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Abstract

Fingerprinting methods for positioning is an area of great interest, this
thesis presents a study on the adaptive enhanced cell identity (AECID)
fingerprinting method for positioning. By creating a map of the radio
characteristics in a geographical region, the AECID method is able to locate
a user equipement (UE) by gathering information of the radio conditions of
its current location. By performing positioning in this manner, there is no
need for additional signaling, which is a better usage of the radio resources.

This thesis presents a new approach for the creation of fingerprints
together with alternative methodology at each step proposed by the AECID

method. These alternatives are implemented and evaluated for real and
simulated scenarios. Accuracy performance metrics are discussed based on
different formats supported for reporting position.

The study shows that the AECID method performs well within the
requirements established by the United States federal communications
commission (U.S. FCC) for positioning accuracy. Moreover, the alternatives
presented in this thesis will show not only an enhancement on the
accuracy levels but most importantly, the impact of each step on the final
performance of the method.
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Chapter 1

Introduction

Positioning methods using cellular networks is an area of great interest due
to its different applications and increasing demand. In this first chapter,
an introduction on the topic of positioning methods on cellular networks is
presented, the study performed and aim of this thesis is described within
this context. Limitations and assumptions made to carry out the study are
presented as well as a short description of the structure and content of the
thesis.

1.1 Background

Wireless positioning systems aim to estimate the position of devices using
wireless network infrastructures. Positioning systems using the mobile
cellular network aim to provide information about the position of UEs both
to the users and to network operators.

The interests behind locating UEs are many, emergency services are
the initial motive and of great importance. Services like public warning
systems (PWS) for emergencies that make use of position information would
benefit from any improvements on performance and accuracy of existing
positioning methods; the U.S. FCC for instance requires that emergency calls
be located with certain accuracy. Different services and products have
derived from position information and are known as location-based services
(LBS). Existing services and products are wide in their purposes, ranging
from fleet management services for logistics operators, to gaming and social
entertainment; the true potential of LBS is yet to be discovered, aiming to
enhance civil or military operations and to develop whole new industries.

There are different methods to estimate the position of a UE using the
cellular network, these methods can be categorized by how and where the

1



2 Introduction

position estimation is computed into: mobile-based, mobile-assisted, and
network-based methods. They can also be categorized by the method used
for the estimation of the position into deterministic, probabilistic, and data
correlation or pattern matching methods.

Fingerprinting methods correspond to data correlation methods. They
work by matching a set of radio measurements made by the UE to a data
base containing similar previously taken measurements (fingerprints) which
locations are known, and then estimate the most likely position of the
UE. Different fingerprinting approaches would deliver different accuracy
levels depending on the set of radio measurements considered, the database
construction, etc.

1.2 Aim

Fingerprinting methods are of interest to study since they do not require
specific radio signaling to operate, on the opposite, they make use of
regularly performed radio measurements which means a better use of radio
resources. The AECID method uses a number of radio measurements, which
can be extended if possible, to construct fingerprints. It proposes to make
use high precision position measurements (A-GPS) regularly done by users to
keep the database of fingerprints updated and adapted to the ever changing
radio environment.

The main subject of study of this thesis is the self-learning adaptive
enhanced cell identity (AECID) [12] fingerprinting method for positioning,
which makes use of high precision position measurements (i.e. A-GPS)
together with other radio measurements to create a database of fingerprints
stored with a specific hierarchy. Details of the AECID method are presented
in chapter 3.

The aim of this thesis is to study and evaluate the performance
of the AECID fingerprinting method, discuss accuracy metrics and
present adequate ones, and introduce modifications that would represent
improvements on the performance of the method measured in the presented
metrics.

The following research questions are proposed to conduct this thesis:

• What is the accuracy performance achieved by AECID fingerprinting
method?

• How is the accuracy performance of the AECID method affected by
changes on each the method’s steps?

• How can the the performance of the AECID method be enhanced?
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1.3 Evaluation Method

The investigation on the AECID method is done by implementing each step
of the method using Matlab, for which the method is studied thoroughly
and evaluated using both real and simulated data. Different metrics for
accuracy performance are utilized to evaluate and compare the method as
originally introduced in [12]. The work carried out consists of studying each
step of the AECID method, suggest possible improvements and conclude
with an enhanced method with a better accuracy performance. The
motives behind the introduced modifications are presented and explained
in chapter 4, which consist of modifying how the database of fingerprints
is constructed, and how the position is estimated. The construction of
the database consist of a clustering step and a polygon creation step, and
the estimation is done matching data to the database and reporting the
position to the UE.

Lastly, the LTE standard supports seven different formats to report
position. Three of them are studied in this thesis to investigate how the
reporting format can affect the performance in terms of accuracy or quality
of service.

1.4 Assumptions and Limitations

In order not to extend the study done in this thesis, assumptions are
considered at different parts of the investigation.

The evaluation of the AECID method is performed with use of both
simulated data and real data. The parameters used for the simulation is
not part of the study performed in this thesis, these parameters are set at
values recommended by literature or not modified. Both the simulated and
real datasets were provided by Ericsson and Matlab was used to process the
data and implement the AECID method. The description of the simulated
and real scenarios are presented in chapter 5.

The data used for the evaluation done on the real scenario is considered
to represent a normal radio environment for the geographical region.
Information regarding the methodology used to collect the data is not
available. No conclusions are drawn regarding the effects of the collection
method, nor on the effects of the weather conditions, the network
saturation, etc. The radio attributes available for the construction of the
database of fingerprints is limited by those on the real collected data. These
attributes are the received signal strength (RSS) of up to seven cells, the
timing advance (TA) to the serving cell, and cell identities of the serving
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and up to six neighboring cells. The high-precision measurements are A-GPS

measurements.

The propagation of the radio signal is not studied in this thesis. All the
measurements of the radio environment are used for the implementation of
the AECID method only. The effects on the propagation due to operating
frequency bands, transmission powers or line of sight conditions are not
part of this thesis and all variations of the radio environment are considered
coherent to those existing in a complex urban scenario. The locations of
the transmission points are not needed for the implementation of the AECID

method.

The AECID method as described in its original publication ([12]) is the
base of this study. The implementation done and the alternatives presented
are done considering this base. It is not the aim of this study to optimize
the AECID positioning method, such task would require longer evaluation
and calibration work. The aim of the study is rather to investigate different
approaches to those presented in [12] and observe the effects they have on
the accuracy performance.

While the AECID method has the potential to adapt and mantain an
updated database of the radio environment. The mechanism of the method
to adapt by including new high-precision measurements and discarding old
ones is not implemented in this thesis. This limitation has zero impact on
the evaluation done on the accuracy performace of the method.

Lastly, the complexity of algorithms used is not presented nor studied,
conclusions regarding the suitability or performance of algorithms is
restricted to the computational time experienced on generic computer
hardware using Matlab to run them.

1.5 Structure of the Report

The remainder of this master thesis report is structured as follows:

Chapter 2: Theoretical background needed for this study is presented.
An overview of positioning systems and methods is presented, as well as
a description of positioning methods in LTE cellular networks. Coordinate
systems for geolocation and transformations are described. Lastly, topics
studied on computational geometry for the elaboration of a new polygon
creation algorithm are described, together with the metrics used to measure
accuracy performance.

Chapter 3: The adaptive enhanced cell identity (AECID) fingerprinting
method is presented and each step described in detail. The method as
described in this section is used as a base scenario on which modifications
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are introduced.
Chapter 4: A description of the implementation of the AECID method

and the changes introduced at each step is presented. .
Chapter 5: Descriptions of the simulated and real scenarios are

presented. Performance metrics for evaluation are described and explained.
Chapter 6: Presents the results and comparison of the modifications

introduced on the AECID method for both simulated and real scenarios. The
results are presented using the discussed accuracy performance metrics.

Chapter 7: Discussion of the evaluation and results is presented
together with the contributions of this thesis work.

Chapter 8: The conclusions are presented in this chapter, answers to
the research questions and possible future work.





Chapter 2

Theoretical Background

All theoretical background needed to understand the work done in this
thesis is presented in this chapter. Methods utilized for geolocation,
coordinate systems used for geolocation and an overview of positioning
methods used in LTE cellular networks is presented. Computational
geometry topics studied for this thesis are described together with accuracy
performance metrics for positioning methods.

2.1 Positioning Methods

Different approaches can be taken to estimate the position of a given object.
A geometric approach requires reference points with known locations. If the
distance from each of these reference points is known or somehow estimated,
or if the direction from these reference points relative to a fixed north is
again known or estimated, different geometric methods can be used to
locate the object. This approach is historically used for many navigational
purposes. In wireless networks, both the distance and relative direction of
devices to reference transmission points can be estimated through specific
radio signal measurements, enabling to use such approach for positioning.

A different approach to estimate the position of an object is by
recognizing a set of specific characteristics of the position where that
object is currently located. Previous knowledge of the location’s radio
signal characteristics is needed to make a recognition. Thus, access to
information of characteristics described in different locations to look for a
best match is also required. This approach is known as data correlation or
fingerprinting methods [10]. This approach is basis for the AECID method
and for investigation done in this thesis.

7



8 Theoretical Background

2.1.1 Radio Signal Measurements

Signal Strength

The radio signal strength is the received power of the radio signal. It is
commonly measured in decibel miliWatts [dBm]. The power of the radio
signal decays for different reasons, the decay as it propagates through space
is referred to as path loss. The signal strength perceived at a certain
location has different indicators; received signal strength (RSS), reference
signal received power (RSRP), or received signal strength indicator (RSSI).
They are represented by different metrics, might be used specifically for
different purposes and represent the spread of the signal through specific
bands. For positioning, the signal strength can be used to estimate the
distance from the transmission points with help of a radio propagation
model.

Different propagation models could be used, empirical models like
the Okumura-Hata, Cost-231 or the simplified path-loss model [6]. For
complex urban environments, these models try to include the effects due
to multipath of the signal or shadow fading effects. Multipath effects refer
to reflections, refractions or scattering of the radio signal after reaching
surfaces. The shadow fading effects occur due to the obstructions of the
radio signal. These effects are also referred to as non-line of sight (NLOS)
conditions of the signal. Other models, like the Cost-231 Wallfish-Ikegami
[2] include some deterministic aspects of the environment to better model
the propagation of the radio signal, thus, returning a better method to
estimate the distance from the transmission point by measuring the signal
strength in complex environments.

