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Abstract

Indoor localisation systems is evolving towards systems that can take
advantage of any readily available information in the environment
and a mobile device. This type of localisation is called opportunistic

localisation system.

Some aspects of opportunistic indoor localisation systems, utilising
received signal strength (RSS) measurement, need to be enhanced in

terms of accuracy and usability.

Usability is defined as ease of installation and maintenance of the sys-
tem. Before an opportunistic localisation system can be used, system
calibration must be performed. During calibration, RSS measure-
ments throughout the coverage area (called a fingerprint) must be
collected and saved in a database. However, building a fingerprint
database is time consuming and cumbersome. Furthermore, build-
ing fingerprints in a large-scale indoor environment is not a trivial

undertaking and is labour intensive.

Therefore, implementation of opportunistic based localisation with
more advanced algorithms is crucial to the wider adoption of afford-

able, accurate, usable indoor localisation systems.

This research proposes a learning data fusion algorithm based on a
particle filter to increase the accuracy and usability of opportunistic
indoor localisation system. The particle filter algorithm is improved
with map filtering and backtracking particle filtering to further in-

crease accuracy of the system.

To address the usability problem, a learning data fusion algorithm

was devised. This was able to automatically generate and calibrate a



RSS fingerprint. The algorithm maintained the fingerprint up-to-date,

thus achieving self-calibration of the localisation system.

In addition, the algorithm furthermore is used to fuse different sen-
sory data when more fine-grained accuracy is desirable or when a
multi-modal localisation system is required for different application
domains, such as localisation for first-responders in emergency scenar-
ios. The algorithm was used for fusing different localisation modalities
based on wireless local area network (WLAN), pedestrian dead reck-

oning (PDR), ultrasound and wireless sensor network (WSN).

The main contributions of this work are the self-calibration finger-
printing to enhance usability of the opportunistic indoor localisation,
and a collection of algorithms (map filtering, backtracking particle
filter and particle filter-based sensor data fusion) to increase the ac-
curacy of opportunistic indoor localisation system. Those algorithms
advance state of the art and will be described and evaluated in this

thesis.
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Chapter 1

Introduction

Growing interest in pervasive computing has been fostered further by the om-
nipresence of mobile computing devices, such as portable media players, mobile
phones, personal digital assistants (PDA) and notebooks. Automatically ascer-
taining the physical location of people or devices is regarded as a key pervasive
computing application [1]. Knowledge of physical location would open up a wide
range of possible future applications; for example, tracking people and assets,
safety and security, and indoor navigation.

The global positioning system (GPS) is the mainstream technology for loca-
tion and tracking in outdoor environments [2]. However, GPS provides insuffi-
cient reliability and accuracy for indoor environments, since its signal is heavily
attenuated by building structures such as roofs and walls. Consequently, indoor
localisation systems have been proposed based on other technologies, such as
radio frequency identification (RFID) [3] and ultra wideband radio [4].

A common disadvantage of many existing localisation systems is the require-
ment for a dedicated device and proprietary infrastructure in the operation area
of the indoor localisation system. These systems are evolving to take advantage
of any readily available information in the environment and a mobile device. This
type of localisation is called an opportunistic localisation system. One of the most
common characteristics of a mobile computing device that can be extracted for
localisation purposes is the wireless communication channel.

Received signal strength (RSS) is one of the channel parameters of a wire-

less communication system that is relevant for localisation. Since virtually all
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wireless communication devices are able to obtain and read RSS, the localisation
system can be implemented in the off-the-shelf device with little or no hardware
change. The system becomes a software and algorithmic solution. However, some
aspects of opportunistic indoor localisation systems need to be enhanced, namely
usability! of the system and accuracy of location estimation. Before a locali-
sation system can be used, system calibration must be performed. During this
calibration, RSS measurements throughout the coverage area must be collected
and saved in a database called a fingerprint.

Building a fingerprint is an expensive undertaking. It is time-consuming and
cumbersome and building a fingerprint in a large-scale indoor environment is
especially labour-intensive. The effort required outweighs the value of having the
localisation system in the first place, thus hindering large scale adoption of such

systems.

1.1 Motivation and Thesis

The development of an algorithm to enhance the accuracy and usability is a
foundation in achieving an affordable, accurate and usable indoor localisation
system. Consequently, this area has received significant research interest in recent
years. However, the proposed solutions are still suboptimal given the problems
they are attempting to address.

The main motivation of the research is to address current drawbacks of the
opportunistic system and to develop a viable algorithm to advance state of the
art of the opportunistic indoor localisation system. It is achieved by enhancing
current approaches based on a particle filter and devising novel algorithms to

enhance accuracy and usability of opportunistic indoor localisation.

1.2 Research Objectives

The main objectives of the research presented here are summarised as follows:

1 Usability is defined as the ease to install and to maintain the system.
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1. A comprehensive review of the state of the art of indoor localisation sys-
tems, with a particular focus on highlighting opportunities for an affordable,

accurate, and usable opportunistic indoor localisation system.

2. Development and evaluation of a filtering algorithm with a Bayesian ap-

proach to enhance the accuracy of opportunistic indoor localisation.

3. Development and evaluation of a learning data fusion algorithm to enhance

the accuracy and usability of opportunistic indoor localisation.

4. Investigation of the sensor data fusion algorithm between different localisa-
tion technologies and also algorithm implementation in different application

domain.

5. Evaluation and comparison of the developed algorithms against current
approaches with a particular focus on the implementation of opportunistic

indoor localisation.

1.3 Contribution

A learning data fusion algorithm is devised to address current problems in op-
portunistic localisation systems. To enable the implementation of a particle filter
into opportunistic indoor localisation, novel motion and measurement models are
developed.

The particle filter-based algorithm is adopted to improve the accuracy of the
opportunistic system. Furthermore, map filtering and backtracking particle filter
algorithm are devised to further improve the accuracy of the opportunistic indoor
localisation system.

