9], is based on using the multipath characteristics, derived from the signals coherently
received by a multiple-antenna base station (BS), as the location fingerprint. A review of
this technique, referred to as “Location Fingerprinting”, was first presented by Koshima
and Hoshen [10]. The second technique, developed by Bahl and Padmanabhan [11] and
by Laitinen, Lahteenmaki, and Nordstrom [12], is based on using the received signal

strength (RSS) obtained at several base stations as the location fingerprint.

The RSS fingerprint suffers from dependence on many irrelevant parameters such as
the orientation of the transmitter and body shadowing, but more critically, it suffers
from high signal strength variability along a short distance of wavelength caused by
constructive and destructive interference between the multipath signals. As a result,
the accuracy of this technique is limited and requires signal strength measurements
from multiple BSs to assure an acceptable accuracy. In many cases, however, multiple
BSs may not be able to receive the signals, in which case the accuracy is very low.
The coherently received multipath-based fingerprint, on the other hand, exploits the
multipath to its advantage, rather than suffers from it, thus enabling a much higher

accuracy.

The work of Wax, Hilsenrath, and Meng [3-5] was focused on the outdoor environ-
ment and confined to narrowband signals of the advanced mobile phone system (AMPS)
and used a fingerprint based on the directions-of-arrival of the multipath signals. In [6]
Wax, Hilsenrath, and Bar extended their work to wideband signals used in code division
multiple access (CDMA) systems by adding another, separate fingerprint based on the
power delay profile (PDP) of the multipath signals. The idea of using the PDP as a
fingerprint was also investigated by Nypan, Gade, and Hallingstad [13], Ahonen and
Laitinen [14] and Ahonen and Eskelinen [15]. Meurer et al. [16] proposed using the
covariance matrix of the channel impulse response (CIR) as a location fingerprint rather
than the power delay profile. Triki, Oktem and Slock [17-19] have extended the PDP
fingerprinting in several aspects, including adding to the fingerprint the spatial informa-

tion of the antenna array, in both receive and transmit (MIMO), as well as the Doppler
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shifts of the different reflections, for the case that the mobile terminal is moving. The
asymptotic performance of the PDP method was investigated under various statistical
models by Oktem and Slock [20, 21]. The applicability of PDP fingerprinting for UWB
localization was investigated by Altahus, Troesch, and Wittneben [22] and by Steiner
and Wittneben [23, 24].

The current work extends the work of Wax et al. [3-6] in several aspects. First, it
presents a novel and more powerful fingerprint that exploits both the directions-of-arrival
and the differential-delays of the multipath signals. This novel fingerprint is derived from
a lower dimensional subspace of the spatial-temporal covariance matrix in which the mul-
tipath signals reside, also referred to as the signal subspace. The subspace estimation
does not require estimation of the directions-of-arrival and differential-delays of the mul-
tipath reflections, which is both difficult and computationally intensive problem in rich
multipath environments. Moreover, the subspace preferable includes only the dominant
reflections, thus forming a rich and robust fingerprint that is used in conjunction with a
powerful similarity-profile matching criterion to provide accurate single-site localization.
Second, it presents necessary and sufficient conditions that guarantee unique localiza-
tion. Third, unlike the method proposed in [6], our method is applicable to any wideband
signal, provided the signal has a repeatable segment. As such, it is applicable to most
modern communication techniques, since they all use a fixed and repeatable segment of
the signal (i.e., a preamble) for synchronization and channel estimation purposes. As
shown in the Sections 3.5 and 4.6, our method is applicable also to localization using
the array channel impulse response (CIR) and channel frequency response (CFR). In
addition, unlike [3-6], our work is focused on the indoor environment, yet applicable
also to outdoor environments. Even though both environments are characterized by
rich multipath, the indoors multipath environment is typically richer and characterized
by a larger angle spread and smaller delay spread. Last, but not least, the time domain
and the frequency domain approaches to the multipath fingerprinting are investigated

in this thesis.

1.2 Organization

The outline of the rest of the thesis is as follows. In Chapter 2, we present the lo-

cation fingerprinting as a classification problem and give the relevant background of
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classification techniques. Then, we review the most important and common location
fingerprinting techniques. The original contribution of this thesis starts from Chapter
3, where we present a time domain problem formulation and the conditions for unique
localization. Then, in Sections 3.3 and 3.4 we present the similarity-metric derivation
and the signal subspace based localization method. In Chapter 4, we present the fre-
quency domain approach to the multipath fingerprinting problem. Finally, in Chapter

5 we conclude with a summary and discussion on future research directions.



Chapter 2

Background and Overview of
Location Fingerprinting

Techniques

2.1 Introduction

Location Fingerprinting (LF) is a localization technique that is based on the identifica-
tion of location dependent signal characteristics like the received signal strength (RSS),
power delay profile (PDP), direction of arrival (DOA), time difference of arrival (TDOA),
channel impulse response (CIR) and etc. These characteristics — known as “fingerprints”
or position signatures — are pre-calculated or pre-measured for the entire coverage area
and stored in a database, and then matched or correlated to the characteristics of a

measured signal.

A general view of location fingerprinting techniques is presented in Figure 2.1. The
technique consists of two phases: an off-line phase (learning or training phase) and an on-
line phase (positioning). During the off-line phase, a database of “location fingerprints”
is collected in the desired coverage area, with the fingerprint extracted from signals
received by the BS antenna array or/and by multiple BSs. In the on-line phase, the
location fingerprint is extracted from signals received by the BS antenna array or/and by
multiple BSs and matched to the fingerprints stored in the database. The location whose

fingerprint best matches the extracted fingerprint is selected as the emitter location.

13
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Therefore, LF can be considered as a pattern recognition problem and numerous machine

learning techniques can be applied to this problem [11, 26, 27, 41-44, 58-60].

The critical element of LF techniques is the creation and maintenance of the database,
which is often called a radio map. There are two major approaches to a database
creation. The first, is based on an extensive measurements of signal characteristics in
the coverage area, and is carried out either by the mobile terminals (MT) (client-based
systems) or by the base station/s (infrastructure-based and client-assisted systems) [2,
11, 29-32, 61]. The second, is based on computing of signal characteristics using radio
propagation models [11, 32, 33, 38, 40, 41] or/and ray tracing simulators [17, 34-37,
43, 44]. The accuracy of LF techniques is highly dependent on the database creation
procedure and in particular on the resolution of database points, and the database

complexity.

In the following sections of this chapter we first overview the major classification
techniques used in location fingerprinting and then the most important and common LF

techniques.

Locations Fingerprints
Location 1 Fingerprint 1
Location 2 Fingerprint 2

LocationK-1 Fingerprintk-1

LocationK Fingerprintk
— Fingerprint
off-line{ { ~ | Database
z . Baseband :--E

I\/IuIt|.channeI signals | Fingerprint Fingerprint
Receiver or/and |c'>/ ’| Extraction >l Matchin
Multiple Receivers l g
Estimated
L ocation

FIGURE 2.1: General block diagram of location fingerprinting techniques.
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2.2 LF Classification Techniques

2.2.1 Probabilistic Methods: The General Principle

Most probabilistic methods rely on the Bayesian decision theory which is a fundamental
statistical approach to the problem of pattern classification. This approach is based on
quantifying the tradeoffs between various classification decisions using probability and
the costs that accompany such decisions. The decision problem requires that all of the
relevant probability values are known. Unfortunately, this is usually not the case and we
need to estimate the unknown probabilities and probability densities using our general
knowledge about the problem and/or training data — particular representatives of the

patterns we want to classify [58].

The optimal Bayesian classifier minimizing the average probability of error for zero-

one loss function is given by

f(x) = arg max P(w;|x) (2.1)
i=1,..,K
where w; denotes the state of nature or simply the class i, x = (21,...,2)T € C®*!is

a random feature vector, P(w;|x) is a posteriori probability (or posterior) and f(x) is a
decision function. Using Bayes’ formula we can rewrite (2.1) as

f(x) = argmax p(x|w;) P(w;) (2.2)
i=1,....K

where P(w;) and p(x|w;) are a priori probability of the class w; (or prior) and the class-

conditional density of x, respectively.

Another possible, yet less common in the location fingerprinting field, approaches are
the minimum mean square error (MMSE) estimator [39, 42] and the minimum distance
measure (MDM) [40] classifier. Let w; denote the coordinate tuple of the location 7. The
MMSE location estimation minimizing the localization mean square error (MSE), then,

is given by

K
& =EBwlx) =) w;P(wix) (2.3)
=1

The MDM classification (location estimation) is performed by minimizing the distance

measure between the estimated measurement distribution p(x) and the statistical models
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obtained in the training stage p(D;,w;)

fx) = arg miI?D(ﬁ(X) Ip(Dilws)) (2.4)

i=1,...,

where D; is the training samples of the class w; and D is the distance measure. Numer-
ous distance measures have been proposed to evaluate the similarity between statistical
models. For example, ISE distance, Kullback-Leibler divergence (KLD) (also informa-
tion divergence, relative entropy), Hellinger (or Bhattacharyya) distance [40], Minkowski
distance, earth mover distance (EMD), Hausdorff distance (HD) [45] and etc. The main
advantage of the MDM method is its robustness to modeling errors, unlike the Bayesian

classifier, which is known to be very sensitive to modeling errors [40].

The problem, then, is to estimate the unknown a priori probabilities P(w;) and the
class-conditional densities p(x|w;). Note that p(x|w;) is a probability density function
when x is a continuous random vector, and a probability mass function in case of a

discrete random vector.

Usually the estimation of the prior probability P(w;) presents no serious difficulties.
However, estimation of the class-conditional densities is a quite complex problem. Let us
call D; = {xz}z;l the set of n; independent samples drawn according to the probability
p(X|w;), i =1,..., K. We assume the separability condition supposing that the learning
set D; have no influence on p(x|w;, D;) if i # j. Several approaches to the problem
of probability /probability density estimation, utilizing the training data D;, can be
distinguished: parametric against non-parametric and Bayesian against non-Bayesian

(Maximum Likelihood).

Concerning location fingerprinting techniques, the class w; denotes the emitter loca-
tion i (coordinate tuple i), the random vector x denotes the signal characteristics or the
received signal itself and the training data D; denote the signal characteristics or the
signal itself measured and calculated during the off-line phase at the location i. Posi-
tion location, in the on-line phase, is performed using the classifiers (2.1)—(2.4). These
classifiers assume that all of the relevant probability values are known. Estimation of
these probability values is performed during the off-line phase using various techniques

described further.
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2.2.1.1 Parametric Techniques

The parametric approach assumes that the location-conditional PDF p(x|w;) has a
known form and can be parametrized using a vector of unknown location-specific pa-
rameters 9;, i.e. p(x|w;) = p(x|wi, 9;), where 9; = (9, ... ,ﬂ%)T € CP*1. For example,
we can assume that p(x|w;,¥;) is a normal density with unknown mean p; and covari-
ance matrix ;. In this case the vector 9; includes the mean p; and the elements of
the covariance matrix 3;. As a result, the problem of estimating an unknown function
p(x|w;) is reduced to one of estimating the parameters p; and ¥; from the learning set
D; corresponding to the location i (class 7). Two common and reasonable approaches to
this problem, known as parameter estimation problem, shall be considered: maximum

likelihood estimation and Bayesian estimation.