Timing Measurements

A different estimation of the distance from a transmitter is done by
measuring the time the signal has traveled to reach the receiver. Knowing
that the radio signal travels at the speed of light, the distance can be
estimated with a time measurement. The time measurement is referred to
as time of arrival (TOA) and can be estimated using different methods (see
chapter 7.3 of [14]).

In LTE a mechanism to ensure time alignment (sychronization) for
uplink transmissions is included: transit-timing advance or timing advance
(TA) [3]. While its purpose is to control the timing of signals received at the
base station, it can be used to estimate the distance between the terminal
(UE) and the base station. The round-trip time (RTT), the time it takes
a signal to be sent and its acknowledgement to be received, also gives an
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estimation of distance.

Just like with signal strength measurements, time measurements
are also affected by NLOS conditions, resulting in estimating inaccurate
distances.

Angle of Arrival

The angle of arrival (AOA) is used to estimate the direction the signal travels
with respect to the geographical north (see chapter 9 of [14]). The angle of
arrival is estimated by different methods using special antenna arrays with
known direction. The measurement is affected by multipath propagation
of the signal, by the techniques used for estimation, and by the calibration
of the antennas.

2.1.2 Geometric Positioning Methods

Techniques used for geometric positioning are angulation and lateration.
As mentioned, radio signal measurements to estimate distance or direction
are required. Common measurements used are the RSS, the AOA, the TOA

and the RTT.

Angulation

Angulation is a method for estimating position using angles from at
least two reference points. It is also called triangulation since the two
references, and the estimated position shape a triangle on a 2D plane. The
method estimates the position by tracing straight lines with their respective
measured angles from the reference points and looking at the intersection of
the traced lines. This method can also be used for determining position in
three dimensions for which two angles (direction angle and elevation angle)
are needed from at least two reference points with known coordinates in
three dimensions.

Lateration

Lateration techniques for estimating the position requires information
about the distance from reference points. Circular lateration or
trilateration, it is done by tracing a circles from three reference points
with centers at each reference point with their respective distance as
radius. The position is estimated at the intersection or the three circles.
Hyperbolic lateration is performed by using the difference of distances from
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Figure 2.1: Angulation

two reference points, the position is estimated at the intersection of two
hyperbolas (chapter 6.2.2 of [9]).

Hybrid Approaches

In some literature, [10], [8], reference is made to hybrid positioning
techniques, which combine the previously described approaches of distance
and direction to achieve better accuracy. These techniques are practical in
complex urban environments where NLOS conditions are frequent.

2.1.3 Fingerprinting Methods

Fingerprinting methods or data correlation methods for positioning work
by first creating a database containing specific patterns present on different
geographical locations. The patterns can be collected or estimated, and can
be of different natures. In [9], the characteristics are classified as optical and
nonoptical. Collection of optical characteristics means that the database
contains images of different locations. The correlation is done by matching
a snapshot of a location to one contained in the database, returning its
most likely position. This technique requires somewhat sophisticated image
recognition techniques and is used for applications in robotics. Nonoptical
information used for wireless positioning refer to characteristics of the radio
environment of a location. In cellular positioning, information about the
RSS, TOA, AOA, etc., can be collected for a location and stored in a database,
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Figure 2.2: Circular Lateration or Trilateration

this information is what is called the fingerprint of the location.

In fingerprinting methods a database must be created first, this is
done in an off-line or training phase. The data is collected and organized
methodically, creating the database of fingerprints. In a later phase, called
evaluation or on-line phase, requests for positioning are received, radio
patterns measured, and the position estimated by matching them to the
information contained in the database.

A usual approach used in fingerprinting methods is to divided the area
to be ’fingerprinted’ into a grid. Each point of the grid is assigned the
patterns collected closest to it. A grid-based database is created and the
matching process delivers the point of the grid where the position was most
likely requested. The accuracy of this approach depends on how coarse or
refined the grid is.

Fingerprinting methods overcome the problems of NLOS conditions
that geometric methods face, particularly in complex urban environments.
However, they face the difficulty of creating and maintaining accurate
databases. Considering that the network and wireless channels are
constantly varying, the database must be permanently updated to such
changes. Another difficulty is the collection of information, since it ideally
should cover all the areas where the positioning is to be performed.
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Figure 2.3: CID and E-CID

2.2 Positioning Methods in LTE

Different methods for positioning have been standardized for LTE networks,
all with different performance levels. The request for positioning could be
done by the UE, or the network operator in case of emergency, for details
on LTE positioning architecture, chapter 32 of [14] is recommended. The
following are methods currently standardized for LTE networks.

2.2.1 CID and E-CID

The cell identity (CID) is a network-based method, where the position of the
UE is estimated as that of its serving cell, for which the location of the base
station is required. The position is estimated as the location of the base
station, or by a previously stored polygon which describes the cell coverage
area. This is the fastest and easiest method to estimate the position of a
UE and its performance in terms of accuracy depends entirely on the size
of the cell, which usually is smaller in urban areas.

The CID method can be enhanced by using other radio signal
measurements. The enchanced cell identity (E-CID) methods can use the
TA, the RTT or the AOA, to define smaller areas inside the serving cell.

2.2.2 OTDOA

The observed time difference of arrival (OTDOA) method is a UE assisted
method. It uses TOA measurements from multiple base stations, the
difference between the TOAs is computed and hyperbolic lateration is used
to estimate the position of the UE. The TOA is measured by listening
to specific positioning reference signals (PRS) from the base stations, and
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the difference between them computed as received signal time differences
(RSTD).

A similar method called uplink time difference of arrival (U-TDOA)
also uses lateration techniques to estimate the position of UEs, but unlike
OTDOA, it is network-based and exploits the uplink transmissions from UEs

to base stations. It requires UEs to be in communication to be able to time
measure the uplink transmission and perform the positioning.

2.2.3 A-GNSS

There are different global navigational satellite systems (GNSS) currently
deployed orbiting the earth, examples of these are the american global
positioning system (GPS), the european Galileo, the russian globalnaya
navigatsionnaya sputnikovaya sistema (GLONASS), etc. GPS uses circular
lateration by measuring the propagation delay of at least four satellites
to estimate the position of a GPS-enabled terminal [9]. The assisted
GPS (A-GPS) method uses GPS positioning assisted by the cellular network.
The assistance is done to accelerate the positioning and reduce energy
consumption on the UEs, it consists on keeping track of the satellites and
continuously decoding the messages required for positioning.

2.2.4 Fingerprinting

The LTE standard is prepared for fingerprinting positioning (see chapter
32.6.3 of [14]). Fingerprinting methods have been described, yet a specific
fingerprinting method has not been standardized. Being a data correlation
method, it suffices with managing a database and data to it correlate to.
The AECID method, the main subject of study of this thesis, is a proposed
fingerprinting method for positioning.

2.3 Formats for Reporting Position

The LTE standard supports seven formats for reporting location
coordinates, the coordinate system used is the world geodesic system
1984 (WGS 84). Some formats include confidence information which is the
probability that a terminal is located in the interior of the reported region
[13]. These formats are listed [1]:

1. Ellipsoid Point

The ellipsoid point is described by latitude and longitude coordinates.
It is used to refer to a point on the surface of the WGS 84 ellipsoid,
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Figure 2.4: WGS 84 Coordinate System [1]

which describes the shape of earth. The latitude is the angle between
the equatorial plane and the perpendicular to the plane tangent to the
ellipsoid surface at the point, where positive values correspond to the
northern hemisphere and negative to the southern hemisphere. The
longitude is the angle between the Greenwich meridian and the half
plane defined by the point and the polar axis, with positive angles
east from the Greenwich meridian.

2. Ellipsoid Point with Altitude

This format is given by an ellipsoid point with the addition of altitude
information which can be positive or negative for points above or
below the ellipsoid point.

3. Ellipsoid Point with Uncertainty Circle

This format describes a circle of radius r, with the center located at
an ellipsoid point. The circle describes a circular area at the tangent
plane to the ellipsoid surface at its center point. The format is given
by the ellipsoid point and the r value.

4. Ellipsoid Point with Uncertainty Ellipse

This format describes an ellipse with center at an ellipsoid point
location. The elliptical area is at the tangent plane to the ellipsoid
surface at its center point. It is described by a semi-major radius r1,
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a semi-minor radius r2, and an angle of orientation of the semi-major
axis measured clockwise from the north. This format also delivers a
confidence information.

5. Ellipsoid Point with Altitude and Uncertainty Ellipsoid

This format describes an ellipsoid of semi-major radius r1, semi-minor
radius r2 on the plane, and a vertical altitude r3. The ellipsoid has its
center at a point described by an ellipsoid point with altitude format.
The angle of orientation of the semi-major axis measured clockwise
from the north is delivered together with confidence information.

6. Polygon

The polygon format describes a polygon on the surface of the WGS 84

ellipsoid, it is described by the list of the coordinates of its corners in
latitude-longitude coordinates, which are minimum 3 and maximum
15. The points are connected on the order given by the list, with the
last point connecting to the first.

7. Ellipsoid Arch

This format is described by a center point in latitude-longitude
coordinates, and inner radius r1, a thickness of the arc r2. The
orientation is given by an angle measured clockwise from the north,
and the opening by a second angle, also measured clockwise starting
at the angle of orientation. The confidence information is also
included in this format.

The confidence information reported in some of the formats is expressed
as percentage, and can be defined as the probability that the position of a
target is within the shape description or the shape boundaries.

2.4 Coordinate Systems for Geolocation

The world geodesic system 1984 (WGS 84) coordinate system is the current
version of an international standard used for geodesy, cartography and
geographic information systems (GIS). The origin of the WGS 84 coordinate
system is the geometric center of earth described by an ellipsoid constructed
by the rotation of an ellipse around its minor axis oriented on the
north-south direction [1], the dimensions of this ellipse are:

Major axis = 6378137m

Minor axis = 6356752.314m
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While the WGS 84 coordinate system properly describes locations on
earth’s surface, distances and locations handled by the cellular network
are assumed to be relatively close, in which case geometric calculations
on an cartesian earth tangential (ET) coordinate system are less complex
and more intuitive, in contrast of using a earth-centered-earth-fixed (ECEF)
coordinates like WGS 84 that GNSSs use.