One of the most important contributions of this thesis is the self-calibration
fingerprint algorithm. The novelty of the algorithm lies on the ability to automat-
ically build and maintain the fingerprint up-to-date, thus significantly enhance
the usability of the opportunistic indoor localisation.

In addition, the algorithm is used to fuse different sensory data when more
fine-grained accuracy is desirable or when a multi-modal localisation system is re-

quired for different application domains, such as in localisation for first-responders
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in emergency scenarios. Sensor-specific measurement models are developed to en-
able the fusion.

The application of particle filter-based data fusion for opportunistic indoor
localisation which can also be implemented into different application domain is
one of the original contributions of this research.

It will be demonstrated that this novel algorithm yields significant benefits
not only for improving accuracy but also in the usability of the opportunistic

indoor localisation.

1.4 Thesis Outline

The remainder of this thesis is organised as follows:

e Chapter 2 describes the state of the art in indoor localisation. It will re-
view current systems and algorithms and address current approaches in

opportunistic indoor localisation.

e Chapter 3 discusses one of the contributions of this thesis - a Bayesian ap-
proach for opportunistic indoor localisation. It will present the idea behind

Bayesian inference, and its implementation as the particle filter algorithm.

e Chapter 4 presents the learning data fusion as the major contribution of the
thesis. The proposed algorithms are used to advance further the accuracy
and usability of opportunistic indoor localisation. It will be described how

the algorithm was able to build and refine the fingerprint.

e Chapter 5 describes the sensor data fusion of different localisation technolo-

gies.
e Chapter 6 provides a detailed evaluation of the proposed algorithm.

e Chapter 7 summarises conclusions that can be derived from the work pre-
sented and assesses future perspectives and opportunities for this research.
It also reflects on the overall conclusions that can be drawn from completing

the research presented in this thesis.



Chapter 2

State of the Art

A range of localisation systems have been developed to meet distinctive require-
ments of differing applications and operating environments. This domain has
evolved to utilise various physical phenomena and algorithms for location esti-
mation. This chapter describes current approaches towards development of such
localisation systems. Since various localisation systems exist, a localisation clas-
sification taxonomy is developed to make possible a more structured and com-
prehensive review of current approaches.

Section 2.1 describes the classification of localisation systems, which also
presents advantages and disadvantages of each approach. This classification un-
derlines the opportunities for affordable opportunistic indoor localisation systems.

Section 2.2 focuses on current approaches in opportunistic indoor localisa-
tion. It highlights the necessity for an algorithm that enhances the accuracy and

usability of the opportunistic indoor localisation system.

2.1 Classification of Localisation System

A classification was developed using criteria that help to underline the oppor-
tunities for an affordable, accurate, and usable opportunistic indoor localisation

system. These are:
1. Measured phenomena

2. Measured data processing



2.1 Classification of Localisation System

3. Performance

2.1.1 Measured Phenomena

Four phenomena which are typically measured to infer location have been iden-
tified:

1. Time of arrival (TOA) and time difference of arrival (TDOA)
2. Angle of arrival (AOA)
3. Received signal strength (RSS)

4. Inertial

Time of Arrival (TOA) and Time Difference of Arrival (TDOA)

Time of arrival (TOA), which is also sometimes called time of flight (TOF), is
the travel time between synchronised transmitting and receiving devices. The
receiver can find the time of arrival by subtracting the time at which the signal
was transmitted from the time at which the signal was received. TOA can be
measured directly using the ultra wideband (UWB) technique [5] [4] or by using
a signalling technique such as spread spectrum [6] [7]. Time difference of arrival
(TDOA) is the time difference of arrival between multiple synchronised transmit-
ters measured at the receiver. GPS is the best-known example of a localisation
system utilising TDOA measurement. Global system for mobile communications
(GSM) localisation can also be implemented using TDOA [8].

The advantage The advantage of TOA and TDOA is that the estimation can
be very accurate (to sub-meter levels). However, the complexity of the hardware
and the time synchronisation required are important disadvantages of localisa-
tion with time measurements [9]. Localisation systems based on this phenomenon

have low affordability.
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Angle of Arrival (AOA)

Angle of arrival (AOA) is a method for obtaining the direction of propaga-
tion of an incident radio-frequency wave. AOA can be measured either with
a mechanically-steered narrow beam width antenna, or with a fixed array of an-
tennas [10] of which the antenna array approach is more common and practical.
Another method for AOA, which has been used for ultrasound waves, is described
in [11]. It used several ultrasound receivers in a device to infer the angle of in-
coming ultrasonic pulse.

The advantage of AOA is that the required number of devices is relatively
low for localisation. Two measurement points are sufficient for two dimensional
(2D) localisation or three measurement points for three dimensional (3D) locali-
sation'. The estimation also can be very accurate. Disadvantages include the
requirement for relatively large and complex hardware and the fact that accuracy
degrades as the mobile target moves further from the measurement unit [12]. The
hardware requirement will make localisation systems based on this phenomenon

have low affordability.

Received Signal Strength (RSS)

RSS is the radio signal power present at the receiver a distance from the trans-
mitter. In general, RSS decreases proportionately with this distance [13]. If
the relationship of distance to signal strength is known, either analytically or
empirically, the distance between two devices can be calculated.

There are several advantages of using RSS for indoor localisation. Firstly, it
can be implemented in wireless communication systems with little or no hardware
change. All that is needed is the capability to obtain and read RSS, which
is provided by virtually all wireless communication devices. The localisation
system can therefore be implemented in off-the-shelf devices. Secondly, it does
not require synchronisation between transmitter and receiver. These advantages
are key factors that contribute to the greater affordability and usability of using

RSS for indoor localisation. The principal disadvantage is that RSS readings

Tt assumes a priori knowledge of orientation
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can show large variations due to interference and multipath on the radio channel.