Maximum Likelihood Maximum likelihood method treats 1¥; as unknown, but fixed
model parameters. The best estimate of their value produces a distribution that max-
imizes the probability of obtaining the observed data. Thus, the Maximum Likelihood

Estimator (MLE) of the unknown vector of parameters 19;, following [58], is given by

9; = arg max p(D;|9;) (2.5)

k3

We should point out that the estimated vector of parameters {9Z can be used as the
fingerprint of the location 4, while the fingerprint matching procedure can be derived
from the Bayesian decision rule (Bayesian Classifier)

f(x) = arg max p(x|w;, 9;) P(w;) (2.6)

i=1,..,K
Bayesian Bayesian methods consider the parameters 9¥; as random variables having a
priori distribution p(J;) that is assumed to be known and represents our initial knowledge

about ;. Observation of the samples from the training set D; allows us to convert a

distribution p(1;) into a posterior distribution p(¥;|D;).

The classical Bayesian approach, in contrast to the ML, does not assume a single
parametric model of the p(x|w;) and averages it over the possible values of 13;. Thus,

the location-conditional density p(x|w;), following [58], is given by

p(x|wi, Dy) = / p(x]r, 9:)p(:[D;)dd; (2.7)
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The simplified Bayesian approach assumes a fixed parametric model of the p(x|w;), i.e.
p(x|wi, D;) = p(x|w;, 19Z), however, the estimation of ¥9; is based on the assumption that
it is a random vector, and can be performed, for example, using well-known parameter

estimation algorithms MAP or MMSE [59]

e MMSE is a Minimum Mean Square Error estimator that minimizes the mean

square error (MSE) E(||9; — 9;?|D;) and given by

0; = E(9|D;) (2.8)

e MAP is a Maximum a Posteriori (MAP) estimator given by

9; = arg max p(9;|D;) = arg max p(D;[9;)p(V;) (2.9)

k3 k3

2.2.1.2 Non-parametric Techniques

Non-parametric techniques make few assumptions about density form and can be used
with arbitrary distributions. There are several simple methods for estimating an un-
known density function like histogram, kernel density estimators (and in particular a
Parzen window approach), and a k-nearest neighbors (kNN). A detailed description of

these techniques and examples of their usage may be found in [39, 42, 58, 60].

2.2.2 Non-parametric Classification: the Nearest Neighbor Algorithm

The nearest neighbor algorithm is conceptually and computationally simple technique
with sub-optimal performance relative to the Bayesian classifier [58]. Consider the learn-
ing set D = {x1,..., X} obtained during the off-line phase, where x; € C**! is a vector
of signal characteristics or the signal itself corresponding to the location i. In addition,
consider the vector of measurements x € C®*! obtained during the on-line phase at the
unknown location. Then the nearest neighbor location estimation is given by

i = arg min D(x||x;) (2.10)

i=1,..,K

where D(x]|x;) is a general metric or “distance” function between x and x;. Numerous
distance measures can be used to evaluate the similarity between the vectors x and x;.

For example, Minkowski distance (including the Euclidean distance as a special case),



Chapter 2. Background and Overview of Location Fingerprinting Techniques 19

Kullback-Leibler divergence (KLD) (or information divergence, relative entropy), earth

mover distance (EMD), Hausdorff distance (HD), peak-to-peak distance [45, 58], etc.

The kNN algorithm is an extension of the nearest neighbor algorithm (2.10). To
estimate/calculate the emitter coordinates the kNN algorithm uses coordinates of k
locations in the database having the smallest distance D(x||x;) . The common kNN

approach is an averaging of these k location coordinates [27, 49]

iwi (2.11)

where w denotes the coordinate tuple of the emitter location.

GJ:

=

The weighted version of kNN algorithm, following [11, 26], is given by

o= (2.12)

where W; is a weight of the i-th location that can be, for example, the function of the

distance measure, i.e., W; = func(D(x||x;)) .

2.2.3 SVM Method

Support Vector Machine (SVM) is a classification technique used in the machine learning
and statistical analysis fields, and having a wide variety of applications in science, engi-
neering and medicine [62, 63]. SVM theoretical background can be found in [58, 60, 62]
and its application to LF in [26, 54, 55].

2.2.4 Artificial Neural Networks

An artificial neural networks (ANN), often called a neural network (NN), is a mathe-
matical model allowing to construct an effective non-linear input-output mapping and
have been used in a variety of applications including location fingerprinting [26, 56, 57].
Usually, a multilayer perceptron (MLP) [58] network with one or more hidden layers is
used for NN-based localization. During the offline phase, location-based fingerprints and
the corresponding location coordinates are used as the inputs and the targets respec-
tively for the NN training purpose. During the on-line phase the measured fingerprint
is entered to the trained NN leading to estimated coordinate tuple at the output of the

system.
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2.3 RSS-based Localization

RSS stands for Received Signal Strength indication, also denoted as RSSI, and available
in most off the shelf wireless devices. Due to this fact and to its relatively simple
algorithm implementation the RSS-based localization techniques gained popularity and
currently are among the most common LF techniques. The RSS-based techniques use
location fingerprints derived from RSS of a mobile terminal (MT) measured by multiple

BSs or vice versa, the RSS of the BSs measured by the MT.

2.3.1 Probabilistic Approach

The probabilistic approach discussed in [27, 46, 49], assumes the parametric distribution
of the conditional density p(x|w;), where x denotes RSS measurements from b BSs and
w; denotes coordinates of the i-th database point (¢ = 1,..., K). The non-parametric
approaches investigated in [42] estimated the location-conditional density p(x|w;) of
RSS using the histogram method and the kernel method, with the Gaussian kernel. To
simplify p(x|w;) estimation the BSs are commonly assumed to be independent [27, 42,

46], so the conditional density estimation is calculated by

b

p(xlwi) = [ plaslwr) (2.13)

j=1
where z; denotes the RSS measured by the j-th BS.

In case of parametric approach the signal strength PDF is often assumed to be the
Gaussian distribution [27, 46] and as a result, only the mean p;; and the standard
deviation o;; are estimated for each database point i € [1, K] and for each BS j € [1,b].
The vector of parameters ¥;; = [pi;, 04;] is estimated during the off-line phase, from the

sample data D;; = {33?}:217 using one of the techniques discussed in the Section 2.2.1.

After the database construction, the online determination phase uses the classifiers
(2.1)—(2.4) to locate the mobile terminal. Although the prior probability P(w;) is de-
termined by a specific indoor area and the mobile subscribers’ habits, commonly all
database points are assumed to be equiprobable [27, 42, 46]. Thus, the Bayesian loca-

tion estimation (2.2) can be reduced to the ML classifier. For the parametric approach,
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following [27, 46], the ML classifier is given by

ij) (2.14)
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where p(x;|w;, 19”) is the likelihood function that has the Gaussian distribution with the

mean p;; and the standard deviation o;;.

The disadvantage of RSS-based techniques is the dependence of RSS fingerprints
on many irrelevant parameters such as the orientation of the transmitter and body
shadowing, but more critically, they suffers from high signal strength variability along a
short distance of wavelength caused by constructive and destructive interference between
the multipath signals. Additional problem arises when the signal transmit power and/or
antenna gain of the equipment used in the off-line (calibration) phase differ from the
ones used in the on-line phase. As a result, the accuracy of this technique is limited
and requires signal strength measurements from multiple BSs to assure an acceptable
accuracy. Usually it requires, a very dense BS (AP) deployment, especially in the indoor
environment. In many cases, however, multiple BSs may not be able to receive the

signals, in which case the accuracy is very low.

To enhance the robustness of the RSS-based methods, Shih-Hau Fang, Tsung-Nan Lin,
and Kun-Chou Lee [46] proposed a fading correction technique that mitigates multipath
disturbance of a RSS. The key idea was to use instead of the original RSS indication
a “filtered” RSS derived by averaging the logarithmic power spectrum of the RSS with
respect to frequency. The proposed technique significantly reduced the level of RSS

variations resulted from the multipath.

2.3.2 The kNN Approach

The kNN approach, presented in a general form in the Section 2.2.2, exploits the vector
x € C¥1 of RSS measurements from multiple base stations (BS) as a location fingerprint.
Bahl and Padmanabhan [11, 64] used the vector of mean RSS values from each AP
and the kNN algorithm with the Euclidean distance measure. Their results indicate
that using more RSS samples in the averaging process and a higher number b of APs
yields better accuracy. However, increasing the number of APs above 3 yields a little
benefit due to the inherent noise in the RSS measurements imposing a limitation on the

localization accuracy [64].
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Battiti [26] suggested weighted kNN algorithm with weights proportional to the in-

verse of the distance between signal strengths

: 1
_— . wz
Z; D(x||x;) + do

A 1=
@ =1 (2.15)

1
2 D) + do

i=
where D(x]|x;) is a distance measure between the RSS vector x measured in the on-line
phase and the database RSS vectors x;, and dy is a small real constant used to avoid

division by zero.

2.4 Signal Subspace Fingerprinting

The subspace-based localization techniques have been developed by Wax et al. [3—
6] and further investigated by Nezafat et al. [7—9], and Cherntanomwong et al. [47,
48]. These techniques exploit the multipath characteristics, derived from the signals
coherently received by a multiple-antenna base station (BS), as the location fingerprint.
The multipath characteristics, like DOA and TOA, are obtained using the subspace

structure of observations [3, 4].

The problem formulation used by the subspace-based localization techniques relies
on the multichannel model [65] commonly used in the sensor array processing [66-77].
Consider an array composed of p sensors receiving a wideband signal s (¢) impinging on
the array through ¢ reflections from directions 8 = {01, e ,0q}. Using the narrowband
assumption [72] and complex envelope representation, the p x 1 vector received by the
array is given by

x(t) = A(0)s(t) + n(t) (2.16)

where s(t) is the g x 1 vector of received multipath reflections and A(8) is the p x ¢

matrix of steering vectors [72].

Suppose that the received vector x(t) is sampled at M time instants t1,...,ty. The

sampled data can then be expressed as

X = A6)S + N (2.17)
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where X and N are the p x M matrices

[x(t1), ..., @(ta)] (2.18)

X
N = [n(t1),...,n(ty)] (2.19)

Note that the matrix A(0) captures all the direction-of-arrival information of the

multipath reflections and can be used as the basis for location fingerprint.

2.4.1 Probabilistic Approach

Wax et al. [3-6] proposed to use the following fingerprint matching criteria (classifier
decision function), developed using the deterministic ML framework [74]
i = arg maxTr{PAiﬁ} (2.20)
Ai(9)
where P 4, is the projection operator onto the space spanned by the columns of the
matrix A;(0)
Pa, = A;(0) (Af'(0)4,(0)) " Af(0) (2.21)

where H denotes the Hermitian conjugate, T'r {-} is the trace operator, and R is the

sample-covariance matrix estimated in the on-line phase
M
R= > @ (tm) (tm) (2.22)

According to the ML criterion (2.20), the localization is carried out by searching in
the database for the location i that maximizes the Tr{P Aiﬁ} expression [4, 5]. The
projection matrix at each database point is estimated during the off-line phase using the
eigenvectors of the sample-covariance matrix. The selected eigenvectors correspond to

the dominant eigenvalues of the sample-covariance matrix [3, 4, 66, 72].