Non-satellite-based positioning methods in LTE use ET coordinate
systems for their geometric computations, but position is still reported in
WGS 84 coordinates, for which there is a need of transformations between
coordinate systems. For details on such transformations the reader is
referred to chapter 32.5 of [14].

2.5 Computational Geometry

Computational geometry is a branch of computer science that studies
algorithms that deal with geometrical problems. It is a field of great interest
due to progress in computer graphics and computer aided design (CAD)
systems, its applications range from robotics to geographic information
systems (GIS).

Topics addressed by computational geometry are many, for this thesis,
the main topics from computational geometry are the representation of the
region covered by a set of points, and the simplification of a curve composed
of line segments.

2.5.1 Convex and Concave Hull

In [4] a convex hull of a set of points is defined as the intersection of all
convex sets containing the points. To be more clear about this definition,
a convex hull is the region that contains all the line segments that connect
all points of a set of points. The convex hull has a single solution and it
can be used to represent the region covered by a set of points. An issue
with the region represented by the convex hull, is that while it contains all
points is a set, it does not always properly describe the boundary of the
set.

The concave hull on the other hand, depicts more clearly a region
occupied by a set of points. Unlike the convex hull has it does not have a
unique solution [11], and it does not contain all line segments that connect
all points of the set. Figure 2.5 shows the difference between the convex
and concave hulls for the same set of points.
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Figure 2.5: Convex and Concave Hulls for the same cluster

2.5.2 The Douglas-Peucker Algorithm

The Douglas-Peucker algorithm was first introduced in [7]. It is an
algorithm that aims to simplify a curve composed of line segments. Figure
2.6 shows the end result of the algorithm. It works by looking for significant
corners of the curve (the end points) and then looking for the corner that is
furthest from the line segment that connects the chosen significant corners.
It considers that corner as part of the final simplified curve and a new
significant corner. It then connects all previous significant corners with
line segments and looks for new corners to add. The algorithm would at
worst consider every other corner of the initial curve as significant, which
would mean a reduction of corners by half. The algorithm reduces the
number of corners of a curve while at the same time maintains shape the
initial curve depicted.
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Figure 2.6: Douglas Peucker Algorithm



Chapter 3

Adaptive Enhanced Cell

Identity - AECID

This chapter describes the adaptive enhanced cell identity (AECID)
fingerprinting method, which was first introduced in [12]. The AECID

method is the main subject of study of this thesis and, as described in
this chapter, the base of the investigation done in this thesis.

3.1 Adaptive Enhanced Cell Identity - AECID

The cell identity (CID) method, the simplest positioning method in cellular
networks, reports the location of the serving base station or a geographical
description of the serving cell. The accuracy of the CID method is enhanced
by using additional available information about the connection, resulting
in enchanced cell identity (E-CID) methods (see section 2.2.1). The AECID

method belongs to these class of enhanced methods. Nontheless, the
AECID method is also classified as a robust fingerprinting method since the
positioning is done by matching information about the radio environment,
to a database containing regions that describe similar radio environments.

The positioning process proposed by the AECID method works as
follows; a database is first created and the information retrieved from it
is the position of the UE in the format of a polygon coded in WGS 84

coordinates. Later conversion to other formats is possible. The database
is constructed by collecting high-precision position measurements, that can
be obtained by other positioning methods, like OTDOA or A-GPS, the data
used in this thesis are A-GPS measurements. With each A-GPS measurement,
information about the serving cell and neighboring cells is also collected,
their identity numbers and their respective RSSs. Additional information, if

19
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available, can be collected as well e.g. TA or AOA. Once sufficient number
of high-precision measurements is collected, they are clustered together
according to their collected information. Each cluster contains a number of
A-GPS measurements, and the region they cover is described by a polygon.
Ultimately, these clusters of A-GPS measurements grouped together by their
similarities and described geographically by a polygon, are the fingerprints.

Once a position request is received, information about the serving and
neighboring cells is retrieved with their respective RSS values, together with
additional information on the connection. A data matching process finds a
fingerprint in the database, delivering the stored polygon.

The creation of the database is done in two steps, the clustering of the
high-precision measurements and the creation of a polygon that describes
the region they cover.

3.1.1 Clustering of High-precision Measurements

To cluster the high-precision measurements the method starts by assigning
a tag to each measurement, which at the same time describes all the
information collected. The tag is described by the row vector

p(tj) = (cID1(tj), . . . , cIDNID(tj)(tj)c1(tj),

. . . , cNc(tj)(tj)mj(tj), . . . , mNm(tj)(tj)) (3.1)

where cID1(tj) is the cell glogal identity number of the lth detected cell
(including serving cell), for the terminal for which high-precision positioning
was performed at time tj . N ID(tj) is the number of considered detected
cells at time tj . cl(tj) denotes the lth auxiliary connection-information
item and N c(tj) denotes the number of auxiliary connection-information
items. ml(tj) denotes the lth auxiliary measurement used for clustering,
and Nm(tj) is the number of auxiliary measurements [12].

High-precision measurements that are clustered together share the same
tag, and different types of clusters created depending on the number of
auxiliary connection-information items used. The next step is to describe
the region that contains these measurements with a polygon.

Whenever a new measurement is obtained, it is added to the cluster that
coincides to its tag, and then a new polygon is computed. The maximum
size of cluster could be specified, discarding older measurements as new
ones are collected, keeping it updated. A time threshold can be specified
as well, and older measurements continuously discarded.
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3.1.2 Polygon Creation

To describe the region where the high-precision measurements of a cluster
are located, the polygon creation algorithm of the method starts by
transforming all the WGS 84 coordinates to a local earth tangential (ET)
cartesian coordinate system to perform all computations. The following
notation is introduced to describe the computation of the polygon:

Np = specified number of polygon corners for cluster p.

rp
i,ll = (xp

i,ll yp
i,ll)

T , i = 1 . . . Np. Np polygon corners of cluster p in
WGS 84 coordinate system, indicated by the ll subindex.

rp
i = (xp

i yp
i )T , i = 1 . . . Np. Np polygon corners corresponding to

cluster p in a ET coordinate system.

rm,p
j = (xm,p

j ym,p
j ), j = 1 . . . Nm

p . Nm
p high precision measurements used

to determine the corners of the polygon corresponding to cluster p in
a ET coordinate system.

Cp Specified confidence of the polygon corresponding to cluster p.

Ap Area of the polygon of cluster p.

The creation of a polygon is governed by the following three ideas:

• The area of the polygon should be as small as possible, maximizing
the accuracy.

• The confidence value constraints the number of high-precision
measurements that can be removed from inside the polygon.

• Basic geometrical constraints should be maintained; the polygon
should not intersect itself and the polygon should be closed, meaning
that last corner point is connected to the first.

To not go into solving a nonlinear optimization problem, the method
proposes a polygon creation algorithm called contracting polygon algorithm
which starts with an initial polygon that contains all high-precision
measurements, and then the area of the polygon is reduced by moving
one of its corners inwards towards the momentary center of gravity, leaving
one high-precision measurement out of the polygon at each step.

Contracting Polygon Algorithm - contracting polygon algorithm
(CPA)

The algorithm initializes by computing the center of gravity of all the
high-precision measurements of the cluster, which will be the center of
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gravity of the initial polygon that will be contracted by the algorithm.

rCG = (xCG yCG)T =
1

Nm
p

Nm
p
∑

j=1

(xm,p
j ym,p

j )T . (3.2)

The maximum distance from the center of gravity is then computed as:

jp
max = argmax

j

√

(xm,p
j − xCG)2 + (ym,p

j − yCG)2 (3.3)

rp =
√

(xm,p

j
p
max

− xCG)2 + (ym,p

j
p
max

− yCG)2 (3.4)

While all high-precision measurements are certainly found within a
distance rp of the center of gravity, if a polygon is inscribed inside a circle
or radius rp, it is not certain that all high-precision measurements will be
inside such polygon. To make sure all measurements are found inside this
initial polygon, an outer circle of double the radius Rp = 2rp is used to
inscribe an initial polygon.

The initial polygon corners are distributed around an outer circle
according to:

xp,0
i = xCG + Rp cos

(

360◦ (i − 1)

Np

)

(3.5)

yp,0
i = yCG + Rp sin

(

360◦ (i − 1)

Np

)

(3.6)

After having an initial polygon that contains all high-precision
measurements inside, its area is reduced by moving one of its corners
inwards, towards the momentary center of gravity of the measurements, the
algorithm will repeat this movement of corners, removing one high-precision
measurement from the inside of the polygon at each step, reaching a
minimum area while maintaining the preset confidence Cp. The movement
of a polygon corner inwards towards the center of gravity can be described
by:

rp
i (αp) = rp

i + αp(rCG − rp
i ) (3.7)

where αp is a scalar parameter that varies between zero and one when
rp

i (αp) moves between rp
i and rCG. It has to be noted that the movement

may extend beyond the center of gravity, which is for a value of αp bigger
than 1. The algorithm looks at the maximum possible movement of each
polygon corner and will move the one that reduces the area of the polygon
the most, the maximum possible movement of a polygon corner is restricted
by two constraints.
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Figure 3.1: Geometry for determining maximum polygon corner movement
[12].