The accuracy is therefore lower than time measurement methods [14].

Inertial

Inertial is a measured phenomenon used to infer the direction, displacement or
velocity of an object for navigational purposes'. A range of instruments can be
utilised for such measurements including accelerometers, magnetometers, gyro-
scopes, compasses or odometers. A more detailed explanation of how the navi-
gational instruments work can be found in [15] [16].

The advantage of using inertial measured phenomena is that the sensors
are independent of any external infrastructure. Therefore, it is suitable for lo-
calisation or navigation where there is no localisation infrastructure inside the
building, such as localisation for first responders [17]. A disadvantage is that
these systems can only provide a relative position; to provide an absolute position

the assistance of another system would be required.

Other

There are a variety of other measured phenomenon that can be used for localisa-
tion, such as images taken from a wearable camera [18] [19] or audio and video
signals [20] as data supplemental to other localisation systems. Since these meth-
ods required specialised and costly hardware, this method has a low affordability.
Therefore, these methods are beyond the scope of the present work and will not

be discussed further here.

2.1.2 Measured Data Processing

Classification based on measured data processing looks into how localisation sys-
tems process measured phenomena to infer location. The most common data

processing methods to infer location are:

1. Geometric

! Navigation is a determination of position and velocity of a moving vehicle.
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2. Fingerprinting
3. Proximity

4. Dead reckoning

Geometric

Geometric properties may be used for location estimation. Common geometric
methods for location estimation include lateration and angulation (Figure 2.1). In
lateration, target location is estimated by measuring its distance from multiple
reference points using TOA (Figure 2.1(a)), TDOA (Figure 2.1(b)) or RSS
measurements (Figure 2.1(c)). Angulation uses intersections of several pairs of

angle direction lines to estimate target location (Figure 2.1(d)) .
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@ Mobile device
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T Time

@® Mobile device
T Time

(a) Lateration using TOA. (b) Lateration using TDOA.
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WV Reference device
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L Measured path loss

(c) Lateration using RSS.

WV Reference device
@ Mobile device
@ Angle

(d) Angulation using AOA.

Figure 2.1: Geometric methods for different types of measurements
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Finding the circles’ intersection points or minimising cost function using the
least-square technique is a straightforward method with TOA [21]. A hyper-
bolic method (Figure 2.1(b)) may be used for TDOA measurements [22] whilst
distances can be calculated from RSS measurements using a radio propagation
model [23].

Fingerprinting

Fingerprinting is a method for mapping measured data (e.g.: RSS) to a known
grid-point throughout the coverage area in the environment. Location is esti-
mated from comparison between real-time RSS measurement and a RSS previ-
ously stored in the fingerprint. Fingerprinting is often used for RSS-based indoor
localisation, especially when analytical correlation between RSS measurement

and distance is not easily established due to multipath and interference [9].

Proximity

The proximity method provides symbolic location in terms of co-location with
a known landmark. Mostly, it relies on the deployment of a dense grid antenna
as the landmark. Mobile device location is determined as the antenna position
which received the strongest signal. The proximity method is widely used for
RFID [3], infra red localisation [24] or GSM positioning with cell identification
(Cell-ID) or cell of origin (COO) method [25].

Dead Reckoning

Dead reckoning is a process for estimating location by advancing a known po-
sition using inertial sensory data translated to speed, time, course and distance
travelled [13]. In other words, calculating where the target will be at a certain
time if it maintains its speed (v) and course.

Figure 2.2 illustrates the dead reckoning principle to calculate target location
x; from previous known position x; 1 based on distance travelled (d = v.At) and

course/angle.

10
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Ty

d  =distance
Z¢—1 = previous location

[4 =angle
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Figure 2.2: Dead reckoning principle.

2.1.3 Performance

Classification based on performance categorises various localisation systems based
on the working environment and accuracy. A summary of this classification is
illustrated in Figure 2.3. It was used to demonstrate the technology barrier of
existing localisation technologies and it was an adaptation of the taxonomy found
in [12].

It can be seen that indoor localisation systems based on UWB and microwave
technology with time and angle measurements give the best accuracy. Nowadays,
there are several commercially-available implementations of UWB [26] [27] [28]
and proprietary microwave localisation [29] [30] available commercially. However,
these systems require expensive and complex hardware, thus presenting a high
technology barrier to wider implementation [29].

An alternative approach is to use existing wireless technology for indoor lo-
calisation. Some initiatives based on WSN technology [31] [32] technology, blue-
tooth [33] [34], digital enhanced cordless telephone (DECT) [35], and WLAN [36]
have been proposed.

This approach utilises RSS of the wireless-communication channel for indoor
localisation. It offers several important advantages, such as greater affordability
(since RSS is virtually free to obtain) and the fact that it can be implemented with
essentially off-the-shelf hardware. This approach, therefore, has a low technology
barrier.

Recently, WLAN has become the dominant local wireless networking technol-

ogy. It has coverage range of 50-100m, which is better than most local wireless

11
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technologies such as Bluetooth or WSN. In consequence, many opportunistic in-

door localisations use RSS of WLAN as the technology platform of choice.
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Figure 2.3: Operating environment and accuracy of various localisation systems.

2.1.4 Summary

This section described the classification of localisation systems and also presents
advantages and disadvantages for each approach. It was shown that TOA, TDOA
and AOA gave the best performance in terms of accuracy. The accuracy can be
increased further by combining TOA-AOA or TDOA-AOA in one system. The
disadvantages of these solutions are the requirement for time-synchronisation,
and for complex or special-purpose hardware. Therefore, these options present a
high technology barrier to wider implementation and exploitation of localisation
systems. Since these solutions need dedicated hardware and infrastructure, it has
lower affordability.