In [6] Wax, Hilsenrath, and Bar extended their work to wideband signals used in code
division multiple access (CDMA) systems by adding another, separate fingerprint based
on the power delay profile (PDP) of the multipath signals and described in the Section
2.5.
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2.4.2 The Nearest Neighbor Approach

A different approach mentioned by Wax, Meng, and Hilsenrath [4] and investigated
by Nezafat et al. [7-9] uses a distance measure based on principal angles between the
database subspaces and the subspace obtained in the on-line phase. The principal angles

(or canonical angles), following [78, 79], are defined recursively by

conlin) = s g v =t 229
cos(ty) = max max u'lv =uflv;, i=2...9 '
with
uZujzo, j=1,...,i—-1 2.2

viv; =0, j=1,...,1—1
where A1 and As are subspaces in p-dimensional complex vector space, r = dim A; >
dim Ay = ¢ > 1, the angles ¢1,...,¢, € [0,7/2] between A; and Ay are defined
recursively, and |lu|| = ||v|| = 1. For computing cosines of principal angles, a singular
value decomposition (SVD)-based algorithm can be used [78, 79]. The algorithm can
be formulated as follows. Let, columns of matrices U € CP*" and V € CP*? form
orthonormal bases for the subspaces A; and As, respectively. Then the cosines of

principal angles are given by

cos(i;) =04, i=1,...,q (2.25)

where 1 > 01 > ... > 04 > 0 are the singular values of the matrix U Hys

2.5 Power Delay Profile Fingerprinting

The Power Delay Profile Fingerprinting (PDP-F) is a class of kNN techniques using
fingerprints based on the channel impulse response [6, 13-19]. The idea of using the
PDP as a fingerprint was first presented by Wax, Hilsenrath, and Bar in [6] for CDMA
signal and also investigated by Nypan, Gade, and Hallingstad [13], Ahonen and Laitinen
[14] and Ahonen and Eskelinen [15] for GSM and UMTS systems.

Nypan, Gade, and Hallingstad [13], Ahonen and Laitinen [14] suggested to use as a
fingerprint the absolute value of the CIR th (t) H between the BS and a mobile terminal

(MT) at every location 4. To reduce the influence of fading, the PDP is usually estimated
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by averaging the square of the CIR taps [13, 18]

S 1 H 5
PDP;i(r) = +- > bt 7)) (2.26)

m=1
where h;(t,,, 7) is the CIR at the location i estimated at the time t,,. The PDP matching

can be performed using the distance measures presented in the Section 2.2.2.

Meurer et al. [16] proposed using the covariance matrix of the CIR as a location
fingerprint rather than the absolute value of the CIR (PDP). Triki, Oktem and Slock
[17, 19] have extended the PDP fingerprinting in several aspects, including adding to the
fingerprint the spatial information of the antenna array, in both receive and transmit
(MIMO), as well as the Doppler shifts of the different reflections, for the case that the
mobile terminal is moving. The asymptotic performance of the PDP method was inves-
tigated under various statistical models by Oktem and Slock [20, 21]. The applicability
of PDP fingerprinting for UWB localization was investigated by Altahus, Troesch, and
Wittneben [22], Steiner and Wittneben [23, 24].

An improved version of the power delay profile with higher time domain resolution
capability and higher noise immunity, based on the super resolution techniques like
MUSIC and ESPRIT was investigated by Li and Pahlavan [53], and Godaliyadda and
Garg [50-52].






Chapter 3

Single-Site Emitter Localization

via Multipath Fingerprinting

3.1 Problem Formulation

Consider an array composed of p sensors with arbitrary locations and arbitrary direc-
tional characteristics receiving a wideband signal s (¢), centered at frequency w. = 27 fe,
impinging on the array through ¢ reflections with differential delays 7, --,7,;, and
corresponding directions 61, --- ,6,. The outputs of the antenna array are sampled si-
multaneously at N times (“taps”), with an interval of D = 1/BW seconds, i.e., each
sensor is sampled at times (¢t +¢D), ¢ =0,..., N —1, where BW is a signal bandwidth.

We refer to the collection of these pN samples as a “snapshot”.

We assume that the bandwidth of the signal s(¢) is small compared to the size of
the antenna array, i.e., that the propagation delays across the array are much smaller
than the inverse bandwidth of the signal, so that the narrow-band array representation
is applicable. This assumption is definitely valid for the bandwidth and antenna array

size in modern communication techniques such as Wi-Fi.

We further assume that the antenna array is sampled M times at {t,,}, m=1,..., M,
forming M snapshots, and that the following conditions hold regarding the signals and

the noise:

A.1 The signal is identical for all snapshots.

27
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A.2 The directions-of-arrival and the differential-delays of the multipath reflections

are identical for all the M snapshots.

A.3 The noise samples n; (t,, +¢D); £ =0,...,.N—1;, m=1,...,M; i =1,...,p
2

are i.i.d. Gaussian random variables with zero mean and unknown variance o~.

A.1 is valid for most modern wireless communication systems, such as Wi-Fi, since
these communication systems have a repeatable signal part for synchronization and
channel estimation purposes. Consequently, we can confine the sampling times to this
repeatable signal part using the synchronization capabilities of the receiver. A.2 is
valid provided that the M snapshots are sampled in a close vicinity of each other and
consequently capture the same physical environment, i.e., the same directions-of-arrival

and differential-delays.

Following [69, 73], and using complex envelope representation, the ¢-th sample of the

i-th sensor can be expressed as

S}

i (L4 £D) ="y () a; (6k) s (t + LD — 1) e 7T oy (£ 44D)  (3.1)

k=1
where
s(t) is the complex envelope of the signal,
Tk is the delay of the k-th reflection relative to the reference,

7; (0x) is the delay between the i-th sensor and the reference sensor of the k-th
reflection,

a; (0) is the amplitude response of the i-th sensor to a wavefront impinging from
direction 6y,

vk (t)  is the complex coefficient representing the phase shift and attenuation of
the k-th reflection,

n; (t)  is the additive noise at the i-th sensor.

It should be pointed out that our formulation assumes that (i) vk (¢) is fixed during a
snapshot, and (ii) v (¢) may vary from snapshot to snapshot. (i) is a valid assumption
since the time it takes for an indoor channel to change significantly is of the order of
milliseconds [80, 81], whereas the sampling duration of a snapshot D (N — 1) is of the
order of microseconds. (ii) is a valid assumption since the time between the snapshots
is of the order of milliseconds, and hence slight emitter movement or channel variations

may change from snapshot to snapshot.



Chapter 3. Single-Site Emitter Localization via Multipath Fingerprinting 29

Using vector notation, we can rewrite (3.1) as follows
zi(t)=Aiy(t) +ni(t),i=1,...,p (3.2)
where x; (t) and n; (t) are the N x 1 vectors

@i (t) = [z; (t), 2;(t+ D), ..., z; (t+ (N —1)D)" (3.3)

ni(t)=[n;(t), ni(t+D), ..., ni(t+(N—=1)D)]" (3.4)

~ (t) is the g x 1 vector

and A; is the N X ¢ matrix
A; = la; (01) e 7% Os (b — ), L. ai (0,) e 790D s (1 — 1) (3.6)
with s (¢ — 7;) being the N x 1 vector

s(t—r)=[stt—m7), ... ,s(t+(N—-1)D—7)]" (3.7)

Combining the x; (t) vectors (i = 1,...,p) into the pN x 1 “snapshot” vector x (t),

we can rewrite (3.2) as

z(t) = A~ (t) + 1 (1) (3.8)

where x (t) and n (t) are the pN x 1 vectors

z(t) =[xl (1), ... .xl (1) (3.9)
n(t)=[nT (), ... ,nl @] (3.10)

and A is the pN x ¢ matrix
A=[a)@s(t—7), ... ,a(0)@s(t—1,)] (3.11)

with ® denoting the Kronecker product, and a (6) is the steering vector of the array

towards direction 60, given by

T
a(0) = [al (0y,) e 7w Or) ap (0y,) e 7weTe (Ok) (3.12)

We shall refer to the columns of matrix A as the direction-delay vectors and to the

span of the columns of the matrix A as the spatial-temporal signal subspace. Note that
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the matrix A captures all the direction-of-arrival and the differential-delay information

of the multipath reflections.

As will become clear in the sequel, this spatial-temporal signal subspace will be the

basis for our location fingerprint.

3.2 Conditions for Unique Localization

In this section, we present necessary and sufficient conditions that guarantee unique

localization.
The following conditions, characterizing the array and the propagation environment,

are assumed for the analysis:

B.1 Any pN distinct direction-delay vectors are linearly independent.

B.2 The number of reflections is smaller than the length of direction-delay vectors,

namely ¢ < pN.
We should point out that these conditions are mild and are obeyed in most practical
cases.

Following (3.8) and ignoring the noise, since the noise is decoupled from the uniqueness
problem by its nature, the M snapshots of the vector x (t) taken at ¢1,...,t) can be
expressed as

X=A0,7)T (3.13)

where X is the pN x M matrix
X=[zt), ...,z (tm)] (3.14)
T is the ¢ x M matrix of the reflections’ coefficients

I'= [’7 (t1)7 7’7(tM)] (315)

and A(6,7) = A is the pN X ¢ matrix defined in (3.11), with 8 = {6y,...,6,} and
T = {71,..., 74} denoting the directions-of-arrival and differential-delays of emitter re-

flections. Note that 8 and 7 are the only parameters characterizing the emitter location.

Our objective is to specify necessary and sufficient conditions under which the solution

(0, 7,T') of the set of equations (3.13) is unique for every batch X. To this end, let n
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denote the rank of the ¢ x M matrix I'

n = rank (T') = rank (TT*) (3.16)

Following [71, 76], we can state the following:
An array satisfying conditions B.1-B.2 can uniquely localize sources having ¢ reflections
if
pN +1n

2

q< (3.17)

The line of proof is analogous to [71, 76] and is based on establishing that if (3.17)

holds true then for every X we have
X=A07T+#A(¢, 7)1 (3.18)

for any (0’ T ) # (0, 7) and any set of I''. Namely, that the set of directions-of-arrival
and differential-delays uniquely specifies the obtained data X.

Two special cases are of the particular interest. The first case is n = ¢ , occurring when
the multipath coefficients are uncorrelated. In this case, the necessary and sufficient
condition for unique localization (3.17) is ¢ < pN. By B.2, this implies that uniqueness
is always assured in this case. The second case is n = 1, occurring either when the
multipath coefficients are fully correlated or in case when M = 1. In this case, the

necessary and sufficient condition for unique localization is ¢ < (pN + 1) /2.

These results show that the higher is the size pN of the spatial-temporal covariance
matrix, and the higher is the rank n of the multipath coefficients matrix I, the higher

is the number ¢ of multipath reflections the array can uniquely localize.

3.3 The ML Spatial-Temporal Similarity Metric

To derive a similarity-metric for the fingerprint matching, we resort to the estimation of

the matrix A using the Maximum Likelihood (ML) criterion.

To this end, we assume that the complex attenuations v (¢) are unknown deterministic
quantities that need to be estimated in conjunction with the spatial-temporal matrix A.