The first constraint is with respect to interior measurement points.
Figure 3.1 shows a situation with three adjacent polygon corners rp

k, rp
i

and rp
l , where the middle point rp

i is to be moved inwards towards the
center of gravity rCG. Because of the movement of rp

i , the line segments
that connect rp

k with rp
i , and rp

i with rp
l , move as well. At some point, one

of these line segments will be intersected by a high-precision measurement
point rm,p

j . When this occurs, the line segments connecting rp
i (αp) with rp

k

and rm,p
j with rp

k become parallel, or the line segments connecting rp
i (αp)

with rp
l and rm,p

j with rp
l become parallel. Because the cross product of

parallel vectors is zero, then, αp can be computed by:

αj,p
ik =

−(xp
i − xp

k)(ym,p
j − yp

k) + (xm,p
j − xp

k)(yp
i − yp

k)

(xCG − xp
i )(ym,p

j − yp
k) − (xm,p

j − xp
k)(yCG − yp

i )
(3.8)

αj,p
il =

−(xp
i − xp

l )(ym,p
j − yp

l ) + (xm,p
j − xp

l )(yp
i − yp

l )

(xCG − xp
i )(ym,p

j − yp
l ) − (xm,p

j − xp
l )(yCG − yp

i )
(3.9)

It is required that both αj,p
ik and αj,p

il are nonnegative, due to the movement
towards the center of gravity. To verify that the intersection point is
between the corner points and not outside the line segment that connects
them, the following equations need to be fulfilled for βj,p

ik ∈ [0, 1] or

βj,p
il ∈ [0, 1]: what if i add more text just to see how it accomdoates and
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looks like after all this text.

rm,p
j = rp

i (αj,p
ik ) + βj,p

ik (rp
k − rp

i ) (3.10)

rm,p
j = rp

i (αj,p
il ) + βj,p

il (rp
l − rp

i ) (3.11)

For each polygon corner, the conditions αj,p
ik > 0 and αj,p

il > 0, and,

βj,p
ik ∈ [0, 1] or βj,p

il ∈ [0, 1] are checked for each measurement and an αj,p
i is

assigned to each one according to:

αj,p
i =



























































































































αmax, αj,p
ik < 0, αj,p

il > 0, βj,p
ik /∈ [0, 1], βil /∈ [0, 1]

αj,p
il , αj,p

ik < 0, αj,p
il > 0, βj,p

ik /∈ [0, 1], βil ∈ [0, 1]

αmax, αj,p
ik < 0, αj,p

il > 0, βj,p
ik ∈ [0, 1], βil /∈ [0, 1]

αj,p
il , αj,p

ik < 0, αj,p
il > 0, βj,p

ik ∈ [0, 1], βil ∈ [0, 1]

αmax, αj,p
ik > 0, αj,p

il < 0, βj,p
ik /∈ [0, 1], βil /∈ [0, 1]

αmax, αj,p
ik > 0, αj,p

il < 0, βj,p
ik /∈ [0, 1], βil ∈ [0, 1]

αj,p
ik , αj,p

ik > 0, αj,p
il < 0, βj,p

ik ∈ [0, 1], βil /∈ [0, 1]

αj,p
ik , αj,p

ik > 0, αj,p
il < 0, βj,p

ik ∈ [0, 1], βil ∈ [0, 1]

αmax, αj,p
ik > 0, αj,p

il > 0, βj,p
ik /∈ [0, 1], βil /∈ [0, 1]

αj,p
il , αj,p

ik > 0, αj,p
il > 0, βj,p

ik /∈ [0, 1], βil ∈ [0, 1]

αj,p
ik , αj,p

ik > 0, αj,p
il > 0, βj,p

ik ∈ [0, 1], βil /∈ [0, 1]

min
(

αj,p
ik , αj,p

il

)

, αj,p
ik > 0, αj,p

il > 0, βj,p
ik ∈ [0, 1], βil ∈ [0, 1]

0, otherwise

(3.12)

The measurement point with the minimum αj,p
i value is the point that

would leave the polygon first, and, since one measurement point is to leave
the polygon at each iteration, it is the point with the second minimum αj,p

i

value the one that would restrict the corner movement.

jfirst = argmin
j

αj,p
i

jactiveConstraint = argmin
j 6=jfirst

αj,p
i

(3.13)

αp,measurementConstraints
i = αjactiveConstraint,p

i (3.14)

The second constraint that would restrict the corner movement is with
respect to polygon line segments. This constraint aims to avoid the polygon
to self-intersect when moving one of its corners. The intersection between
the line movement and the line segment between rp

m and rp
n is given by
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solving:

rp
i + αp

i,mn(rCG − rp
i ) = rp

m + γp
mn(rp

n − rp
m)

⇔ ((rCG − rp
i ) − (rp

n − rp
m))

(

αp
i,mn

γp
mn

)

= rp
m − rp

i (3.15)

Where rp
m and rp

n are all polygon corners not adjacent to rp
i , (eq. 3.15)

is solved for all line segments between rp
m and rp

n. The solution with the
minimum value of αp

i,mn, such that αp
i,mn > 0 and γp

mn ∈ [0, 1], will always
exist and will restrict the corner movement:

αp
i,m0n0

, γp
m0n0

= argmin
m,n

αp
i,mn(m, n)

γ
p
mn∈[0,1]

(3.16)

Once both constraints are considered, the maximum possible movement
of each corner is given by:

αp,allConstraints
i = min

(

αp,measurementConstraints
i , αp

i,m0n0

)

− ε (3.17)

Where ε is a small number that prevents the constraint from becoming
active, and results in moving the polygon corner just a little less than
maximum permitted. Once the maximum possible movement of each corner
is known, the one that reduces the area of the polygon the most is picked,
for which the area reduction has to be computed for the maximum possible
movement of each polygon corner. The algorithm computes thee area
reduction for each polygon corner with:

∆Ap,allConstraints
i =

∣

∣

∣

∣

1

2
(xp

i − xp
k)(yp

k + yp
i ) +

1

2
(xp

l − xp
i )(yp

i + yp
l )

−
1

2

(

xp
i

(

αp,allConstraints
i

)

− xp
k

)

×

(

yp
k + yp

i

(

αp,allConstraints
i

))

−
1

2

(

xp
l − xp

i

(

αp,allConstraints
i

))

×

(

yp
i

(

αp,allConstraints
i

)

+ yp
l

)

∣

∣

∣

∣

(3.18)

The maximum of this area-reduction measure determines which corner
to move. (eq. 3.17) and (eq. 3.7) determine the movement. A new
polygon shape is obtained, and the algorithm goes to the next iteration
to keep reducing the area of the polygon, removing one high-precision
measurement at each step, the algorithm continues while the preset
confidence is maintained.

Algorithm
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The number of high-precision measurements remaining inside the
polygon after each iteration is denoted by Nm,rem

p :

Initializaion

1. Compute the center of gravity of all high-precision measurements of
the cluster (eq. 3.2).

2. Compute the maximum distance rp from the center of gravity (eq.
3.4).

3. Compute the initial polygon distributed around circle with radius
Rp = 2rp (eq. 3.5, 3.6).

Contracting Polygon Algorithm - CPA

1. Repeat until Nm,rem
p < CpNm

p or αp,allConstraints
i ≤ 0 (measurement

removal loop).

(a) Compute the center of gravity of the measurements remaining
inside the polygon (eq. 3.2).

(b) For i = 1 to Np (corner-movement evaluation loop).

i. For j = 1 to Nm,rem
p (measurement-point-constraint

evaluation loop).

A. Compute and store allowed, pointwise constrained,
corner movement (eq. 3.12).

ii. End (measurement-point-constraint evaluation loop)

iii. Compute and store allowed combined, measured
constrained, movement (eq. 3.13, eq. 3.14).

iv. Compute and store allowed, self-intersection constrained,
movement (eq. 3.16).

v. Compute and store allowed, measurement and
self-intersection constrained, movement (eq. 3.17).

vi. Compute and store area reduction (eq. 3.18) corresponding
to (eq. 3.17).

(c) End (corner evaluation loop).

(d) Find the corner with index i0 corresponding to the maximum
area reduction.

(e) Update the corner i0 with (eq. 3.7) and αp,allConstraints
i0

.

(f) Remove the high-precision-measurement point that is no longer
in the interior of the polygon from any lists of interior points.
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(g) Nm,rem
p := Nm,rem

p − 1.

2. End (measurement removal loop).

3. Transform the final corner points of the polygon from ET to WGS 84

coordinates.

3.2 Localization - Data Matching

When an AECID positioning is requested, a list of serving and neighboring
cell IDs is retrieved together with additional information about the
connection and a tag consistent with 3.1 is assigned. This tag is used
to find a matching tag contained in the database of fingerprints.

The search for a matching tag is done hierarchically. The matching
process starts by looking for an exact match of tags and starts removing
information from the tag until a match is found. The order on which the
information is removed from the tag is given by the hierarchy. Which
requires the database to be organized accordingly. The hierarchy of the
additional information is part of the investigation of this thesis.

3.3 Position Report

The AECID method computes a polygon as a fingerprint. The LTE standard
allows a polygon format to be reported for positioning (see section 2.3),
therefore, the created polygon can be reported together with its confidence
value.

The AECID method is not restricted to report a polygon and other
formats can be transformed from the created polygon, and can be reported
as well.





Chapter 4

Implementation of the

AECID method

To carry an investigation of the AECID method as described in chapter 3,
the method is first implemented in Matlab. This initial implementation
required some modifications which are presented in this chapter.

After the initial implementation, alternatives are presented by both
modifying or by proposing novel algorithms, which aim to enhance the
accuracy performance of the method.

The implementation was done for three datasets, one dataset is from
a simulated scenario and the other two datasets are from real collected
measurements. The implementation of the AECID method varies slightly
for the simulated scenario regarding the clustering step of the method.

The evaluation method of the introduced alternatives and modifications
is presented in chapter 5.

4.1 AECID Implementation

As described in chapter 3, the AECID method can not be adequately
implemented in Matlab beacuse of some deficiencies on its description.
These deficiencies need to be fixed. In some cases they would create infinite
loops or void values that would trigger errors in the Matlab environment.

The first deficiency, a case in which the code would stop running,
was found to be due to the constraint on the movement of a polygon
corner with respect to other polygon line segments, which ensures that the
contracting polygon does not intersect itself. The constraint is computed by
the contracting polygon algorithm (CPA) described in section 3.1.2 on step
(iv), after solving equations (3.15) and (3.16). Equation (3.15) is a system

29
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of equations that considers all polygon corners that are not adjacent to the
polygon corner under current evaluation. It constraints the movement of
the polygon corner to where it first intersects any of the line segments that
connect all corners that are not adjacent to the current evaluated corner.
The issue arises when the initial polygon has 4 or less corners since there are
not two corners that are not adjacent to the corner under evaluation at the
same time to describe a line segment. It becomes impossible to compute
equations (3.15) or (3.16). Equation (3.17) would later compare an α value
to an empty value, which will trigger an error in the Matlab environment,
stopping the algorithm.

While the error is not encountered for an initial number of polygon
corners of 5 or more, polygons with 4 or 3 corners define regular regions
and should not be excluded. To include them, the solution adopted was
the addition of a conditional before step (vi) of the contracting polygon
algorithm, where equations (3.15) and (3.16) are not computed if the
number of polygon corners is less than 5. Equation (3.17) on step (v)
is replaced by

αp,allConstraints
i = αp,measurementConstraints

i − ε.

which solves the issue.