Using the RSS of the wireless-communication channel for indoor localisation
offers several important advantages, such as greater affordability (since RSS is
virtually free to obtain) and the fact that it can be implemented with essentially
off-the-shelf hardware. RSS lateration methods are common in outdoor localisa-

tion based on cellular networks. To achieve better accuracy, fingerprinting is often

12
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preferable, especially when analytical correlation between distance and RSS mea-
surement is difficult to establish, such as in indoor environments. Fingerprinting,
therefore, is method of choice for opportunistic indoor localisation.

The aforementioned advantages make RSS as the phenomenon of choice for
opportunistic indoor localisation. However, the accuracy of RSS-based oppor-
tunistic indoor location still needs to be enhanced to meet requirements of typi-
cal applications. Furthermore, building an RSS fingerprint is not a trivial effort,
especially in large scale indoor environment.

Enhancing the accuracy and usability of opportunistic indoor localisation be-
comes the objective of this research. Furthermore, using single type of measured
phenomenon may not offer required accuracy, but they can be combined to achieve
better accuracy.

WLAN has become the dominant local wireless networking technology. Ac-
cordingly, majority of the opportunistic indoor localisation systems use RSS of
WLAN as the technology platform. The next section will review current ap-
proaches in opportunistic indoor localisation and identify problems that still need
to be addressed.

2.2 Current Approaches to Opportunistic In-

door Localisation

There have been considerable research in the area of opportunistic indoor locali-
sation particularly using WLAN as the technology platform. There are a number
of methods commonly used to infer location from RSS measurement. Those

methods will be presented in the following section.

2.2.1 Current Methods
Nearest Neighbour (INN)

An early implementation, called RADAR [36], adopted a method termed nearest

neighbour (NN) distance in signal space. The location is estimated by a position

13
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in the fingerprint which has smallest distance (d*). The distance is governed by
the following expressions:

d* = arg min M(z",z) (2.1)

zteZ+

with

M(z",z) = Z |2TF — 2% (2.2)
ke(ztNz)
where d* represents the distance, Z™ represents the fingerprint, z*and z represent
a set of RSS in the fingerprint and measurement, respectively, k represents WLAN
the access point (AP), z"*and 2* represent the RSS value in the fingerprint and
measurement, respectively.

The authors offered two approaches to building a fingerprint. First, make
empirical measurements of RSS data throughout the coverage area in the indoor
environment. Second, using a propagation model called multi-wall model (MWM)
as suggested in [37]. Fingerprint prediction with a propagation model is explained
in more detail in section 2.2.3.

The advantage of the NN method is its simplicity and its requirement for
relatively low amount of computational power. The Disadvantages of the NN
methods are that it only takes into account current measurements to estimate
target location, and ignores other information (such as target behaviour, previous

measurements, etc.). This approach often leads to poor estimation accuracy.

Motetrack

Motetrack [38] is a RSS-based indoor localisation using WSN as the technology
platform. It uses a decentralised approach that runs on programmable beacon
nodes. The fingerprint database is replicated across the beacon nodes to minimise
per-node storage overhead and to achieve high robustness to failure.

To infer location, Motetrack extends NN method with a concept of penalty,

termed adaptive signature distance metric. The distance metric is governed by:

d* = arg min M(z",z) (2.3)

zteZ+
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with

M(z",z) = Z |28 — 2]+ Z 2T 4 Z 2F (2.4)

ke(ztnNz) ke(zt—2z) ke(z—zt)

where d* represents the distance, Z™ represents the fingerprint, z*and z rep-
resent a set of RSS in the fingerprint and measurement, respectively, k represents
a WSN beacon node, z**and 2* represent the RSS value in the fingerprint and
measurement, respectively. The advantages of the Motetrack method is its sim-
plicity and speed. The decentralised characteristic also makes it robust to failure.
The disadvantage of the Motetrack is, like NN method, its simple approach to

calculate the distance metric often leads to poor estimation accuracy.

Placelab

Placelab [39] tries to reduce barrier-to-entry to localisation systems by construct-
ing community contributed radio-map. Radio map is a database of beacons po-
sition (GSM towers and WLAN APs).

Many of these beacon databases come from institutions that own a large
number of wireless networking beacons or databases produced by the war-driving
community. War-driving is the act of driving around with a mobile computer
equipped with a GPS device and a radio (typically a WLAN card but sometimes
a GSM phone or Bluetooth device) to collect beacons position.

Distance to known beacons position in the database is inferred by RSS-
lateration method. The location can be calculated with finding the circles’ inter-
section points similarly used in TOA (see section 2.1.2).

The advantages of Placelab is that it can be used to integrate outdoor
and indoor localisation. The effort to build the radio map is also low since it is a
community contributed database. The disadvantage is that it has low accuracy
(15-20m).

Machine Learning

A machine learning approach has also been used for opportunistic indoor local-

isation. An artificial-neural-network (ANN) based classifier was used to infer
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location from WLAN RSS [40]. The fingerprint is used as training data for
ANN to build the localisation estimation model. The aforementioned study uses
three-layer architecture with three input units, eight hidden layer units, and two
outputs.

In [41] and [42], the authors proposed a statistical learning method based
on the support vector machine (SVM) classifier. SVM is a supervised learning
method which is mostly used as classification/regression. It uses a fingerprint as
its training data to build a classification model. During the training phase, SVM
constructs a classifier termed as hyper-plane which in turn is used to estimate
the target location.

An important disadvantage of the machine learning approach is that it
makes several assumptions which may not hold true in all situations [43]. Firstly,
it requires large amounts of labelled datal to train the system. Secondly, the
learned localisation model is static over time and across space. Moreover, static
location estimation and tracking of moving targets will give significantly differ-
ent results as this method does not properly consider a kinematic model of the
target [12].