Assuming that the received vector x(t) is sampled at times t1,..., ¢y, yielding M i.i.d
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snapshots by A.3, the conditional p.d.f. of the sampled data is given by

M
1 1
2y
p(x(ty),.... 2 (ty) |A Tyo?) _glw.exp<—(ﬂ“w(t H )
(3.19)
The ML estimator (MLE), following [74], is given by

~

M
N 1 2
{&2, A, I‘} = arg max {—MpN log 0% — — g Hw (tm) — Ay (tm)H } (3.20)
g m=1

02, AT

After straightforward derivation and elimination of constant terms, we get

M 2
[A, f‘] = arir?in Z Hx (tm) — Ay (tm)H (3.21)
> m=1

Minimization now with respect to I', yields
Y (tn) = (AT A) " ATz (1) (3.22)

where H denotes the Hermitian conjugate.

Substituting (3.22) back into (3.21), yields

R M 2 M 2
A = argmin Z Hm (tm) — Pax (tm)H = arg max Z HPACC (tm)H (3.23)
A m=1 A m=1

where P4 is the projection operator onto the space spanned by the columns of the

matrix A.

Py=A(A"A) AT (3.24)
It can be easily verified that (3.23) can also be written as

A = argmaxTr {PAR} (3.25)
A

where Tr {-} is the trace operator, and R is the sample-covariance matrix

(3.26)

HME

It follows from (3.23) that the ML estimator of the spatial-temporal matrix A is obtained
by searching for the spatial-temporal signal subspace projection matrix P 4 that is closest
to the sampled vectors {x (t,,)}, m = 1,..., M, with the “closeness” measured by the

modulus of the projection of the vectors onto this subspace.
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3.4 Signal Subspace Based Localization

According to the ML criterion (3.25), the localization is carried out by searching in the
database for the location ¢ that maximizes the following expression

i = argmax Tr {PlR} (3.27)
{Pi}

where R is the sample-covariance matrix (3.26) and P; is the projection operator onto

the signal subspace corresponding to the i-th location.

3.4.1 The Generation of the Fingerprint Database

The fingerprint database is composed of the sample-covariance and projection matrices

{Ri, Pi} of all the locations and is pre-computed in the off-line phase.

The sample-covariance matrix R, is computed from L snapshots of the received vector
x (t), collected in the close vicinity of location i. In the close vicinity of a point the
directions-of-arrival and the differential-delays of the multipath reflections are essentially
the same. In contrast, the coefficients vector «(¢) varies from location to location and
may vary from snapshot to snapshot. The spatial averaging in the close vicinity of a point
therefore ensures that the matrix I' becomes full rank and hence that the full dimension
of the signal subspace is captured. The spatial averaging also helps in providing a more

comprehensive and robust characterization of the multipath reflections.

The expected value of R;, omitting the index i for clarity of the presentation, is given
by
R=E[zt)z" (t)]] = AZA" +5°I (3.28)

where

S =E[y{#t)y" (t)] (3.29)

Recalling B.2 and assuming that the ¢ x ¢ matrix ¥ has full rank, which is a
valid assumption provided that the L snapshots are collected as described above, it
can be easily verified [66, 72] that the eigenvalues and eigenvectors of R , denoted by
{M > A2 > > AN} and {v1,v2,...,v,N}, respectively, have the following important

property:
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The subspace spanned by the eigenvectors V; = {vy,v2,...,v,} is identical to the

subspace spanned by the columns of the matrix A, i.e. span (V) = span (A).

Based on this identity, the estimation of the projection matrix P; of the i-th location

is carried out as follows:

1) Calculate the sample-covariance matrix R; of location i by
- 1
Ri=—) )z (1) (3.30)

2) Perform an eigenvalue decomposition of R;.
3) Estimate the signal subspace dimension g.

4) Select the first ¢ eigenvectors of R, corresponding to the signal subspace:

Vq = {Ul,’vg, . ,’vq}.

5) Estimate the projection matrix by P, = Vi (VgIVq)flVg.

3.4.2 Signal Subspace Dimension Estimation

The estimation of the signal subspace dimension is a well-known problem in array pro-

cessing and numerous techniques have been developed to solve it [66, 72, 75].

The problem at hand, however, is different than the classical problem addressed in the
literature. Here we are targeting a rich multipath environment, such as in indoor venues
and shopping malls, where the number of reflections is usually very large, and want to
ensure that the subspace dimension captures only the more dominant reflections in the
environment and not the numerous low energy reflections. These low energy reflections
may not be stable enough in real life scenarios because of movement of people and
changing environment. To illustrate this point, refer to Figure 3.1, where a typical
multipath, characterizing the indoor environment shown in Figure 3.2, is presented.
The multipath signals originate from the location denoted by the green dot, (z;,y;) =
(34,66), and captured by an antenna array at the orange dot. Figure 3.1 shows the two-
dimensional plot of the power of the multipath signals, parameterized by the angle-of-
arrival and time-of-arrival. Note the large number of reflections and their high dynamic
range, and especially the large number of low energy reflections that are close to the

noise floor.
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FiGUrE 3.1: The spatial-temporal power profile of the multipath reflections corre-
sponding to the location of green dot, (z;,y;) = (34,66)m , in
Figure 3.2.
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FIGURE 3.2: The simulation environment.
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F1GURE 3.3: A typical eigenvalue profile of the signal covariance matrix.

A typical profile of the eigenvalues of the covariance matrix is shown in Figure 3.3.
The small eigenvalues typically capture the low energy multipath reflections that should,
as explained above, be excluded from the subspace formation. Based on this observation,
we have disqualified the classical technique based on information theoretic criteria [70]
that is sensitive to low energy signals, and selected a more robust technique that captures
only the dominant reflections. Specifically, the signal subspace dimension § is estimated
by the number of large eigenvalues that capture, say, 90% of the signal energy

Q
> Ai

i=1

Gg= | minQ, s.t. >a| Q=12 ...,pN (3.31)

pN -
> A
=1

where {A\; > X2 >--- > A\,n} and 0 < a < 1 is a parameter set, say, to 0.9.

3.4.3 The Similarity-Profile Matching Criterion

As described above, the localization can be carried out by searching for the index
that maximizes the ML criterion (3.27). Yet, due to ambiguity inherent in the physical
environment, some locations may have similar spatial-temporal fingerprints, and as a
result give rise to a certain level of ambiguity error. To address this problem we next

introduce a matching technique that better copes with these ambiguities.

To this end, following [4], we introduce the notion of similarity-profile (SP). The SP

of the i-th location f; captures the similarity of the received data at the i-th location
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to the fingerprints in the database and is defined by

fi=Ifia, -, fix] (3.32)

where K is the number of locations in the database and f;; is the similarity between the

data captured in the i-th location to the fingerprint of the j-th location
fig=1Tr {ijii} (3.33)

with
R; = Ri/Tr {R@-} (3.34)

Notice that the covariance matrices {RZ} have been normalized to eliminate dependence
on the power of the received signals. This is done to cope with potential power change

of the source between the off-line and on-line phases.

The motivation for the SP matching is based on the observation that both similar and
dissimilar fingerprints provide useful identification information on the query fingerprint.
Consequently, it is beneficial to employ the whole similarity vector f; as the i-th location

identifier.

To better illustrate this point, we refer to Figure 3.4 showing the SP belonging to the
green dot, (z,y) = (34,66) m , in Figure 3.2. The SP vector (3.32) is presented as a two-
dimensional plot, with color coding representing the level of similarity f;; (3.33) between
the i-th point and all the other points in the data-base. Note that this plot peaks at
(z,y) = (34,66) m , as expected, but also at another point (x,y) = (33, 10) m, reflecting
a potential ambiguity point. To cope better with such potential ambiguities, we propose
to use the whole similarity profile, with its peaks and valleys, as the fingerprint of the

i-th location.

Using the SP notion we can represent the database, constructed during the off-line

phase, by the similarity-matrix F' , given by

I

F = f_2 (3.35)

Fr |

According to the SP criterion the localization is carried out by searching over the
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FiGURE 3.4: The similarity profile corresponding to the location of the green dot,
(x,y) = (34,66) m , in Figure 3.2.

database F' for the SP that best matches the query SP obtained from the received
signals. That is,

1 = argmin
{location i}

fi- 7 (3.36)

where } is the query SP obtained from the received signals,

f=[h . gx|=[rr{PR}, ... T {PkR}] (3.37)

with
R= R/Tr {fz} (3.38)

Note that projection matrices { P;} and the similarity-matrix F' are calculated during
the off-line phase, whereas } is calculated in the on-line phase from the sample-covariance

matrix R.

In the typical case, wherein K > (pN)? , the computational load of (3.36) can be

significantly reduced by leveraging the properties of the Lo norm. Indeed, following
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[28] and using the well-known vec(-) operator, which forms a column vector from the

columns of a matrix by stacking them one under the other, we can write

|£:- }Hz = |P@i-7) Hz = (7 —7)" PP (7 —7) (3.39)

where
(7 = 7) = (veo(Bs) — vee(R)) (3.40)
P = [vec(Pl). ... .vee(PE)] (3.41)

Assuming P? P has a full rank and denoting by G be the Cholesky factor of P P,
ie.,

pip—-gagH? (3.42)

we can rewrite (3.36) as

G (77| (3.43)

1 = argmin
2

{location i}

Now, since G is a (pN)2 X (pN)2 matrix, as compared to P which is K X (pN)Q,
(3.43) provides significant computational saving compared to (3.36). Indeed, in a typical
scenario, with p = 6, N = 4 and K = 10,000, this technique provides more than an

order of magnitude savings in both the computational load and storage.

Note also that since G and {f‘l} are pre-computed in the off-line phase, the on-line
computation is rather mild and involves essentially only multiplication of G with 7,
the (pN )2 vector of the elements of the sample-covariance matrix ﬁ, and a search over
the data-base for the minimum of the Lo norm (3.43). We would like to point out
that the computational load involved in the search over the database can be signifi-
cantly reduced, by organizing the search in a tree-structured manner and leveraging the

triangular inequality the Lo norm obeys, as in [28].

3.5 Channel Impulse Response Based Localization

In this section we show that our method is applicable also to localization using the array

channel impulse response (CIR).

In modern communication systems the CIR is usually obtained by exploiting a known

signal, referred to as training signal, specifically included in the transmitted signal for
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this purpose. The CIR is obtained by de-convolution of the received signal with this

training signal.

It follows from the problem formulation presented in Section 3.1 that the ¢-th sample of
the estimated CIR corresponding to the i-th sensor and m-th snapshot can be expressed

by

[}

hi (tm 4+ €D) =Y Y (tm) ai (O) g (tm + D — 7,) € 90 4y (¢, + (D) (3.44)
k=1

where ¢(t) is the convolution of the transmit and receive filters and n;(t + ¢D), ¢ =
0,...,N — 1 are samples of the CIR estimation noise. We assume that the estimation

noise conforms to the assumption A.3.

Note that expression (3.1) and (3.44) are essentially identical, differing only in the
signal part. Yet, since g(t) is repeatable from snapshot to snapshot, A.1-A.2 apply here

as well.

Stacking the estimated CIR samples in a vector form analogously to (3.9), we get

~

h(t) = Ay () +n (t) (3.45)

Since this expression is identical to our problem formulation (3.8), we can straightfor-
wardly apply our localization method to the sample-covariance of the array CIR, given

by

o Mﬁt e 3.46
= 37 2 b ) 1) (3.46)

Note that our localization method differs from the PDP methods in two aspects.
First, its fingerprint is based on the signal subspace spanned by the dominant reflections.