The second deficiency, a case that causes the algorithm to enter an
infinite loop, is found on step (vi) of the CPA. The step uses equation (3.18)
to compute the reduction of the area of the maximum possible movement
of each polygon corner. At the same time, eq. 3.18 uses the αp,allConstraints

i

value obtained through equation (3.17) to compute the movement of a
corner towards the center of gravity. Since the only restriction for the
αp,allConstraints

i value is that it is nonnegative, the value adopted could
have been greater than 1 in a previous iteration, meaning that the polygon
corner moved beyond the center of gravity. Then, in a later iteration,
the restriction with respect to interior measurements for this corner would
assign an αj,p

i value equal to αmax through equation (3.12), which should

never be adopted by equation (3.17) which assigns αp,allConstraints
i the

minimum of two values. However, because this αmax describes an outward
movement of the polygon corner, towards the center of gravity of the
cluster which is now outside the polygon, equation (3.16) is unable to
set a constraint (assign a value) for this movement. This leads equation

(3.17) to compute αp,allConstraints
i = αmax − ε. Finally, since equation

(3.18) computes the maximum area ’reduction’ by the movement of a

corner with respect to its adjacent corners, a larger value of αp,allConstraints
i

represents a larger area ’reduction’. An inward movement was assumed
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by the nonnegativity of αp,allConstraints
i , but in this case, the movement

chosen is outwards which instead increases the area of the polygon. On the
following iteration, the same corner would be chosen move again beyond
the center of gravity, entering an infinite loop.

To prevent the CPA from entering this infinite loop, the solution adopted
is to change the computation of the area reduction. Equation (3.18) is
discarded, and the area of the whole polygon is computed and compared to
the previous area instead, assuring that the area of the polygon is always
reduced and not increased. The corner movement is always the one that
describes a larger area reduction. The computation of the area of the
polygon is done using the Matlab function polyarea which requires the
coordinates of the polygon corners to compute its area.

4.2 Clustering of Position Measurements

The clustering of position measurements aims to group together points
that are located in a similar radio environment. The goal of the clustering
step is to have as many clusters as possible to create a large database to
facilitate the posterior data matching process and to have more options
to match to. Each position measurement can be part of different clusters
which depends on the radio signal information available when collecting the
position measurements.

For the real datasets the information available is:

1. The serving cell global identity number. < SCID >.

2. The received signal strength (RSS) and respective global cell identities
of up to seven cells including the serving cell. < NCIDs > and <
RSS >.

3. The timing advance (TA) value to the serving cell. < TA >.

For the simulated dataset the information available is:

1. The serving cell global identity number. < SCID >.

2. The received signal strength (RSS) and respective global cell identities
of up to twenty six cells including the serving cell. < NCIDs >
and < RSS >.

The more information used about the radio environment, the smaller
the size of the clusters that can be created. The information used by
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the CID and E-CID positioning methods provide first two levels of clusters.
To use the RSSs information and overcome the variations due to shadow
fading or multi-path effects, the values require quantization. Quantization
is the process of assigning a value to a range of values of RSSs. Different
quantization methods are implemented and they are described in section
4.3.

For the real dataset six types of clusters are implemented, these types
are:

- Cluster Type A:

Tag: < SCID >

This cluster is the fingerprinted cell coverage area, and is the largest
type of cluster. It corresponds to all high-precision measurements that
are under the same serving cell. This level of cluster is equivalent to
a CID positioning.

- Cluster Type B:

Tag: < SCID >< TA >

This cluster corresponds to all high-precision measurements that are
in the same serving cell and have the same TA value. This level of
cluster is equivalent to an E-CID positioning.

- Cluster Type C:

Tag: < SCID >< TA >< NCIDs >

This cluster corresponds to all high-precision measurements that are
in the same serving cell, have the same TA value and share the same
list of detected cells ordered from strongest to weakest. Because there
are up to seven detected cells there are six sub clusters depending on
the number of hearing cells used.

- Cluster Type D:

Tag: < SCID >< TA >< NCIDs >< RSSq >

This cluster corresponds to all high-precision measurements that are
in the same serving cell, have the same TA value, share the same
list of detected cells ordered from strongest to weakest and their
corresponding quantized RSS values are also the same. Because there
are up to seven detected cells there are six sub clusters depending on
the number of detected cells used.
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- Cluster Type E:

Tag: < SCID >< NCIDs >

This cluster corresponds to all high-precision measurements that are
in the same serving cell and share the same list of detected cells
ordered from strongest to weakest. The TA value is not considered.
Because there are up to seven detected cells there are six sub clusters
depending on the number of detected cells used.

- Cluster Type F:

Tag: < SCID >< NCIDs >< RSSq >

This cluster corresponds to all high-precision measurements that
are in the same serving cell, share the same list of detected cells
ordered from strongest to weakest and their corresponding quantized
RSS values are also the same. The TA value is not considered.
Because there are up to seven detected cells there are six sub clusters
depending on the number of detected cells used.

For the simulated dataset only three types of clusters were implemented,
clusters type A, E and F.

For clusters type C, D, E and F, the number of detected cells has to be
the same to be part of the same cluster. The number of detected cells can
be reduced by removing the weakest detected cell until having at least only
two detected cells.

It is then possible for a single high-precision measurement with seven
detected cells, to be part of only one cluster of type A, only one cluster
of type B, and six clusters of type C, D, E and F each. In total, a single
high-precision measurement can be part of up to 26 different clusters at the
same time in the case of the real datasets. On the simulated datasets, each
position measurement can be part of up to 13 different clusters.

The idea of having different types of clusters is to try to define smaller
regions, but also clusters-of-clusters in case not all the same radio signal
information is available when a positioning request is received. The
clustering process is directly related to the later matching data process,
which is described in section 4.5.

4.3 RSS Quantization

As mentioned, quantization is the process of assigning values to ranges of
values of received signal strengths (RSSs). In other words, it is collocating
RSSs values into predefined bins. The quantization method requires to
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predefine the number of bins. The coarsest method for quantizing is by
predefining only two bins, which would represents RSSs values of high and
low. The threshold, or the level that separates high from low in this case,
must also be predefined.

Three quantization methods are implemented, with different number of
bins. The thresholds are set by dividing the range of available RSSs values
by the number of bins. The number of bins implemented for this thesis
is 3, 5 and 8 to investigate the effect of the quantization methods in the
accuracy performance.

4.4 Polygon Creation

The polygon creation step of the AECID method consists on depicting
the region each cluster covers with a polygon. The resulting polygon is
restricted to have between 3 and 15 corners due to the supported polygon
format by the LTE standard described in section 2.3.

Based on the three ideas on which this polygon should be constructed,
so that (see section 3.1.2):

• The area of the polygons are as small as possible.

• The constraint of the confidence value is maintained for the
high-precision measurements available.

• Basic geometrical constraints are maintained; the polygon must not
intersect itself and must be a closed shape.

Two alternatives in addition to the contracting polygon algorithm (CPA)
(see section 3.1.2) are implemented. The first alternative is an enhancement
of the CPA, while the second is a novel polygon creation algorithm which
aims to overcome some difficulties the CPA and its enhanced version present.

4.4.1 Enhanced Contracting Polygon Algorithm

The enhancements introduced to the CPA consist on modifying step 3 of
the initialization and steps (f) and (g) (see section 3.1.2).

Step 3 on the initialization computes an initial polygon that contains
all high-precision measurements of a cluster.

3. Compute the initial polygon distributed around circle with
radius Rp = 2rp (eq. 3.5, 3.6).

The use of a radius Rp = 2rp is to ensure that all high-precision
measurements are inside the initial polygon. The modification introduced is
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Figure 4.1: Difference of initial polygons Np = 6 (Hexagons)

that instead of creating an inscribed polygon in a circle of radius Rp = 2rp,
a circumscribed polygon around a circle of radius rp is computed. This new
initial polygon still contains all high-precision measurements inside but with
a smaller area depending on the number of corners (Np) used. For Np = 3
the initial polygon computed is unchanged. The change is more noticeable
as more number of corners are used. Figure 4.1 shows the difference for
Np = 6 (hexagons) between the two approaches, the difference of areas is
evident.

Equations 3.5 and 3.6 are mantained but the initial radius used for the
computation now depends on the number of corners used to create the

polygon and changes to Rp =
rp

cos
(

180
Np

) , step 3 is modified to:

3. Compute the initial polygon distributed around circle with

radius Rp =
rp

cos
(

180
Np

) (eq. 3.5, 3.6).

Steps (f) and (g) of the CPA set the number of high-precision
measurements that are to be used for the next iteration of the algorithm.

(f) Remove the high-precision-measurement point that is no longer
in the interior of the polygon from any lists of interior points.

(g) Nm,rem
p := Nm,rem

p − 1.
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At each iteration of the CPA the polygon is contracted by calculating the
maximum possible movement of each of its corners and choosing the one
that reduces the area the most. This reduction does not guarantee that
a high-precision measurement is removed from the inside of the polygon.
The movement of each polygon corner is constrained by removing one high
precision measure from its inside, but also by the self intersecting constraint,
which would only reduce the area of the polygon without removing any
high-precision measurements from the inside.

While step (f) leaves the possibility open that a high-precision
measurement might not have been removed, it should be more accurately
redacted to:

(f) Remove any high-precision measurement points that are no
longer in the interior of the polygon from the list of interior points.

Step (g) forces the algorithm to reduce the number of points inside the
polygon by one even though this might not have occured. It is modified to:

(g) Nm,rem
p :=Number of high-precision measurement points

remaining inside the polygon at the end of the current iteration.

or simply to:

(g) Update Nm,rem
p .

These two modifications done to the CPA result in different polygons
created for each cluster. The approach taken to create them does not differ
from what is proposed by the CPA. The input parameters for both the
CPA and this enhanced version of it are the confidence level (Cp) and the
number of corners of the polygon (Np), both are a function of the number
of high-precision measurements (Nm

p ) inside each cluster.
This is the same approach taken by the author of the AECID method in

[12].