Horus

The Horus system [44] [45] proposed a joint clustering technique for location
estimation. FEach candidate location is regarded as a class or category. The
fingerprint was stored as a collection of models for the joint probability distri-
butions. The fingerprint is built using probabilistic aggregation, either based
on a histogram method or on a kernel distribution method [46]. The estimated

location is calculated by:
arg max P(x|z) = arg max P(z|x).P(z) (2.5)

where P(x|z) represents conditional probability of location x given measure-
ment z, P(z|x) represents conditional probability of measurement z given location

x, P(z) represents probability of measurement z.

'RSS with ground truth position, analogue to a fingerprint
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The advantage of the Horus method is it can reduce required computational
power by the clustering technique. Disadvantages of the Horus is it needs a large
training data set (fingerprint) to properly construct the joint cluster. Therefore,
it has poor usability. It also does not consider kinematic behaviour of target and
assumed that the cluster probability always has Gaussian distribution, which can

lead to reduced accuracy.

Kalman Filter

The Kalman filter is a probabilistic method based on Bayesian filter. It approxi-
mates the probability distribution of the target location by a Gaussian represen-
tation. It has been widely used in robotic mapping and localisation [47] [48]. The
probability distribution is given by [49]:

p(zelze) ~ N(xe e, Bt (2.6)

1

1 T -1
= G E e P | Tyl ) B — ) (2.7)

where p; is the mean of the distribution, FE; is the d x d covariance matrix, d
represents state’s dimension. N(zy; iy, Ey) denotes the probability of x; given a
Gaussian with mean y; and covariance Ej.

The principal advantages of Kalman filter lie in their computational effi-
ciency compared to other variants of Bayesian filters. It is also suitable for systems
with an accurate sensor measurement. A major disadvantage is that it only can
represent unimodal Gaussian distribution and it only suitable in a system which

has linear observation model and system dynamics.

Particle Filter

Among the family of Bayesian filtering, the most powerful algorithm comes from
a Monte Carlo methods implemented as a particle filter. In [50], particle filtering
is compared to other state of the art algorithms and it gives the best performance
for state estimation. The particle filter robustness lies in the ability to handle
non-linear system with non-Gaussian noise. The particle filter has been widely

implemented in robotic localisation [49] [51].
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The principal advantages of particle filter lie in its ability to handle non-
linear system with non-Gaussian noise. The ability to incorporate a kinematic
of the moving target and its inherent ability to combine various sensor measure-
ments in its probability model make this method is naturally suitable for sensor
data fusion. The disadvantage is that it requires relatively high computational

power.

2.2.2 Accuracy and Sensor Data Fusion
Accuracy

Each method (described in section 2.2.1 previously) has its own claim about
system performance in terms of accuracy. However, it can be problematic to
compare the performance of different methods by this criterion, since they are
usually implemented in different environments and with differing data sets. An
attempt has been made to compare SVM with other methods, such as ANN, kNN
and Bayesian probability in the same experimental platform [42].

The SVM method gave an accuracy of 3.96m with 75% probability, the ANN
gave an accuracy of 4.0lm with 75% probability and the kNN gave a value of
3.98m with 75% probability. In [52], the author developed a localisation test-bed
for independently evaluating Ekahau' software [53] in a laboratory setting. He
reported an x-axis Cartesian error of bm and y-axis of 4.6m in a typical office

environment with 7 APs.

Sensor Data Fusion

The accuracy of a single technology alone often cannot satisfy requirements for a
higher degre of accuracy. For such situations, an additional localisation technol-
ogy can help improve accuracy by means of sensor data fusion.

Fusion is defined as a technique to combine data from multiple sensors with
related information from associated databases, to achieve improved accuracy and

more specific inferences than could be achieved by the use of a single sensor alone.

IEkahau is a commercial WLAN-based indoor localisation.
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The data can come from sensors, history values of sensor data, information
sources like a priori knowledge about the environment and human input [54] [55].

Most of the work on the sensor data fusion was performed in the field of
robotic localisation [56] [57].

2.2.3 Limitations of the Fingerprinting Method

Another drawback of opportunistic localisation based on RSS measurements is
the necessity to build a fingerprint. Building a fingerprint database is an exhaus-
tive, time-consuming and cumbersome effort. Furthermore, a fingerprint is also
bound to the indoor environment description and infrastructure at the time the
fingerprint was generated. Therefore, major changes in the environment (move-
ment of large pieces of furniture or appliances, adding or removing walls) will
render a current fingerprint inaccurate and require re-building of a new finger-
print. In other words, the current approach still has poor usability, evaluated from
the effort needed to install and maintain it.

There are two main approaches to overcome this problem: fingerprint predic-
tion with a propagation model and fingerprint modelling with a machine learning

approaches.

Fingerprint Prediction with Propagation Model

In [36] [58] [59] various propagation models such as one slope model (OSM) [60],
multi wall model (WWM) and motif ray tracing model (MM) [61] have been used
to predict the fingerprint. Figure 2.4 gives an example of a fingerprint prediction
with the OSM model. The signal loss in OSM is given by:

L = Ly + 10nlog(d) (2.8)

where L is a signal loss, L; (dB) is a reference loss value of 1m distance, n is a
power decay factor (path loss exponent) defining slope, and d is the distance in
meters.

The principal advantage of fingerprint prediction is its speed in predicting
the fingerprint compared to the measured fingerprint. A key disadvantage is

that changes to the indoor environment (such as wall addition or removal) will
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Figure 2.4: OSM prediction of a fingerprint [58].

require manual re-engineering work to accommodate it in the environment de-
scription (floor plan). Furthermore, the required parameter for the prediction
model (such as wall loss for MWM) is often not accurate enough to represent the
environment and still need a site survey to be performed to represent site specific

wall parameter.

Fingerprint Modelling with Machine Learning Approach

In the machine learning approach, a sizeable training database is collected and
subsequently used to train the system to estimate the complete fingerprint database.
Various methods have been proposed for this, including expectation maximiza-
tion (EM) algorithm [62], a model-based signal propagation distribution training
(MSPDT) scheme [63] and location estimation using model trees (LEMT) [64].