Second, its matching algorithm is based on the SP criterion.

The advantage of using the CIR for localization, as compared to using the received
signals with a repeatable part, is the indifference of the localization algorithm to different
repeatable parts (training signals). Yet, its computational load, in both the off-line and
on-line phases, is higher because of the extra de-convolution step required to obtain the

CIR estimates.
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3.6 Simulation Results

In this section we present simulation results illustrating the performance of the proposed

localization algorithm.

To simulate a typical indoor propagation environment we used the 80m x 80m x 5m
shopping mall shown in Figure 3.2. The malls walls were constructed from typical
materials having typical reflection and penetration coefficients. To simulate the electro-
magnetic propagation we used a 3D ray tracing radio wave propagation simulator. The
system parameters receiver sensitivity, transmit power and antenna gains - have been
set to those typically available in off-the-shelf Wi-Fi equipment. The orange point in
the center of the mall denotes the location of the antenna array. The array was a uni-
form circular array, with a diameter of 25 cm, having p = 6 omni-directional antennas.
To generate the data, emitters were distributed uniformly in the mall area with 0.1m
separation. A sample of the emitter locations is shown in Figure 3.2 by the blue points
grid. The antenna array and the emitters were placed at a height of 2.5m and 1.5m,

respectively.

The database was built as a rectangular grid with 1m separation. The test points
were selected by random shifts, in both axes, from the database points. That is, random
shifts, Az; and Ay;, were generated independently for each database point i according
to a uniform distribution U[—1/2,1/2]m. This was done in order to simulate a more
realistic situation wherein the test points and the database points do not coincide. The
sample-covariance matrices of the database and test point were constructed from L and
M snapshots, respectively, captured in a close vicinity of the database/test point. The

snapshots used for the database and for the test points were different.

The signal used in the simulations was the Long Training Field (LTF) of the preamble
of the 802.11a/g/n Wi-Fi packet [82], which is present in each transmitted packet and
is used for channel estimation, accurate frequency offset estimation and time synchro-

nization.

The signal-to-noise ratio (SNR) varied from 0 to 60dB according to the path loss from
the base station to the emitter location and was the same in the database generation
and in the tests. The eigenvalue threshold « for subspace dimension estimation (3.31)

was selected to be 0.9 in all simulations.

The localization performance was evaluated by computing the cumulative distribution
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function (CDF) of the position location errors, with the position location error defined
by the Euclidean distance between the location of the test point and the location of the

most likely database grid point selected by the localization algorithm.

3.6.1 Simulation Scenario 1

In this simulation we present the achievable localization accuracy using the ML (3.27)
and the SP (3.43) matching criteria, with a varying number of antennas. The number
of samples (taps) per antenna was N = 8 and the signal bandwidth (BW) was 20MHz,
while the number of signal snapshots used for each database and test location were
L =60 and M = 55, respectively. To vary the number of antennas we used 3 and 1 out

of the 6 antennas of the array.

CDF of position location error
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F1GURE 3.5: Performance of the SP and ML techniques for different number of anten-
nas. The number of taps was N = 8, the BW=20MHz and the number
of snapshots for the database and tests were L = 60 and M = 55, respec-
tively.

As seen in Figure 3.5, the accuracy difference between the SP and the ML criteria

is considerable, especially in more challenging scenarios wherein the level of ambiguity
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increases, namely when the number of antennas is reduced from 6 to 3 and from 3 to 1.
Since this advantage of the SP criterion was persistent in all the simulations, we have
decided to omit the results of the ML criterion and concentrate on the SP in the sequel

for clarity of the presentation.

Note also that though there is only marginal accuracy degradation when going from
6 antennas to 3, it is much more significant when going from 3 antennas to 1. This
clearly demonstrates the crucial contribution of the spatial dimension in enabling high

accuracy, especially at relatively law bandwidth of 20MHz.

3.6.2 Simulation Scenario 2

In this simulation we present the distribution of signal subspace dimension over the mall
area as a function of the number of taps N. The number of antennas was p = 6, the

BW=20MHz, and the number of database snapshots L = 60.
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O 7 7 7 T
S s
o dtaps

SO 2
2 A O -
S | | I | | | | | | |
28 30 TR e R G R - - e R s ===
< | | | IS | | | | | |
3] | N T | | | | | |
< : o 3 : : : : : : :
5 DR T
= 20 T T T
Y e
T A e e e e
b N
V2R I L T N
L =& | | | &4 X k ) = o
0% : ‘ ‘ ‘ - & < ! e——=g
O 1 2 3 4 5 6 7 8 9 10 11 12

Subspace dimension

FI1GURE 3.6: Signal subspace dimension distribution for different number of taps. The
number of antennas was p = 6, the signal BW=20MHz, and the number
of database snapshots L = 60.
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As seen in Figure 3.6, the signal subspace dimension rises with the increase of the di-
mension pN of the snapshot vector but typically stays below 9, even when the dimension

of the snapshot vector rises to 24 (for N = 4) and 48 (for N = 8).

3.6.3 Simulation Scenario 3

In this simulation we present the influence of the number of snapshots, L and M, on
the localization accuracy. The signal bandwidth was 20MHz and the number of taps
N = 8. In the first case (Figure 3.7), the number of antennas was p = 6 and the number
of database snapshots L = 60, while the number of test point snapshots varied. In the
second case (Figure 3.8), the number of antennas was p = 3 and the number of test

point snapshots M = 25, while the number of database snapshots varied.
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FIGURE 3.7: Performance of the SP criterion for different number of test point snap-
shots. The number of antennas was p = 6, the BW=20MHz, the number
of taps IV = 8, and the number of database snapshots L = 60.

As seen in Figure 3.7 and Figure 3.8, the higher the number of test point/database
snapshots the higher is the accuracy. This can be attributed to the fact that the higher

number of snapshots provides better covariance matrix estimation and consequently
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F1GURE 3.8: Performance of the SP criterion for different number of database snap-
shots. The number of antennas was p = 3, the BW=20MHz, the number
of taps N = 8, and the number of test point snapshots M = 25.

better signal subspace estimation. Yet, beyond some number of snapshots, about 25-30,
the improvement in accuracy is marginal. The fact that 25-30 snapshots are sufficient to
fully characterize the signal subspace can be explained by the relatively low dimension of
this subspace, as discussed above and shown in Figure 3.6. Since in practical applications
the typical snapshot interval is of the order of milliseconds, this implies that the time
necessary for localization is of the order of 100 milliseconds, which is definitely acceptable

for most applications.

3.6.4 Simulation Scenario 4

In this simulation we present the influence of number of taps on the localization accuracy
for a 6-antenna array and bandwidths of 20MHz and 80MHz. The number of database

and test point snapshots was L = 60 and M = 25, respectively.
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F1GURE 3.9: Performance of the SP criterion for different number of taps. The number
of antennas was p = 6, the BW=20MHz, and the number of database and
test point snapshots was L = 60 and M = 25, respectively.

As seen in Figure 3.9 and Figure 3.10, the higher is the number of taps the better is
the accuracy. This can be attributed to the fact that the higher number of taps allows
capturing longer-delay reflections and as a result to provide a more robust fingerprint
with lower ambiguity. The improvement in accuracy for 20MHz occurs at lower number
of taps than that for 80MHz since the sampling time for the 20MHz and 80MHz are
50ns and 12.5ns, respectively, implying that for a higher bandwidth a larger number of
taps is required to capture the multipath delay spread.

Note also that in the case of a single tap there is a significant degradation in accuracy
as well as much higher ambiguity level, reflected by the higher error in upper percentile
of the CDF graph. This highlights the inability of spatial-only fingerprint to provide

enough location distinction.
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F1GURE 3.10: Performance of the SP criterion for different number of taps. The number
of antennas was p = 6, the BW=80MHz, and the number of database
and test point snapshots was L = 60 and M = 25, respectively.

3.6.5 Simulation Scenario 5

In this simulation we present the achievable accuracy for a 3-antenna array using different
signal bandwidths, 20MHz, 40MHz, and 80MHz. The number of taps was N = 8, while

the number of database and test point snapshots were L = 60 and M = 10, respectively.

As seen in Figure 3.11, the achievable accuracy improves as the bandwidth increases.
Note that the effect of the larger bandwidth is more noticeable here, as compared to
that between Figure 3.9 and Figure 3.10, since here the scenario is more challenging - a

smaller number of antennas and test point snapshots.

3.6.6 Simulation Scenario 6

In this simulation we present the achievable accuracy in the case of p = 1 antenna using
different signal bandwidths, 20MHz, 40MHz, and 80MHz. The simulation parameters

were identical to those of scenario 1 except that here number of taps was N = 32.
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F1GURE 3.11: Performance of the SP criterion for different BWs. The number of
antennas was p = 3, the number of taps N = 8, and the number of
database and test point snapshots was L = 60 and M = 10, respectively.

As can be seen in Figure 3.12, there is a large improvement in accuracy as the band-
width increases, demonstrating the importance of the improved time resolution resulting

from the increased bandwidth in the case of single antenna.

Note also that the ambiguity level, reflected by the higher error in upper percentile
of the CDF graph, is considerably higher than in the case of 6 and 3 antennas presented
in Figure 3.5. This high level of ambiguity highlights the inability of temporal-only

fingerprint to provide enough location distinction.

3.7 Real Data Results

In this section we present experimental results illustrating the performance of the pro-

posed localization algorithm with real data.

The experiment was conducted at the 33m x 33m x 5bm office floor shown in Figure

3.13. The BS was an 802.11g Wi-Fi access point (AP) having a uniform circular array,



Chapter 3. Single-Site Emitter Localization via Multipath Fingerprinting 49

CDF of position location error

100

Percent of locations (%)

Error (m)

FIGURE 3.12: Performance of the SP criterion for different BWs. The number of
antennas was p = 1, the number of taps NV = 32, and the number of
database and test point snapshots was L = 60 and M = 25, respectively.

with a diameter of 25cm and p = 6 omni-directional antennas. The antenna array was
located at the red dot. The emitter was a laptop communicating with the BS over Wi-Fi.
The antenna array and the emitter were placed at a height of 3m and 1.5m, respectively.
The green square points, separated by 0.5m, denote locations of database points. The
database covariance matrices were built by spatial averaging of the captured data in the
vicinity of these points. The test point locations were selected by random shifts from

the database points, in a similar way to the simulations.

To enable performance comparison with simulated data in both the experiment and
simulation we used p = 6 antennas, BW of 20MHz, N = 8 taps, and L = 30 for
the database and M = 25 for the test points. The eigenvalue threshold « for subspace
dimension estimation (3.31) was selected to be 0.9. The signal used was the long training

field (LTF) of the preamble of the 802.11g Wi-Fi packet [82] with BW=20MHz.

As seen in Figure 3.14, the accuracy achieved with real data is about 1m and closely

matches that obtained with the simulated data. This clearly validates the proposed
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FI1GURE 3.13: The office floor wherein the real data experiment was conducted.
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F1GURE 3.14: Performance of the SP criterion for real data compared to that of sim-
ulated data. In both we used p = 6 antennas, 20MHz BW, N = 8 taps,
and the number of database and test point snapshots was L = 30 and
M = 25 respectively.

method and the simulation results.