4.4.2 New Polygon Creation Algorithm

A different approach to that of the CPA is proposed to create polygons
for the clusters. Instead of contracting an initial polygon and removing
inner high-precision measurements while the predefined confidence level is
maintained, the concave hull of the points is given as the polygon. Inner
measurements are removed and the confidence level maintained, but unlike
the CPA, where the points removed were those that would maximize the area
reduction of the initial polygon, the points removed in this new algorithm
are those furthest away from each other.
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The concave hull is the smallest possible polygon for any set of points,
it does not have a single solution and different concave hulls can be created
for the same set of points. The proposed algorithm restricts the concave
hull to have a maximum of 15 corners supported by the polygon format for
reporting position (see section 2.3).

The proposed algorithm starts by computing the minimum number of
points of a cluster required to maintain the predefined confidence level and
removing points furthest from each other. To overcome the issue of not
being able to construct a hull around collinear points, which is a common
occurrence when collecting data on roads, the algorithm adds ’ghost-points’
or ’noise’ around each point and then uses this noise to construct a concave
hull.

The addition of noise is a simple solution, yet some issues come when
implementing how the noise is added. The implemented method for adding
noise works by adding a fixed number of points around each high-precision
measurement. After trying different number of noise-points to add, the
number chosen is 7. The reason behind this number is that 7 points
around a point describe a polygon which edges are not parallel, the angle
between edges is obtuse and the number of points is kept low enough for
computational matters.

The distance the noise-points are added (Rn) from each high-precision
measurement is computed by the algorithm. The distance should be kept
short so the concave hull describes a smaller area but it should be long
enough so that the noise-points of different high-precision measurements
are close enough to create a single hull around them. If the points are
too far from one another the algorithm will create separate hulls for the
same cluster. A minimum distance of 4 meters and a maximum of 10
meters is used for each high-precision measurement, values in between are
computed at 60% the average distance between neighboring measurements.
The number of neighbors used to compute the average distance is 10% of
all the measurements inside the cluster.

With the number of noise-points to add (7) and the distance (Rn),
the noise is added using equations 4.1 and 4.2 around each high-precision
measurement rm,p

j = (xm,p
j ym,p

j ).

xn
j,i = xm,p

j + Rn cos

(

360◦ (i − 1)

7

)

(4.1)

yn
j,i = ym,p

j + Rn sin

(

360◦ (i − 1)

7

)

(4.2)

Once the noise is added around each high-precision measurement a
concave hull is created using the Matlab function alphaShape. The input
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data required for this function are the point coordinates and the α-radius
used to create the α-shapes. The initial α-radius used is set at three times
the distance used to create the noise-points (α-radius = 3Rn). At this
point, the algorithm might still create more than a single hull for the cluster
depending on the distribution in space of the high-precision measurements.

It is possible that some of the high-precision measurements are located
at a certain distance away from main concentration of points of the cluster.
In this case the alphaShape function will create two or multiple regions for
one cluster. To avoid this case, if one region is much smaller than the other
it is considered as an outlier and removed. It is also possible that because
of the distribution of the points, the alphaShape function creates a region
with holes inside, this case has to be avoided since the polygon format does
not support hollow shapes.

To overcome the issues described above, the alphaShapes function allows
to set thresholds to the size of both regions and holes. The aim is to create
a single-whole region. The threshold for creating a region is set at 30%
the area of the largest region created. Hence, if more than one region is
created and one has an area smaller than 30% the area of the largest, it is
considered as an outliers and removed. If the multiple regions created have
a similar areas, the algorithm tries to create a single region by iteratively
increasing the α-radius by one meter until a single region is created or the
smaller regions removed. The area threshold for holes is the same as for
regions, which means that holes with a area smaller than 30% the area of
the largest region will be automatically filled.

The single-whole region created so far has not been restricted to 15
corners allowed by polygon format. If the region created has 15 corners
or less the algorithm stops and the region is stored as the polygon to be
delivered, otherwise the process of reducing the number of corners is done
first by implementing the douglas-peucker algorithm for closed lines [7].
The sensitivity parameter for the douglas-peucker algorithm is set as ǫ =
Rn.

The douglas-peucker algorithm reduces the number of corners of the
region, but it still does not guarantee a region with 15 or less corners before
converging. If the number of corners is still over 15, a second algorithm
is implemented to fix the number of corners to 15. This second algorithm
starts by finding the two corners that are furthest from each other, these
first two corners are kept and belong to the final polygon. A line is traced
connecting these two initial corners and the next corner selected to be part
of the final polygon is the one that is the furthest (perpendicular distance)
from the traced line. This second algorithm continues to select corners by



4.4 Polygon Creation 39

tracing lines between previosly selected neighbouring corners, computing
the distance of each remaining candidate corner to their corresponding
traced line (edge of the polygon) and selecting the one with furthest from
it. Once 15 corners have been selected the algorithm stops and an adequate
polygon stored.

Finally, the algorithm transforms the polygon to WGS 84 coordinates
and stores it in the database.

Notation

Np = Number of polygon corners for cluster p.

Nm
p = Number of high-precision measurements of cluster p.

Nm,used
p = Number of high-precision measurements of cluster p used to

create a polygon.

Cp Specified confidence of the polygon corresponding to cluster p

rp
i = (xp

i yp
i )T , i = 1 . . . Np. Np polygon corners corresponding to

cluster p in a ET coordinate system.

rm,p
j = (xm,p

j ym,p
j ), j = 1 . . . Nm,used

p . Nm,used
p high-precision

measurements used to determine the corners of the polygon
corresponding to cluster p in a ET coordinate system.

rn
j = (xn

j yn
j ), j = 1 . . . Nm,used

p . Nm,used
p × 7 noise points used to

determine the α-shape of cluster p in a ET coordinate system.

Algorithm

1. Set Nm,used
p = Nm

p

2. Repeat until Nm,used
p ≤ CpNm

p

(a) Compute center of gravity rCG of measurements to be used for
creating a polygon

rCG = (xCG yCG)T =
1

Nm,used
p

N
m,used
p
∑

j=1

(xm,p
j ym,p

j )T (4.3)

(b) Remove high-precision measurement jp
max furthest from the

center of gravity

jp
max = argmax

j

√

(xm,p
j − xCG)2 + (ym,p

j − yCG)2 (4.4)
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(c) Nm,used
p = Nm,used

p − 1

3. Add noise

(a) Compute radius of noise rn. The subindex k refers to the kth
nearest neighbour of j.

Rn = 0.6 ×

N
m,used
p
∑

j=1

(0.1×N
m,used
p )
∑

k=1

√

(xm,p
j − xk)2 + (ym,p

j − yk)2

Nm,used
p

(

0.1 × Nm,used
p

)

(4.5)

(b) Constrain Rn to 4m ≤ Rn ≤ 10m

(c) Add noise with equations 4.1 and 4.2

4. Create α-shape of the cluster

(a) Set α-radius = 3Rn

(b) Matlab function α-shape = alphaShapes (rn
j , α-radius)

(c) Repeat until Matlab function numRegions (α-shape) = 1

i. α-radius = α-radius +1

ii. threshold = 0.3×Area of largest region

iii. Matlab function α-shape = alphaShapes (rn
j , α-radius,

’HoleThreshold’, threshold, ’RegionThreshold’, threshold)

5. Create Polygon

(a) Matlab function [ ∼ , Polygon ] = boundaryFacets (α-shape)

(b) if Np > 15 do:

i. ’Douglas-Peucker’ [7] algorithm for reducing number of
polygon corners.

ii. if Np > 15 do:

A. Set Np = 15

B. Use 15 most representative corners of the polygon.

6. Convert polygon corners to WGS 84 coordinates and store.

Unlike the CPA and its enhanced version, this new algorithm has as
an input only the confidence levels, which are a function of the number
of high-precision measurements of each cluster. The number of corners is
computed by the algorithm.

The comparison between the different polygon creation algorithms is
presented in chapter 6
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4.5 Data Matching

Because of the different types of clusters created (see section 4.2), the data
matching process aims to deliver not only a fingerprint where position
request is located, but also a fingerprint that most accurately depicts
the location, in other words the smallest possible fingerprint for improved
accuracy. The methods that determine the accuracy achieved are described
in chapter 5.

The data matching process begins by taking measurements of the radio
environment of the location. The measurements taken from the radio
environment would ideally be the same used for the creation of fingerprints.
If the RSSs from the detected cells are available, they are ordered from
strongest to weakest and then quantized with the same method used for
the creation of the database. A tag is created with the same format of the
tags of the fingerprints. The first search of the data matching process will
try to find the same tag in the database and deliver back the fingerprint.

If a match is not found, then the hierarchy of the clusters comes to play.
For the simulated datased there is only one hierachy and no investigation
is done regarding the hierarchy for this dataset, this is not the case for
the real datasets. In theory, the hierarchy should have the clusters that
depict the largest regions at the bottom and clusters depicting the smallest
regions at the top of the hierarchy. Clusters type A are at the bottom of the
hierarchy, in the worst case the polygon that depicts the serving cell should
be delivered, this is equivalent to the CID method. Clusters type B are in
second place in the hierarchy from the bottom up, if the match is done at
this level it is equivalent to an E-CID method. CID and E-CID methods are
described in section 2.2.1. Clusters type E come third from the bottom
up on the level of hierarchy and clusters type D are at the very top of the
hierarchy since they include all the available information for clustering and
would in theory represent the smallest regions. It is not clear where in the
hierarchy clusters type C and type F should be placed, therefore the two
possible options to place them are implemented (see figure 4.2).

The matching process will start from the top of the hierarchy down until
a match is found. The number of detected or hearing cells brings another
dimension to the size of the clusters. Arguably, the more the number of
detected (hearing) cells available the smaller the region the cluster would
depict. Based on this statement, the matching process starts by looking for
tags containing the same number of detected cells, and start reducing the
number of cells by removing the one with the weakest RSS until a match is
found.

The implemented methods for matching consider these two dimensions
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Figure 4.2: Two hierarchies of clusters implemented

of the clusters, the hierarchy and number of cells. The idea is to start the
search from smaller to larger clusters and if the reduction of the area of the
cluster is larger by going down the hierarchy or by reducing the number of
cells is not intuitive, therefore, both alternatives are studied.