In the EM algorithm, a sizeable unlabelled! RSS measurement is collected.
Subsequently, the algorithm tries to label the data and include it in the finger-
print. In MSPDT, several fixed nodes are placed to monitor signal level between
the nodes. The measurements are utilised to update parameters of the propaga-
tion model used to predict the fingerprint.

LEMT approach work in several steps: first, similar to MSPDT, a number of
RF receivers are placed at fixed reference points to detect real-time RSS samples;
second, a regression function between RSS measurements collected by the mobile
device and the reference points are built; third, a NN-based method is used to

find the most likely location.

' Measurements in unknown position.

20


Chapter3/Chapter3Figs/fposm.eps

2.2 Current Approaches to Opportunistic Indoor Localisation

The LEMT method is generally similar to the MSPDT method with the differ-
ence being that instead of using an indoor propagation model, it uses a machine
learning approach to learn regression relationship between RSS and location to
build a complete fingerprint.

These proposed methods offer a considerable advantage in that collection
of the empirical fingerprint data is significantly reduced. In [62], the machine
learning method used 50-75% less data compared to the empirical fingerprint.
The disadvantage of the method is that the learned localisation model is static
over time and/or across space. The model will therefore be rendered inaccurate if
there are changes to the propagation environment or used in other environments.
The system needs then to be re-trained with an updated training database to
reflect the changes. In MSPDT and LEMT, a numbers of dedicated RF receivers

are required to monitor RSS values all time (4-8 devices in their experiments).

2.2.4 Summary

This section described a detailed review of various methods that commonly used
to infer location from RSS measurement. Based on the state of the art, the
particle filter algorithm has been identified as the most viable method for the
opportunistic system. The particle filter robustness lies in the ability to handle
non-linear systems with non-Gaussian noise. The particle filter has been widely
implemented in robotic localisation.

The accuracy of a single technology alone often cannot satisfy requirements for
a higher granularity of accuracy. For such situations, an additional localisation
technology can help improve accuracy by means of sensor data fusion.

A disadvantage of opportunistic localisation based on RSS measurement is
the necessity to build a fingerprint. Building a fingerprint data base is an ex-
haustive, time-consuming and cumbersome effort. Furthermore, a fingerprint is
also bound to the indoor environment description and infrastructure at the time
the fingerprint was generated.

To address the fingerprinting problem, current methods use indoor propaga-

tion modelling or machine learning approach. Nevertheless, the proposed solu-
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tions still have many disadvantages which hinder them from fully addressing the

usability problem of the opportunistic system.

2.3 Summary of Motivation

This chapter described the state of the art of current approaches to indoor local-
isation. The developed taxonomy is utilised to help describe the current state of
development of indoor localisation and underlines opportunities for an affordable,
accurate, and usable opportunistic indoor localisation system. It was shown that
localisation system based on time and angle measurement (TOA, TDOA and
AOA) gave best performance in terms of accuracy. However, these solutions need
dedicated hardware and infrastructure, therefore, it has lower affordability.

Utilising the RSS of the wireless-communication channel for opportunistic
indoor localisation offers several advantages, such as affordability (since RSS is
virtually free to obtain) and a low technology barrier to implementation (sec-
tion 2.1). WLAN has become the dominant local wireless networking technology.
Accordingly, opportunistic indoor localisation uses RSS of WLAN as the tech-
nology platform of choice.

However, there are some aspects of the current approaches in opportunistic
indoor localisation that need to be addressed with more research; namely, further
improvement in the accuracy and usability of the system. Furthermore, sensor
data fusion capability is often overlooked in current approaches, even though
accuracy of a single technology platform often cannot satisfy application require-
ments.

Some algorithms try to enhance the accuracy and to address the usability
problem (section 2.2). However, the proposed solutions still have many disad-
vantages which restrict them from fully addressing the usability problem of the
opportunistic system.

Hence, the drawbacks highlighted in the detail review of the state-of-the-art
compound the need to enhance the accuracy and usability of opportunistic indoor
localisation system.

It was found that the most advanced algorithm is the particle filter which

comes from the family of Monte Carlo methods. This thesis offers a solution
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of the accuracy problem by adopting a particle filter approach to opportunistic
localisation (chapter 3).

This research also constructs novel algorithms for enhancing not only the
accuracy but also the usability of opportunistic localisation (chapter 4). Further-
more, the algorithm is able to become a framework for the sensor data fusion
between multi modal localisation technologies to improve the accuracy of indoor
localisation system (chapter 5).

The collection of algorithms to improve the accuracy and usability of oppor-
tunistic indoor localisation system are the primary contribution of this thesis.
The first contribution, that is the adoption of particle filter algorithm to oppor-

tunistic indoor localisation, will be described further in the next chapter.
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Chapter 3

Particle Filter for Localisation

Based on the comprehensive review of the state of the art, it was found that the
particle filter is the most advance algorithm. To achieve one of the thesis objec-
tives, which is improving the accuracy, the particle filter algorithm is adopted to
the opportunistic indoor localisation.

This chapter will describe the Bayesian probability approach implemented as
the particle filter algorithm for opportunistic indoor localisation. Section 3.1 and
3.2 will present the theory that underlies the particle filter.

To enable the implementation of a particle filter into opportunistic indoor
localisation, motion and measurement models have to be devised beforehand.
These probabilistic models are one of the contributions of this research, which
will be explained in section 3.4 and section 3.5 in more detail. Section 3.7 will

conclude the chapter.

3.1 State Estimation

In order to clearly describe the problem during localisation, some terms are used
in the following chapters. These are defined here for clarity and convenience.
Firstly, target, is defined as an entity (e.g.: object, person) of which the state is
being estimated. For example, it can be a person to whom the located mobile
device is attached. Secondly state, is defined as the collection of the aspect of the
target (such as location, velocity, or direction). The state will change over time.