3.8 Discussion

In this section, we discuss several aspects affecting the localization accuracy.

It should be clear from the simulations that given a rich multipath environment, the
localization accuracy is a function of many system parameters including the antenna
array size, the number of antenna elements, the BW of the signal, the number of taps,
the number of snapshots used for the database grid and the number of snapshots used
for the test points. As seen in the simulations, these system parameters can be traded,

up to a degree, to compensate for each other.

The localization accuracy can be improved by either using some sort of interpola-

tion between the database grid points or by using a finer grid. Yet, the improvement
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in accuracy has its limit, dictated by the system parameters and by the noise level

characterizing the environment and the database generation.

The accuracy is affected also by the value of the parameter a used for the subspace
dimension estimation. The higher is a the higher is the estimated dimension and hence
the richness of the fingerprint. We have found that varying « in the range 0.8-0.9 has
mild effect on the accuracy and that 0.9 presents overall the best performance, serving
as a good compromise between the conflicting desires for enriching the fingerprint, on

the one hand, and for robustness of the fingerprint, on the other hand.

Last, but not least, it should be clear that in case an area is covered by more than one
base station, using all the information from the overlapping base stations should improve
the localization accuracy. Naturally, there are several ways to exploit the overlapping

coverage, with varying level of computational load and accuracy.

3.9 Summary

We have presented a novel method enabling single-site localization based on a spatial-
temporal fingerprint of the multipath reflections. This spatial-temporal fingerprint is
based on a lower dimensional subspace of the spatial-temporal covariance matrix - re-
ferred to as the signal subspace - capturing the directions-of-arrival and the differential-
delays of the dominant multipath reflections. The fingerprint matching is based on the
SP criterion, which outperforms considerably the conventional ML criterion, especially

in challenging scenarios that are prone to ambiguity.

The high level of accuracy of this method, demonstrated by simulations and real data
results, and its mild computational load make it a promising candidate for providing

high quality and ubiquitous localization in indoor environments.



Chapter 4

Localization via Multipath
Fingerprinting: A Frequency
Domain Approach

4.1 Introduction

Most modern communication systems are based on the orthogonal frequency-division
multiplexing (OFDM) modulation technique. In such systems, signal processing and
channel estimation are carried out in the frequency domain. As a result, localization in
the frequency domain is more natural and convenient than the time domain approach
presented in Chapter 3. Furthermore, the repeatable signal part used for synchronization
and channel estimation, and utilized by the time domain localization algorithm, in some
communication systems, like LTE, may depend on system configurations. As a result,
database must include different sets of data for each system configuration. The frequency
domain approach eliminates this problem by using repeatable signal subcarriers — pilots

— defined in the frequency domain.

In this chapter we present a multipath fingerprinting localization technique in the
frequency domain. The fingerprint is based on a lower dimensional signal subspace
which captures both the directions-of-arrival and the differential-delays of the dominant

multipath signals.

53
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4.2 Problem Formulation

Let the complex envelope s(t) of the transmitted signal 3(¢) over a finite interval [t’, ¢’ + T
be approximated by a Fourier series

N/2—1

s(t) ~ Z sy (wq) e7wdt (4.1)

d=—N/2
where sy (wg) are the Fourier coefficients, given by

t'4+T
1 .
S/ (wd) = T / S(t)eijwdtdt (42)

t/
and
2T

Td d=-N/2,... N/2-1 (4.3)

Wqg =
where w_ /s and wy/p_; are the lowest and highest frequencies, respectively, included
in the bandwidth B. For clarity of presentation we assume that the number of Fourier

coefficients N is even. In addition, we assume that N < oo, as the signal s(¢) is band-

limited.

Consider an array composed of p sensors with arbitrary locations and arbitrary direc-
tional characteristics receiving a wideband signal 5(t) , centered at frequency w. = 27 fe,
impinging on the array through ¢ reflections (¢ < p) with time delays 7,...,7, , and

corresponding directions 61, ..., 0.

We assume that the bandwidth of the signal s(t) is small compared to the size of
the antenna array, i.e., that the propagation delays across the array are much smaller
than the inverse bandwidth of the signal, so that the narrow-band array representation
is applicable. This assumption is definitely valid for the bandwidth and antenna array

size in modern communication techniques such as Wi-Fi.
Using complex envelop representation and formulation (4.1), the signal received at
the i-th sensor during the interval [t,,, t,, + T'] can be approximately expressed as

¢ N/2-1

zi (t) = Z Z Vi (tm) aia (O1) st,, (wa) eIwat=mi) g=i(wetwa)Ti(O) 4 . () (4.4)
k=1d=—N/2

where t € [0,7] and
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Tk is the delay of the k-th reflection relative to the reference,

7; (0x) s the delay between the i-th sensor and the reference sensor of the k-th
reflection,

aiq (0x) is the amplitude response of the i-th sensor to a wavefront impinging from
direction 6;, at frequency w. + wy,

i (t) is the complex coefficient representing the phase shift and attenuation of
the k-th reflection,

n; (t) is the additive noise at the i-th sensor.

It should be pointed out that in formulation (4.4) the delays of the multipath reflec-
tions were transformed to phase shifts. Rigorously, it is correct only for periodic signals,
when signal delay is equivalent to a cyclic shift in time. Yet, it is a good approximation
in case when the signal observation time 7' is much longer than the delay spread of
multipath reflections 7 < T. In many OFDM based communication techniques each
transmitted symbol is prepended by the cyclic prefix consisting from the last part of the
symbol. If the cyclic prefix is longer than the channel delay-spread, then a signal delay
is equivalent to a cyclic time shift, which is transformed to a phase shift in the frequency

domain [83].

In addition, our formulation assumes that (i) v(t) is fixed during a snapshot, and (ii)
~k(t) may vary from snapshot to snapshot. (i) is a valid assumption since the time it
takes for an indoor channel to change significantly is of the order of milliseconds [80, 81],
whereas the sampling duration of a snapshot T is of the order of microseconds. (ii) is a
valid assumption since the time between the snapshots is of the order of milliseconds, and
hence slight emitter movement or channel variations may change v (t) from snapshot to

snapshot.

The signal received by the array can be expressed by

q N/2-1

z(t) =Y > Yk (tm)aq(Or) se,, (wa) ™) +n(t) (4.5)

k=1d=—N/2

where (t) and n(t) are the p x 1 vectors

@ (t) = [z (t),...,z, ()] (4.6)

n(t)=1[n@),...,n, (0] (4.7)
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and aq(0y) is the steering vector of the array towards direction 6y at frequency w. + wq,

given by
. . T
aq (0y) = [am (Op) eI eteaniOn) g 1 (8,) eI (@etwa)o(Oh) (4.8)
The outputs of the antenna array are sampled simultaneously at N times, with an

interval of T'/N seconds, i.e., each sensor is sampled at times (t,,+¢1/N), £ =10,...,N—

1. We refer to the collection of these p/N samples as a “snapshot”, given by

X (tm) = [@1,, 0], @1, [1], ... @, [N = 1]] (4.9)
where
q N/2-1
- 27
2, (0= 3" % (tm) ag (k) s, (wa) eI 4y 1] (4.10)
k=1d=—N/2
We assume that the antenna array is sampled M times at {t,,}, m = 1,..., M,

forming M snapshots, and that the signals and the noise conform to the assumptions
A.1-A.3 (defined in Chapter 3). Following the assumption A.1 that the transmitted
signal s(t) is identical for all snapshots, hereafter we omit the time dependence of the

Fourier coefficients s¢(wq).

4.3 The ML Spatial-Temporal Similarity Metric in Fre-

quency Domain

To derive a similarity-metric for the fingerprint matching, we resort to the estimation of

the (g, 1) using the Maximum Likelihood (ML) criterion.

To this end, we assume that the complex attenuations 7 (t¢,,) are unknown deter-
ministic quantities that need to be estimated in conjunction with (6, 7x), whereas the

transmitted signal s(¢) is identical for all snapshots.

Assuming that the received vector x(t) is sampled at t1,...,tys, yielding M ii.d.

snapshots by A.3, the conditional p.d.f. of the sampled data is given by

p(X (t1),..., X (ta) ‘0,7‘,1—‘,0‘ H H m Xp( QHZtm H ) (4.11)
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where @ = {61,...,0,} and 7 = {71,..., 7} and T is the ¢ x M matrix

L= [y(t1), .,y (ta)] (4.12)
where ~(t) is the ¢ x 1 vector
T
Y =), 7% )] (4.13)
and zy,, [E] is the p x 1 vector
q N/2-1
. - 27
2 =2, [ =3 S k() aa (0) s (wa) e T ¥4 (4.14)
k=1d=—N/2

The ML estimator (MLE), following [73], is given by
M N-—
[0,%,1",&2} = argmax { —MNplogo? — — Z Z Hztm (4.15)
6,7,T 02 m=1 (—0
After straightforward derivation and elimination of constant terms, we get
M N-1
[0 F} rgmm{z Z Hztm H } (4.16)
078 \m=1 1=0

Using the well-known Parseval identity for the discrete Fourier transform (DFT)

N-1 1 N-1 ) 1 N/2-1 )
= 14 lzelwal =5 > lzelwd] (4.17)
=0 N = d=—N/2
we can rewrite (4.16) as
M NJ/2-1
[é, ",f‘} = argmm Z Z Hztm Wq H (4.18)
om.T m=1d=—N/2

where {ztm [wd]} is the DFT of the {ztm [E]}, given by

2zt [wa) = @4, [wa] — Y Yk (tm) @q (Ok) Ns (wq) e 720 (4.19)

B
Il &
—

and {@,, [wq]} is the DFT of the {@, [(]}.

According to the well-known Discrete Fourier Transform (DFT) representation, the
Fourier series coefficients of a periodic bandlimited signal s(¢) are given by the DFT of
one period of the samples of s(t), divided by N, where N is the DFT length. Hence,
the {Ns(wq)} in (4.19) is the DFT of the {s[(]}, ¢ = 0,...,N — 1 , samples of the
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transmitted signal s(t).