The first method implemented works by going down the top four levels
hierarchy first, removing the weakest cell and going down those first four
levels again until only two cells are left, then it will go down the two
remaining levels of the hierarchy. The process of this first method is shown
in figure 4.3, where N represent the number of detected (hearing) cells and
H the hierarchy level, starting with 1 for the top level.

A second method starts at the top of the hierarchy, reduces the number
of cells until only two are left, then goes down one hierarchy level with the
initial number of cells reducing them until two are left and then it will go
down the two remaining levels of the hierarchy. The process of this method
is shown in figure 4.4, where N0 is the initial number of detected cells,
which in our case is 7. And H is the hierarchy level.

A third and last method is a combination of the previous two, it starts
at the top of the hierarchy, reduces the number of cells but only once, goes
down the hierarchy with the initial number of cells, reduces the number
of cells again only once and so on until the fourth level of the hierarchy is
reached, then it goes back to the top of the hierarchy with the remaining
number of cells and starts again until only two cells are left, it finally goes
down the two bottom levels of the hierarchy. The process of this third
method is shown in figure 4.5.

The reason to leave for last the bottom two levels of the hierarchy, which
correspond to clusters type B and A, is that they are independent of the
number of hearing cells.
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Figure 4.3: Data Matching - method 1

Figure 4.4: Data Matching - method 2
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Figure 4.5: Data Matching - method 3

4.6 Position Report

Out of the seven formats (see section 2.3) supported by the LTE standard,
three of them are implemented, these formats are:

1. Polygon.

2. Ellipsoid point

3. Ellpsoid point + uncertainty circle.

The polygon is by default the fingerprint delivered by the AECID

method, this format is reported together with a confidence level value,
which is the probability that the UE is located inside the reported polygon.

The second format studied is the ellipsoid point, which is a point in
WGS 84 coordinates. The transformation from the polygon stored in the
database to this format is simply done by computing the center of gravity
of the polygon and reporting it as an ellipsoid point.

The last format implemented for study is the ellipsoid point +
uncertainty circle. The transformation to this format from the polygon
format is done by computing the center of gravity of the polygon and adding
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a circle around it. The circle around the point should have the same level
of confidence of the polygon. In the implementation done, however, the
radius of the circle is the distance to the furthest corner of the polygon
from its center of gravity and the confidence level for this circle part of
the investigation of this thesis. The circle created completely contains the
polygon.





Chapter 5

Evaluation of the AECID

method

This chapter describes how the implementations described in chapter 4 are
evaluated. Each step of the AECID method is evaluated separately to study
the impact on the positioning performance.

5.1 Evaluation Scenarios

The evaluation is done using three datasets, two of them are real collected
data and one is simulated data. As mentioned in section 1.4, the location
of the transmission points is not required for the implementation of the
AECID method. The method used to collect the data is also not specified,
however, all data available is useful for the evaluations.

5.1.1 Simulated Data

The simulated dataset consists on two separate sets of data, one used only
for training and the other used only for evaluation.

The training data consist of 19 355 position measurements, for which
the RSSs to up to 26 neighboring base stations is also collected for each
position measurement. This number of neighboring cells is reduced to only
7 to match the real datasets. The assumption that the serving cell is the
one with the strongest RSS is done.

The evaluation data consists of 7902 position measurements, which is
about 40% the size of the training data.

Figure 5.1 show the plot of the simulated dataset.

47
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Figure 5.1: Simulated datasets for training and evaluation.

5.1.2 Real Data

The real datasets consist of 4 drives around the same city which location is
unknown. Two of them are used only for training and the other two used
only for evaluation purposes.

The RSSs of up to seven base stations are collected for each A-GPS

measurement. The serving cell is known and the TA value to the serving
cell is aslo collected.

The first training dataset consists of 12 452 A-GPS measurements and it
is evaluated with a dataset of 6 335 A-GPS measurements, which is around
50% the size of the training dataset.

The second training dataset consist of 87 770 A-GPS measurements and
it is evaluated with a dataset of 28 359 A-GPS measurements, which is
around 32% the size of the training dataset.

5.2 Accuracy Performance

The position performance is measured using two different metrics. The first
metric is the distance error, which is the distance from the reported position
to the real position, estiamted by A-GPS measurements. This metric is
presented in cumulative distributed function (CDF) plots. Each step of the
AECID method impacts differently on the results obtained measured in the
distance error, the estimated position for the different report formats is the
center of gravity of the polygon stored in the database of fingerprints. This
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metric is the most commonly refered to, in fact, the U.S. FCC requirements
are at the 67% and 95% indexes of the CDF.

The second metric presented is the hitrate, it is only used to evaluate
the reporting formats of the polygon and the ellipsoid point + uncertainty
circle. The hitrate value shows the fraction of time the real position is
inside the reported polygon or uncertainty circle.

5.3 Base Scenario

To evaluate the implementations done; the three different polygon
algortihms (section 4.4), the different data matching methods (section
4.5), the RSS quantization methods (section 4.3) and the reporting formats
(section 4.6), a base scenario first needs to be established for comparison.

The base scenario is based on what is described by the author of the
AECID method in [12].

The quantization method is not specified in [12], it only mentions that
the RSSs values should be quantized. The least refined quantization method
implemented is the one that divides the RSSs in only three levels, it is
then this method chosen regarding the quantization method for the base
scenario.

The polygon creation algorithm for the base scenario is the contracting
polygon algorithm (CPA), which was in fact first introduced in [12].

The matching method proposed in [12] is to go down the hierarchy
to look for a match. This is equivalent to the first matching method
implemented described in section 4.5 and shown in figure 4.3.

Lastly, regarding the reporting format, the author of the AECID method
indicates that the polygon created can be reported based on the fact that
the LTE standard supports such format, but he also clarifies that other
formats can be transformed from this polygon. The polygon is hence
considered as the base case for comparison.





Chapter 6

Results

The results of the investigation are presented in this chapter.

6.1 Results

6.1.1 Polygon Algorithms

All different scenarios evaluated showed a similar tendency regarding the
three polygon algorithms implemented. The newly proposed algorithm (see
section 4.4.2) returns better results in distance error in all cases followed
by the enhanced version of the CPA.

The CDF plots regarding the polygon creation algorithms performance
is shown in figures 6.1, 6.2 and 6.3 for each dataset.

The quality of the polygons created should also be pointed out. Figure
6.4 shows three clusters randomly chosen to illustrate the final polygon
each algorithm creates. Figure 6.5 shows the three polygons the CPA create
around the clusters. It can clearly be seen that the polygons can not be
distinguished one from the other or indicate which cluster each represent.
They also cover larger areas than the cluster they aim to depict. Figure 6.6
shows the polygons created by the enhanced version of the CPA, which still
can’t be differentiated one from the other. Figure 6.7 shows the polygons
created by the newly proposed algorithm in which the region covered by
each cluster is more clearly visible.

6.1.2 Data Matching Methods

The results shown on the evaluation made on the different data matching
methods return different figures for the different datasets. Figure 6.8 shows
the performances of the different matching methods for the simulated
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Figure 6.1: Polygon creation algorithms performance - Simulated Dataset

Figure 6.2: Polygon creation algorithms performance - Real Dataset 1
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Figure 6.3: Polygon creation algorithms performance - Real Dataset 2

Figure 6.4: Example of measurements belonging to different clusters
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Figure 6.5: Contracting Polygon Algorithm CPA Polygons - 3 Different
colors represent different clusters

Figure 6.6: Enhanced CPA Polygons - 3 Different colors represent different
clusters
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Figure 6.7: New Polygon Algorithm Polygons - 3 Different colors represent
different clusters

dataset, in most scenarios evaluated for this dataset, matching method
1, which goes down the hierarchy of clusters first, tends to deliver better
results.

The results obtained on the the evaluation done on the the real datasets
in figure 6.9 show that method 2, which first reduces the number of hearing
cells before going down the hierarchy, performs better followed by the
method 3. On the second real dataset, shown in figure 6.10, all methods
perform in a similar manner.

The aim of the implemented data matching methods is to find the
fingerprint that depicts the smallest cluster.

6.1.3 Hierarchy

The evaluation regarding the different hierarchies was only done on the
real datasets since only one hierarchy was implemented on the simulated
dataset. The aim of studying different hierachies is to define the correct
path the data matching method should take to perform best in terms of
accuracy.

Figures 6.11 and 6.12 show that while on the first real dataset, hierarchy
2 gave better results in some cases, on the second real dataset the
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Figure 6.8: Data matching methods performance - Simulated Dataset

Figure 6.9: Data matching methods performance - Real Dataset1
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Figure 6.10: Data matching methods performance - Real Dataset2

performance for both hierarchies did not show any considerable differences.

6.1.4 RSS Quantization

Three levels of quantization were implemented to investigate the impact
of a more defined or coarse quantization method on the positioning
performance.

Figures 6.13 and 6.14 show the results obtained for the simulated
dataset and the first real dataset. The second real dataset was not evaluated
with different quantization levels after looking at the results obtained on the
other datasets. The figures show that a more defined quantization does not
impact on the positioning performance for neither scenario, and while there
is a slight difference occurring on figure 6.14, the CDF lines intertwine one
another and do not show if a more defined or coarse quantization delivers
better results.
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Figure 6.11: Hierarchy performance - Real Dataset1

Figure 6.12: Hierarchy performance - Real Dataset2
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Figure 6.13: Quantization performance - Simulated Dataset

Figure 6.14: Quantization performance - Real Dataset1
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6.2 Improvements in distance error vs. Base

Scenario

The comparison to the base scenario described in chapter 5 taken from the
original AECID method description in [12] are shown in figures 6.15, 6.16
and 6.17.

The figures show that there is an improvement in the position distance
error in all cases. In the 67% index the improvement in the simulated
scenario is down to slightly under 40m from above 48m. For the first real
dataset, is down from 66m to 50m, and for the second real dataset is down
to under 71m from 76m.

At the time the AECID method was published, the U.S. FCC requirements
was 100m for network based systems for the 67% index.

Figure 6.15: Best vs. Base Scenario - Simulated Dataset
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Figure 6.16: Best vs. Base Scenario - Real Dataset1

Figure 6.17: Best vs. Base Scenario - Real Dataset2
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6.3 Hitrates

The hitrate is the fraction of time the real position was correctly inside
the reported shapes. Tables 6.1, 6.2 and 6.3 show the hitrates obtained
for each set of data, for both the base scenario and the scenario with the
smallest distance errors. The tables show that while the distance error was
improved, the hitrate worsened in all cases.