Thirdly, measurement, the observed phenomena obtained from a sensor which
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carries information about the state. RSS measurement is utilised for opportunistic
indoor localisation.

The main goal of an indoor localisation system is to estimate an unknown
target’s state based on the observed measurement. To conveniently describe the
evolution of target state and its measurement during localisation, a statistical
model so-called hidden Markov model [65] is used (Figure 3.1). Parameter x;
describes the state at time ¢, x is hidden and cannot be measured directly. Pa-
rameter z; depicts the measurement at time ¢, z can be observed directly. One

can only estimate the state x from the observed measurement z.

Figure 3.1: Graphical representation of hidden Markov model.

One of the important assumptions underlying this model is that the state x
is complete. It has sufficient summary of all information that happened during a
previous time-step. x;_; has complete summary of past states and measurements,
and is sufficient to predict the current state x;. This assumption, that the value
of one temporal state is only influenced by the temporal state preceding it, is

called a Markov process [66].

3.1.1 Probabilistic Representation of the Model

Evolution of the target state x; and measurement z; is formally described by the

following discrete-time stochastic filtering model [67]:

Xt = ft—l(xt—lynt—l) (3-1)

7z, = h(xy,€) (3.2)

where equation (3.1) and (3.2) represent a state equation and measurement equa-

tion respectively, x; represents the state vector and z; denotes the measurement
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vector, f;_1 and h; are known, possibly non-linear, time-varying functions, n; 1
and e; are independent and identically-distributed noise.

The evolution of state and measurement is governed by a probabilistic prin-
ciple. In order to obtain x; and z;, probabilistic distributions, from which x; and
z; can be generated, must be specified. In general, x; is stochastically generated
from the previous state x;_ ;. Since the system is assumed to be Markovian, the
previous state x;_; is a summary of past states and measurements and is sufficient

to predict the current state x;. This can be expressed in the following equation:

p(Xt\Xo:t—l, Zl:t—l) = p(Xt|Xt—1) (3-3)

In probabilistic terms, this insight is called transition probability. Transition
probability is a stochastic representation of equation (3.1).

The measurement also can be modelled as a conditional probability of the
state x;. Once again, since x; is complete, it is enough to utilise x; to predict the

potentially noisy measurement z;. The measurement model can be written as:

P(Ze|X0:t, Z1:0-1) = P(24]Xs) (3.4)

Equation (3.4) is called the measurement probability. It is a probabilistic repre-
sentation of equation (3.2).

Another important concept of the probabilistic representation for the HMM
is posterior probability and prior probability. Posterior probability represents
probability distribution of state x; given all available measurements. It assigns a
probabilistic value to each hypothesis of the true state. Posterior probability is
expressed by:

p(xt|z1:4) = p(xt|24) (3.5)

This density is the probability distribution over state x; at time ¢, given all past
measurements zj.;.

Prior probability is a probability calculated based on the previous posterior,
before incorporating measurement at the time ¢ or denoted as z;. This probability
is often referred to as a prediction since it is calculated from the previous posterior.

The prediction probability can be written as:

P(X¢|Z1:0-1) = p(X¢|Z4-1) (3.6)
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3.2 Recursive Bayesian Filtering

Posterior probability can be calculated from the prior by correcting it with the
new measurement z;. This step is often called measurement update or correction.
There are terms that need to be clarified before moving further. Filtering
refers to state estimation x; using measurements up to time ¢, i.e. {z1, 22,23, ..., 2% }.
Prediction is an a priori form of estimation, using measurement available before ¢.

Smoothing is estimation using measurements available after ¢ [68].

3.2 Recursive Bayesian Filtering

The general algorithm for calculating the posterior distribution of p(x;|z;) is
given by Bayes’ filter. From a Bayesian perspective, construction of posterior
probability is achieved in two steps: prediction and update. The prediction stage
is performed to obtain the prior probability p(x;|z; 1), whereas the update stage
corrects the prediction with a new measurement to obtain the posterior p(x;|z;).

The prediction is achieved through the the Chapman-Kolmogorov equation [69]:

p(Xe|ze-1) = /p(xt|xt—1)p(xt—1‘Zt—1>dxt—1 (3.7)

When the measurement z; becomes available, Bayes’ rule is utilised for the update

stage:

p(xe|ze) = k™ p(2ex0)p(x¢]20-1) (3.8)

with normalizing constant:

= / p(zalx)p(xe 20 1) (3.9)

p(z¢]x;) represents the measurement probability, p(x;|x;—1) is the transition prob-
ability and p(x;|z;_1) is the previous posterior probability.

Algorithm 3.1 describes the prediction and update stages of Bayes’ filter. The
algorithm input is the previous posterior and a current measurement. In line 2,
prediction is obtained by integration of two probability distributions: previous
posterior and transition probability. The measurement update is described in line
3, where Bayes’ algorithm updates the prior probability with the measurement

probability. The result is the posterior probability which is returned in line 5
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3.3 Particle Filter

Algorithm 3.1 BayesFilter (p(x; 1|z, 1), z)
1: for all x; do

2 p(xelz—1)= [ p(xe|xi1) P(xi—1]Ze—1)dxy

30 p(xe|ze)= k' p(2e|x) p(xe|24-1)

4

5

. end for

 return p(x¢|z¢)

of the algorithm. The recursive nature of the Bayesian filter is due to the fact
that the posterior probability p(x;|z;) is calculated form the previous posterior
p(Xi-1]Ze1).

Knowledge of the posterior probability enables an estimation of the state to

be made, for instance to obtain the mean of x; [70].