Substituting (4.19) back into (4.18), yields

M Nj2-1 q 2
[é, A,f‘} = arg min Z Z x4, [wdl Z'yk (tm) aq (0) Ns (wg) e I«
6.7 | m=1d=—nN/2 k=1
(4:20)
Using matrix notation, we can rewrite it as
M N/2-1 9
[é 7 f‘} = arg min Z Z H:ctm wa| — A(wd)'y(tm)H (4.21)
6,7, m=1d=—N/2
where A(wy) is the p x ¢ matrix
A (wq) = Ns(wa) [aq (61) eI ag (0,) e_j‘“”‘l] (4.22)

We can rewrite (4.21) more compactly as

[é, f‘] = arggmln { Z H:ctm — A~ (t H } (4.23)
m=1

, 7,

where A is the pN X ¢ matrix

A= [ .,A(WN/Q_l)T}T (4.24)

and x,, is the p/N x 1 vector referred as the frequency domain snapshot
T e
L, = [wtm [W—N/Q] 3oy Loy [WN/z—l] } (4.25)
Minimization of (4.23) with respect to I', yields
Y (t) = (AT A) " Af g, (4.26)

Substituting (4.26) back into (4.23), yields

[éﬁ-} = rgmm{z H:ctm — PAmth } = argmax{z HPASBth } (4.27)
0,1

o.r m=1 m=1

where P4 is the projection operator onto the space spanned by the columns of the

matrix A

Pa— A(A7A) " AH (4.28)
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It can be easily verified that (4.27) can also be written as

[é, 'f'] = argemax Tr {PAﬂ} (4.29)

where T'r{-} is the trace operator, and R is the sample covariance matrix
| M
R= > @y, xf (4.30)
m=1

It should be pointed out that if w. > wy and the sensor amplitude response {aid(ﬁk)},
i =1,...,pis constant over the signal bandwidth (BW), the matrix A has a Khatry-Rao

structure and may be written as follows
A=[s(n)®a(b),...,s(1) ®a(by)] (4.31)
where a(fy) is the p x 1 vector given by
— o o1 T
a (0p) = |ar (B) €770y (0) e 00| (4.32)

and s(7y) is the N x 1 vector given by

8 (1k) = N[5 (w_ny2) e N2 s (wnjao1) ez (4.33)

Note that the matrix A captures all the direction-of-arrival and the differential-delay
information of the multipath reflections. Similarly to the time domain approach in
Chapter 3, we refer to the span of the columns of the matrix A as the spatial-temporal

signal subspace and use this spatial-temporal signal subspace as the location fingerprint.

4.4 Signal Subspace Based Localization

According to the ML criterion (4.29), the localization is carried out by searching in the
database for the location ¢ that maximizes the following expression

i = arg max Tr {PJ%} (4.34)
{P;}

where R is the sample-covariance matrix (4.30) and P; is the projection operator onto the
signal subspace corresponding to the ¢-th location. Yet, due to ambiguity inherent in the

physical environment, some locations may have similar spatial-temporal fingerprints, and
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as a result give rise to a certain level of ambiguity error. To address this problem we use

the similarity-profile matching criteria (3.36) that better copes with these ambiguities.

The generation of the fingerprint database, the signal subspace estimation and the lo-
calization, including the similarity-profile matching, are performed analogously to Chap-

ter 3 and are summarized in the following subsections 4.4.1-4.4.2.

4.4.1 The Generation of the Fingerprint Database

For each location i € [1, K], where K is the number of locations in the database, perform

the following steps 1-8:

1. Sample the antenna array L times at ti,...,tr, to form L snapshots {X(tl)}
(4.9) that include the same repeatable signal part.

2. Convert each snapshot X (¢;) to the frequency domain using Discrete Fourier

Transform (DFT):

<27rdn

N-1
Ty lwg = Y aylnle VN (4.35)
n=0
3. For each | € [1, L], combine the {xy[w4]}, d = —N/2,...,N/2 — 1 vectors into
the pN x 1 frequency domain snapshot x;, according to (4.25).

4. Calculate the sample-covariance matrix R; of location i by
1L
A H
R, = I ZE_I T, Ty, (4.36)

5. Perform an eigenvalue decomposition of R;.
6. Estimate the signal subspace dimension ¢ according to (3.31).

7. Select the first § eigenvectors of R; corresponding to the signal subspace:

Vq = {’Ul,’vg, e ,'vg}.
. L . 5. v . (vHYy \ vy H
8. Estimate the projection matrix by P; = V (Vq Vq) V.

q

For each location i € [1, K]
9. Calculate the similarity-profile (SP) by

fi= [Tr{plﬁd},TT{pzﬁi}~-7T7“{13Kﬁi}} (4.37)
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with 1:'2, given by
R; = Ri/Tr {RZ} (4.38)

4.4.2 Localization using the similarity-profile matching criterion

1. Sample the antenna array M times at tq,...,tps, to form M snapshots {X(tm)}

(4.9) that include the same repeatable signal part.

2. Convert each snapshot X (t,,) to the frequency domain using Discrete Fourier

Transform (DFT) (4.35).

3. For each m € [1, M], combine the {x,[wa]}, d = —N/2,...,N/2 — 1 vectors

into the pN x 1 frequency domain snapshot x;, according to (4.25).

4. Calculate the sample-covariance matrix R of the received signal by
M
R= > ay,zf! (4.39)

5. Calculate the similarity-profile j? of the received signal by
f=|rr{P\R}, ... Tr{PR}] (4.40)

with El given by
R, = R/Tr {R} (4.41)

6. Following (3.36), search over the database for the SP that best matches the query

SP obtained from the received signals.

4.4.3 Pilot Based Localization

A special and important case of the frequency domain approach is localization based
on pilots - known signals occupying particular subcarriers in the transmitted signal and

used for channel estimation, phase and frequency tracking [82].

The pilot based localization algorithm is similar to the original algorithm with the only
difference that instead of using frequency domain snapshots comprising of all subcarriers,
the processing is confined to the relevant pilot subcarriers. That is, the frequency domain
snapshot x;, (4.25) are confined to only J pilot subcarriers so that the spatial-temporal

signal subspace A (4.24) is based only on the pilot subcarriers.



Chapter 4. Multipath Fingerprinting in a Frequency Domain 62

The advantage of this approach is its applicability to signals that do not include a
repeatable signal part but only repeatable subcarriers (frequency bins). Modern com-
munication systems based on the OFDM modulation technique include known pilots in

each transmitted symbol.

In addition, we can apply the pilot based approach to signals that include a repeatable

part but and use only part of subcarriers of the received signal oy, (4.25).

Exploiting only part of signal subcarriers allows significant reduction in the size
pJ x pJ of the projection P; and the sample-covariance R matrices, and as a result,
reduce the database size and the computational load. Note that proper selection of
the subcarriers, i.e., have them uniformly spread over the signal bandwidth and include
the edge subcarriers, assures full exploitation of the signal bandwidth. The maximal
difference between the subcarriers’ frequencies determines the minimal differential-delay

of the multipath signals that is captured by the signal subspace.

4.5 Conditions for Unique Localization

In this section we present necessary and sufficient conditions that guarantee unique

localization.

Following the problem formulation and the development presented in Sections 4.2 and

4.3 respectively, the m-th frequency domain snapshot is given by
xt,, = AY(tm) + n,, (4.42)

where
n, = [ntm [QLN/Q]T, SRRER L2 [WN/271]T}T (4.43)
and {ny,, [wq]} is the DFT of the {n,, [(]}.
Assuming that the conditions B.1-B.2 are obeyed the problem at hand is identical to

that discussed in the Section 3.2, with X, the pN x M matrix, given by

X = [@y,...,@,,] (4.44)

Therefore, the condition 3.17 for unique localization is applicable as well to the fre-

quency domain approach.
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4.6 Localization Using the Array Channel Frequency Re-

sponse

In this section, we show that our method is applicable also to localization using the

array channel frequency response (CFR).

In modern communication systems the CFR is usually obtained by exploiting a known
signal, referred to as training signal, specifically included in the transmitted signal for
this purpose. Moreover, in systems based on the OFDM modulation technique channel
estimation is usually performed in frequency domain using frequency domain sequence.
The channel estimate for each frequency (subcarrier/frequency bin) is obtained by divi-

sion of the received signal by the corresponding known training symbol.

Following the problem formulation and the development presented in Sections 4.2 and

4.3 respectively, the estimated CFR corresponding to the m-th snapshot is given by

M=

b, [wa] = (tm)aa(O)g(wa)e 0™ + ny, [wq] (4.45)

k=1

where g(wq) is the CFR of the transmit and receive filters and ny,, [wy] is the CFR
2 2
estimation noise, and wy = —Wd = /s

T N
assume that the estimation noise conforms to the assumption A.3.

N
d, and fs = T is the sample frequency. We

Note that expression (4.19) and (4.45) are essentially identical, differing only in the
signal part. Yet, since g(wy) is repeatable from snapshot to snapshot, A.1-A.2 apply

here as well.

Stacking the estimated CFR subcarriers/frequency bins in a vector form analogously
to (4.25), we get
h; = Ay (t) + (4.46)

where A is defined by (4.24).

Since this expression is identical to problem formulation (3.8), we can straightfor-
wardly apply our localization method to the sample-covariance of the array CFR, given
by

A 1 & ~H
C=; > by, by (4.47)

m=

—_

The advantage of using the CFR for localization, as compared to using the received

signals with a repeatable part, is the indifference of the localization algorithm to different
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repeatable parts (training signals).

4.7 Simulation Results

In this section we present simulation results illustrating the performance of the proposed
localization algorithm. The simulation environment and parameters are identical to

those described in Section 3.6.

Similarly to the Section 3.6, we used the Long Training Field (LTF) of the pream-
ble of the 802.11a/g/n Wi-Fi packet [82], which is present in each transmitted packet
and is used for channel estimation, accurate frequency offset estimation and time syn-
chronization. One symbol of the LTF consists of 64, 128 and 256 samples/subcarri-
ers, corresponding to signal bandwidths of 20MHz, 40MHz and 80MHz, respectively
(subcarrier spacing is 312.5kHz). The subcarrier indexes of the 20MHz signal are

-32,-31,...,-1,0,1,...,31, with the populated (nonzero) ones being —26,—25,...,
—2,—1,1,2,...,25,26. The populated subcarriers of the 40MHz signal are —58,...,—2,
2,...,58, while the populated subcarriers of the 8OMHz signal are —122,...,—-2,2,...,

122. In each of the simulation scenarios the used subcarriers were uniformly and max-
imally spread over the signal bandwidth. For example, the indexes of used subcarriers

for BW=20MHz and J = 4 were [-26, -9, 8, 26].

4.7.1 Simulation Scenario 1

In this simulation we present the achievable localization accuracy using the ML (4.34)
and the SP (3.43) matching criteria, with a varying number of antennas. The number
of used subcarriers per antenna was J = 8 and the signal bandwidth (BW) was 20MHz,
while the number of signal snapshots used for each database and test location were
L =60 and M = 55, respectively. To vary the number of antennas we used 3 and 1 out of

the 6 antennas of the array. The indexes of used subcarriers were: £26,+19, +11, —4, 3.

As seen in Figure 4.1, the accuracy difference between the SP and the ML criteria
is considerable, especially in more challenging scenarios wherein the level of ambiguity
increases, namely when the number of antennas is reduced from 6 to 3 and from 3 to 1.

Since this advantage of the SP criterion was persistent in all the simulations, we have
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FI1GURE 4.1: Performance of the SP and ML techniques for different number of anten-
nas. The number of used subcarriers was J = 8, the BW=20MHz and the
number of snapshots for the database and tests were L = 60 and M = 55,
respectively.

decided to omit the results of the ML criterion and concentrate on the SP in the sequel

for clarity of the presentation.

Note also that though there is only marginal accuracy degradation when going from
6 antennas to 3, it is much more significant when going from 3 antennas to 1. This
clearly demonstrates the crucial contribution of the spatial dimension in enabling high

accuracy, especially at relatively law bandwidth of 20MHz.

As seen in Figure 3.5 and Figure 4.1, localization accuracy of time and frequency

domain techniques using the SP criteria is similar.

4.7.2 Simulation Scenario 2

In this simulation we present the distribution of signal subspace dimension over the

mall area as a function of the number of subcarriers (frequency bins) J. The number of
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antennas was p = 6, the bandwidth was 20MHz and 80MHz, and the number of database

snapshots L = 60.