The simulated scenario shows the best results with a hitrate of 60% for
the reported uncertainty circle for the smallest distance error. The worst
case is the second real dataset with a hitrate of 33% for the same format
and smallest distance error.

The hitrate for the polygon format was the worst in all cases, with only
14% hitrate for the second real dataset and 47% hitrate at its best in the
simulated scenario.

Figures 6.18 and 6.19 show the area of the reported polygons for the
base scenarios and for the best performance scenarios (those with smallest
distance error). We can see that the area of the reported polygons has
been reduced which explains the lower hitrates obtained; the smaller the
area reported, the less likely it is to be located inside of it.

SimData Base Scenario Smallest Distance Error Scenario

Polygon 0.600 0.474
Uncertainty Circle 0.974 0.600

Table 6.1: Simulated data - Obtained Hitrates

RealData1 Base Scenario Smallest Distance Error Scenario

Polygon 0.214 0.159
Uncertainty Circle 0.661 0.428

Table 6.2: Real data 1 - Obtained Hitrates

RealData2 Base Scenario Smallest Distance Error Scenario

Polygon 0.247 0.141
Uncertainty Circle 0.632 0.332

Table 6.3: Real data 2 - Obtained Hitrates
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Figure 6.18: Area of the reported Polygon - Simulated Data

Figure 6.19: Area of the reported Polygon - Real Dataset 2





Chapter 7

Discussion and

Contributions

This chapter presents a discussion on the investigation done, the
contributions and conclusions of the thesis based on the results presented
in chapter 6.

7.1 On Polygon Creation Algorithms

The most important contribution of this thesis is the introduction of a
different approach to create polygons that depict regions covered by clusters
of position measurements than that used by the contracting polygon
algorithm (CPA) introduced in [12].

The approach taken is to create the concave hull of each cluster. While
there have been different algorithms published regarding the creation of
concave hulls, and is a whole matter of interest within computational
geometry, the algorithm presented in this thesis uses built-in functions in
Matlab which facilitated the investigation on the impact of such approach
on the positioning performance of the AECID method.

The addition of noise to deal with variations of the radio measurements
and also to deal with the issue of creating polygons around collinear points
must also be highlighted. The restriction to maximum 15 corners for
the polygon format supported by the LTE standard brought also another
dimension to the difficulty of the task, reducing the number of corners of a
polygon while not affecting the shape it describes is also a matter of study
within computational geometry, and dealt with in a simple creative manner
in the algorithm introduced.

The performance of the contracting polygon algorithm (CPA) introduced
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in [12] to deal with the creation of polygons is good only when dealing
with clusters containing large number of position measurements uniformly
distributed in a region. Its performance is not good when the number of
measurements is small or the measurements are collinear, which is a very
common case when collecting data in streets.

From the results on the positioning performance we can conclude that
the new proposed algorithm represents an improvement on the reported
distance error. As well as returning ’nicer’ polygons for reporting from a
user’s perspective. The low hitrate results and confidence levels is discussed
later in the discussion regarding the different reporting formats.

The proposed algorithm or approach towards the creation of polygons
can be further improved by modifying different parameters. The
initial confidence value for example, can be removed and all position
measurements be included from start with a different mechanism for
removing possible outliers. The addition of noise points can also be more
precisely set to represent areas where the variations of radio measurements
are expected to be within certain ranges. A study on the algorithm’s
complexity would also be beneficial for a faster creation of the database.

7.2 On RSS Quantization Methods

The quantization method of the RSS assigns levels to the RSS values that
aim to provide range of the distance to the different base stations a UE can
’hear’ at a certain position. It provides a simpler indicator to work with
instead of having to deal with the actual RSSs values measured in [dBm].

From the results, the conclusion is that a more or less refined
quantization method does not have an impact on the positioning
performance. This conclusion goes hand in hand with the conclusions
presented in [12] "..a finer quantization does not result in enhanced
performance..".

The motive behind why a finer quantization method does not affect
the positioning performance can be reasoned by looking at the plot of RSSs

values vs. distance to base station shown in figure 7.1. The red line in
the figure represents an ideal free-space path loss which is what is being
quantized in theory. In reality however, the blue dots represent the actual
RSSs values obtained from the simulated data. The variation on the real
datasets is expected to be even greater. The plot shows that the variation
is such that a finer or coarser quantization would simply assign a value to
the RSS, but would not necessarily represent a distance to the respective
base station. While clusters created under different quantization methods
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Figure 7.1: RSS values vs. distance

would differ, during the matching process, when the radio environment
is ’read’ by the position requester, the RSS is quantized with the same
method the position measurements were clustered together to create the
database, so the fingerprint delivered would be the equivalent regardless of
the quantization method used.

This conclusion does not mean that quantization methods should not
be looked into more deeply. On the contrary, it shows that the variance of
the RSS is a matter of such complexity that only under more sophisticated
modeling and study could a better indicator be elaborated.

7.3 On Data Matching Methods

The approach taken on the implemented data matching methods aimed
to look for the smallest fingerprint with a similar radio environment and
report it to the requester. The idea is that when delivering a smaller region
the positioning performance would improve. These statements proved to be
correct in terms of distance error performance but not in terms of hitrates.

The different scenarios evaluated showed that there is not one better
matching method. The performance of each method would depend on the
data used to construct the database of fingerprints. The radio properties
used, the number of hearing cells and the method of collection of data



68 Discussion and Contributions

would all impact on the size of the clusters created and therefore a smaller
fingerprint is not always represented by the same types of clusters.

An alternative approach to be taken on the data matching step of the
AECID method, would be to aim to report an exact most likely position
instead of a most likely region (fingerprint). Methods like the K-Nearest
Neighbor, minimum euclidean distance or probabilistic approaches, would
most likely further diminish the obtained distance error. These methods
could take advantage of the study done in this thesis to first narrow the
region and then compute a most likely position. Not only one fingerprint
but an N-number of most likely fingerprints could be gathered from the
database to perform the computation of the position. If a polygon is
to be reported, a new polygon can be computed from the fingerprints
gathered from the database. The main difference of such approach is that it
would require an additional computation step after accessing the database
of fingerprints, instead of directly reporting the information stored in the
database.

It is on this data matching step of the method where further
improvements on the accuracy performance could be introduced. The size
of the database depends on the area the fingerprints cover, which could be of
considerable size. The data matching methods studied in this thesis present
a narrowing of the search. More sophisticated data matching methods could
be implemented after the search has been narrowed, reducing the time of
any later computation.

7.4 On Positioning Reporting Formats and

Confidence Levels

The investigation done regarding the three different reporting formats was
of great interest. The AECID method proposes the creation of a polygon
shape, and it is from this initial shape that the other two formats derive.
However, the initial polygon shape returns the worst performance in terms
of hitrate, which is the chosen metric used to evaluate it.

Three main conclusions are drawn from the study of the different
formats. The first conclusion is that the confidence parameter used by
the CPA to create the polygons, does not represent the real confidence
level obtained. That parameter should not be considered or reported as
the confidence value of the polygon, it is rather a mechanism to remove
outliers from clusters or for the CPA to perform iterations. The confidence
values that should be reported are the hitrate values obtained from the
evaluation phase.
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The second conclusion is that in order to report acceptable confidence
values, meaning that we should improve the hitrate performance, a
calibration phase of the database has to be carried out. This phase is not
mentioned in [12], but it is of great importance to have an adequate quality
of service for the method. It would be in this calibration phase where the
real confidence values are calculated, and any necessary adjustments on the
possible report formats be done.

The last conclusion is that the positioning performance of not only
the studied AECID method but any alternative method could greatly
differ by changing the format or the position report. Naturally the most
interesting metric to consider is the distance error, however, if a method
is to be implemented in reality, this metric is insufficient to measure the
performance or the quality of the service provided, meaning that confidence
of the position report is not included.

7.5 On the AECID Fingerprinting Method

The adaptive enhanced cell identity (AECID) method studied in this thesis
proves to perform adequately to be implemented by operators of cellular
networks. The study done on this thesis shows that each step impacts on
different levels on the final performance of the method.

A key step of the AECID method is the calibration phase. It is in this step
where the most proper matching method is chosen since a better method
would depend on the information used to create the database. Confidence
levels for polygons and uncertainty shapes are to be set in this step as well.
The hitrate levels improved by scaling up the size polygons, or setting
thresholds for the radii of the uncertainty circles reported. This step would
guarantee the quality of service of the method.

What differentiates the approach of creating the fingerprints from other
fingerprinting methods is that the area or region of each fingerprint is
defined by the radio environment and not delimited by arbitrarily defined
grids. This approach to create fingerprints brings other uses for them
besides positioning. Soft handover regions could be easily identified as
the regions where the largest clusters (the serving cell) overlap one another
and be used to improve handover procedure.

Ad-hoc radio propagation models could be generated from the
information stored in the database. Since the information is constantly
updated, using time stamps to study the behavior of the radio environment
for different seasons, or times of the day would bring useful information for
service providers’ deployment strategies.
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Future work on the AECID method would be to optimize the creation
and management of the database. The number, type and size of clusters to
be created; the calibration method for the database, which is a key phase
on the performance of the method.



Chapter 8

Conclusions and Future

Work

Regarding the research questions proposed, the accuracy performance of
the AECID method is well within the requirement of at least 100m error for
67% of the requests for positioning given by the U.S. FCC at the time the
method was originally published. Of all the steps of the AECID method,
only the quantization method of the received signal strength RSS appeared
to have little impact on the final accuracy performance of the method; every
other step showed that different approaches taken would impact the final
performance of the method.

This thesis introduced different approaches that enhanced the
performance of the AECID method. Further enhancement could be achieved
by focusing on the data matching step of the method, as well as a better
defined calibration process of the database of fingerprints. Aiming not only
to enhance the accuracy performance but also keep the database updated
and optimized for faster report of the position.

Finally, as seen from the different results obtained from the different real
datasets, the collection method of the radio measurements for the creation
of databases, is another process which has an impact on the performance
of the method. While the study done on this thesis assumed the validity of
the data provided, it is clear that a proper collection of data is needed
to guarantee a good quality of the database and therefore of the final
positioning service.
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