Signal subspace dimension distribution
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FIGURE 4.2: Signal subspace dimension distribution for different number of subcar-

riers (frequency bins). The number of antennas was p

= 6, the signal

BW=20MHz, and the number of database snapshots L = 60.

As seen in Figure 4.2 and 4.3, the signal subspace dimension rises with the increase

of the dimension pJ of the snapshot vector but typically stays below 11, even when

the dimension of the snapshot vector rises to 24 (for J = 4) and 48 (for J = 8). Not

surprisingly, the time (Figure 3.6) and the frequency (Figure 4.2) localization techniques

have similar subspace dimension distributions.

Higher signal BW allows capturing a larger number of signal reflections due to a better

reflection differentiation in time. Hence, as seen in Figure 4.3 in case of BW=80MHz the

dimension distribution mean is higher and includes more high-dimensional subspaces as

compared to the 20MHz signals.
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Signal subspace dimension distribution
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FI1GURE 4.3: Signal subspace dimension distribution for different number of subcar-
riers (frequency bins). The number of antennas was p = 6, the signal
BW=80MHz, and the number of database snapshots L = 60.

4.7.3 Simulation Scenario 3

In this simulation we present the influence of the number of snapshots, L and M, on the
localization accuracy. The signal bandwidth was 20MHz and the number of subcarriers
J = 8. The indexes of the used subcarriers were: £26,+19, 411, —4,3. In the first case
(Figure 4.4), the number of antennas was p = 6 and the number of database snapshots
L = 60, while the number of test point snapshots varied. In the second case (Figure
4.5), the number of antennas was p = 3 and the number of test point snapshots M = 25,

while the number of database snapshots varied.

As seen in Figures 4.4 and 4.5, the higher the number of test point/database snap-
shots the higher is the accuracy. This can be attributed to the fact that the higher
number of snapshots provides better covariance matrix estimation and consequently
better signal subspace estimation. Yet, beyond some number of snapshots, about 25-30,

the improvement in accuracy is marginal. The fact that 25-30 snapshots are sufficient to
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FIGURE 4.4: Performance of the SP criterion for different number of test point snap-
shots. The number of antennas was p = 6, the BW=20MHz, the number
of subcarriers J = 8, and the number of database snapshots L = 60.

fully characterize the signal subspace can be explained by the relatively low dimension

of this subspace, as discussed above and shown in Figure 4.2.

4.7.4 Simulation Scenario 4

In this simulation we present the influence of number of subcarriers on the localization
accuracy for a 6-antenna array and bandwidth of 20MHz. The number of database and

test point snapshots was L = 60 and M = 25, respectively.

Asseen in Figure 4.6, the higher is the number of subcarriers the better is the accuracy.
This can be attributed to the fact that according to 3.17 the higher number of subcarriers
allows capturing a higher number of reflections and as a result to provide a more robust

fingerprint with lower ambiguity.

Note also that in the case of a single subcarrier there is a significant degradation in

accuracy as well as much higher ambiguity level, reflected by the higher error in upper
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FI1GURE 4.5: Performance of the SP criterion for different number of database snap-
shots. The number of antennas was p = 3, the BW=20MHz, the number
of subcarriers J = 8, and the number of test point snapshots M = 25.

percentile of the CDF graph. This highlights the inability of spatial-only fingerprint to

provide enough location distinction.

4.7.5 Simulation Scenario 5

In this simulation we present the influence of subcarrier spacing on the localization
accuracy for a 3-antenna array and J = 4 subcarriers. The number of database and test

point snapshots was L = 30 and M = 25, respectively.

As seen in Figure 4.7, the higher is the subcarriers spacing the better is the accuracy.
This can be attributed to the fact that the higher subcarrier spacing provides better
reflection differentiation, allowing to capture a higher number of reflection and as a

result, to build a more robust fingerprint.
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FIGURE 4.6: Performance of the SP criterion for different number of subcarriers (fre-
quency bins). The number of antennas was p = 6, the BW=20MHz, and
the number of database and test point snapshots was L = 60 and M = 25,
respectively.

4.7.6 Simulation Scenario 6

In this simulation we present the achievable accuracy in the case of p = 1 antenna using
different signal bandwidths, 20MHz, 40MHz, and 80MHz. The simulation parameters
were identical to those of scenario 1 except that here number of subcarriers was J = 32

that were spread uniformly over the bandwidth.

As can be seen in Figure 4.8, there is a large improvement in accuracy as the band-
width increases, demonstrating the importance of the improved time resolution resulting

from the increased bandwidth in the case of single antenna.

Note also that the ambiguity level, reflected by the higher error in upper percentile
of the CDF graph, is considerably higher than in the case of 6 and 3 antennas presented
in Figure 4.1. This high level of ambiguity highlights the inability of temporal-only

fingerprint to provide enough location distinction.
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FI1GURE 4.7: Performance of the SP criterion for different subcarrier spacing. The
number of antennas was p = 3, the number of subcarriers was J = 4,
and the number of database and test point snapshots was L = 30 and
M = 25, respectively.

4.7.7 Simulation Scenario 7

In this simulation we present the achievable localization accuracy of the pilot-based
technique with WLAN systems based on the 802.11n/ac standards. The number of used
antennas was p = 6, and the number of signal snapshots used for each database and test
location were L = 60 and M = 25, respectively. The indexes of used subcarriers were:
[£21, £7], [£53, £25, £11], [£103, £75, +39, +11] for BWs of 20MHz, 40MHz, and

80MHz respectively.

As seen in Figure 4.9, the achievable localization accuracy is high for all BWs. This
demonstrates applicability and a great potential of the pilot-based localization technique

to the popular WiFi and LTE systems.
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FIGURE 4.8: Performance of the SP criterion for different BWs. The number of an-
tennas was p = 1, the number of subcarriers J = 32, and the number of
database and test point snapshots was L = 60 and M = 25, respectively.

4.8 Summary

We have presented a novel method enabling single-site localization based on a spatial-
temporal fingerprint of the multipath reflections. The fingerprint is based on a lower

dimensional signal subspace estimated in the frequency domain.

The level of accuracy achieved by this method is high and similar to that of the time
domain technique presented in Chapter 3. The main advantage of this technique is that
it can suffice with repeatable subcarriers - pilots — eliminating the need for a repeatable
signal part (packet preamble, demodulation reference signal). Though most modern
communication systems have both reference signals and pilots, the big advantage of
pilots are that they are embedded in the whole duration of the transmitted signal and
thus enable exploiting the whole signal duration for localization. Furthermore, the
repeatable signal part used for synchronization and channel estimation, and utilized by

the time domain localization algorithm, in some communication systems, like LTE, may
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FI1GURE 4.9: Performance of the pilot-based localization with the SP criterion in WLAN
systems. The number of antennas was p = 6, the number of database and
test point snapshots was L = 60 and M = 25, respectively.

depend on system configurations. As a result, database must include different sets of
data for each system configuration. The frequency domain approach eliminates this

problem by using signal pilots.

The high level of accuracy of this method, demonstrated by simulations, its mild
computational load and convenient frequency domain processing make it a promising

candidate for providing high quality and ubiquitous localization in indoor environments.






Chapter 5

Conclusion

5.1 Summary

We have presented a new localization method for rich multipath environments in both
indoors and outdoors, based on a spatial-temporal fingerprint of the multipath reflec-
tions and a novel similarity-profile (SP) matching criterion. The spatial-temporal fin-
gerprint is based on a lower dimensional subspace of the spatial-temporal covariance
matrix — referred to as the signal subspace — capturing the directions-of-arrival and the
differential-delays of the dominant multipath reflections. Rejection of low-energy reflec-
tions by proper subspace dimension selection was used to enhance the robustness of the
algorithm. The fingerprint matching is based on the SP criterion, which outperforms
considerably the conventional ML criterion, especially in challenging scenarios that are

prone to ambiguity.

The presented fingerprinting technique was investigated in the time and frequency
domains showing a similar level of accuracy. The frequency domain approach, has the
advantage that it can work only with repeatable subcarriers — pilots — eliminating the
need for a repeatable signal part (packet preamble). Though most modern communica-
tion systems have both preambles and pilots, the big advantage of pilots are that they
are embedded in the whole duration of the transmitted signal and thus enable exploit-
ing the whole signal duration for localization. Moreover, localization in the frequency
domain is more natural and convenient than the time domain approach as long as sig-
nal processing and channel estimation in most modern OFDM-based communication

systems are performed in the frequency domain.

75
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The resultant algorithm includes several complexity reduction techniques providing

significant savings in the computational load, storage and searching over the database.

The method enables high accuracy localization even with a single base station and
signal bandwidth of 20 MHz. The accuracy can be further improved by using higher
bandwidth, multiple BS with overlapping coverage, as well as by incorporating well
known tracking techniques in the case of moving users. In addition, the presented fin-
gerprinting technique can be applied to the popular WLAN and 3G /4G communication
standards supported by most modern smartphones, tablets, laptops and etc. As a result,

no new hardware is required in mobile terminals (MT).

The high level of accuracy of this method, demonstrated by simulations and real
data results, its mild computational load, good coverage and the absence of additional
hardware in the MT make it a promising candidate for providing high quality, cost-

effective and ubiquitous localization in indoor environments.

5.2 Future Research

The work presented in this thesis opens a number of research topics that can be further

investigated:

1. Our work uses the projection matrix P4, onto the spatio-temporal signal sub-
space A; as a fingerprint of the i-th location, and the expression (3.25) as the
similarity metric. The projection matrix and the similarity metric exploit only
the i-th location data. A different approach, with potentially better performance,
can exploit the data from all database points to construct the fingerprint and the
similarity metric. Such an approach may have better fingerprint discrimination

and hence better performance.

2. Model-based Localization.

The “problematic point” of Location Fingerprinting techniques is the lengthy
and often challenging training phase (off-line phase) required for the fingerprint
database generation. One way to solve this problem is to use signal propagation

modeling based on statistical or/and ray-tracing (RT) analysis.

The basic idea of statistical modeling approach is to construct a fingerprint

database using statistical propagation models eliminating on-site measurements
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and describing the distribution of signal characteristics like RSS [11, 41, 44] or
AOA, TOA [40] at any given location. An alternative approach is to use ray-

tracing analysis of radiowave propagation for predicting the site-specific signal

characteristics [17, 34, 43, 44].

3. Stochastic Maximum Likelihood Method.

To derive a similarity-metric for the fingerprint matching we used the determin-
istic ML method, assuming that the complex attenuations - (¢) are unknown
deterministic quantities. An alternative approach is modeling the complex at-
tenuations =y (t) as stationary jointly Gaussian stochastic process, which leads
the received signal to be a stationary, zero-mean, Gaussian process completely

described by its second-order covariance matrix.

4. Similarity-Profile Criterion.

The similarity-profile matching criterion was shown to provide excellent results.
A mathematical analysis and a more axiomatic derivation of this criterion are

desired, as well as its application to different machine learning problems.

5. Signal Subspace Dimension Estimation.

Signal subspace dimension estimation plays a key role in the reliable and ro-
bust fingerprint formation. Developing and investigating new signal subspace
dimension estimation techniques appropriate to the multipath fingerprinting can

significantly improve the performance of the developed algorithms.
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