)Acin = /Xt p(Xt‘Zt)dxt (3-10)

while the maximum a posteriori (MAP) estimate is the maximum of p(x;|z;)

xMAP — arg max p(x|z) (3.11)

The aforementioned recursive propagation of the posterior density is only a con-
ceptual solution in that, in general, it cannot be determined analytically. Only in
a highly restrictive case when the system is linear and Gaussian, does an analytical
solution exist in the form of the Kalman filter and its numerous variants [71] [72].

Since the analytical solution is intractable for most practical situations, an
approximate solution to the Bayesian filter is required. The current state of the

art of such approximate solutions is the particle filter [73] [74].

3.3 Particle Filter

The particle filter is a non-parametric implementation of the Bayes’ filter. It
approximates the posterior probability by a finite number of discrete samples
with associated weights, called particles. The approximation of the posterior
density is non-parametric. Therefore, it can represent a wider distribution than
the parametric one, such as Gaussian. The particle filter is also known as the
bootstrap filter [75], condensation algorithm [76] and survival of the fittest [77].
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3.3 Particle Filter

The particle filter directly estimates the posterior probability of the state

expressed in the following equation [74]:

N
p(xilze) ~ > wid(x, — %)) (3.12)
=1

where x! is the i-th sampling point or particle of the posterior probability with
1 < i < N and w! is the weight of the particle. N represents the number of
particles in the particle set, denoted by X;.

Xy o= xp, X0, X0, .., X0 (3.13)

Each particle is a concrete instantiation of the state at time ¢, or put differ-
ently, each particle is a hypothesis of what the true state x; might be, with a
probability given by its weight.

The property of equation (3.12) holds for N T co. In the case of finite N,
the particles are sampled from a slightly different distribution. However, the
difference is negligible as long as the number of particles is not too small [65].
Based on recent finding [74], NV value above 500 is suggested. In this work, N

value of 1000 is used and remain static over time.

Algorithm 3.2 Particle_Filter (X;_,, z;)
: i:t - xt — @
: fori=1to N do

sample X, ~ p(x;|x}_;)

assign particle weight w! = p(z|x})
: end for

. calculate total weight & = S w!

: for :=1to N do

normalise w! = k~ 1w}

X = X + {xi, wi}

: end for

. X; = Resample (X;)

: return X

e e
N = O

The algorithm 3.2 describes a generic particle filter algorithm. The input of

the algorithm is the previous set of the particle X;_;, and the current measurement
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3.3 Particle Filter

z;, whereas the output is the recent particle set X;. The algorithm will process

every particle xi_, from the input particle X;_; as follows.

1. Line 3 shows the prediction stage of the filter. The particle x! is sampled
from the transition distribution p(x¢|x;—1). The set of particles resulting
from this step has a distribution according to (denoted by ~) the prior
probability p(x;|z;1).

2. Line 4 describes incorporation of the measurement z, into the particle. It
calculates for each particle xi the importance factor or weight wi. The
weight is the probability of particle x! received measurement z; or p(z|x;).

The construction process of the weight will be described in section 3.5.

3. Lines 7 to 10 are steps required to normalise the weight of the particles.
The result is the set of particles X, which is an approximation of posterior

distribution p(x;|z;).

4. Line 11 describes the step which is known as resampling or importance re-
sampling. The resampling procedure is described in algorithm 3.3 in the
next section. After the resampling step, the particle set, which was previ-
ously distributed in a manner equivalent to prior distribution p(x;|z;—;) will

now be changed to particle set X; which is distributed in proportion to

p(xe|24).

3.3.1 Resampling

The early implementation of particle filter is called sequential important sampling
(SIS) [78]. Implementation of SIS is similar to algorithm 3.2, but without the
resample step (algorithm 3.2 line 11). The SIS approach suffers an effect which
is called the degeneracy problem.

This occurs when, after some sequence time t, all but one particle has nearly
zero weight. The problem happen since generally impossible to sample directly
from posterior distribution, particles are sampled from related distribution, termed

importance sampling. The choice of importance sampling made the degeneracy
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3.3 Particle Filter

problem is unavoidable [79]. The degeneracy problem will increase the weight
variance over time and has a harmful effect on accuracy [74].
Resampling is an important step to overcome the degeneracy problem. It will

force the particle to distribute according to the posterior density p(x;|z).

Algorithm 3.3 Resample (X,)
1: x: = ()
2: for j =1to N do

3:  r = random number uniformly distributed on [0,1]

4 5s=20.0

5 foriv=1to N do

6: $ =5+ w

7 if s > r then

8 x;) = x!

9: wy =1/N

10: Xp =X+ {x7, w’}
11: end if

12:  end for

13: end for

14: replacement X, = X}

15: return f)_Ct

Algorithm 3.3 describes a resampling step of particles. It is taken with a slight
modification from [80] to increase the efficiency of the method. The modification
lies in the iteration to draw newly sampled particles. The input of the algorithm

is a set of particles and the output is the new resampled particles.
1. Line 3 shows the generation of random number r.

2. Lines 5 to 8 show the resampling steps. Line 8 shows when a particle is
resampled only if its weight contribution causes the summation in line 6
to exceed or equal to the random sample . The probability of drawing!
a particle is in proportion to its importance factor. Particles with lower

weight will have a lower chance and some will not be resampled.

'Random selection
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3.3 Particle Filter

3. Since the resampling process is performed every time step, the new particles
do not need to know the old weight and their weight will be set equally, as

shown in line 9.

4. Line 14 shows when members of particle set X, is replaced by new resampled

particles.

Although the resampling step reduces the effects of the degeneracy prob-
lem, it introduces other practical problems. Firstly, it limits the opportunity to
implement the algorithm on a parallel computer since all the particles must be
combined. Secondly, the particles that have high weights are statistically selected
many times. This leads to a loss of diversity among the particles as the resultant
sample will contain many repeated points.

This problem, which is known as sample impoverishment, is apparent when
process noise in state dynamics is small'. If the process noise is zero, then using a
particle filter is not entirely appropriate. Particle filtering is a method well suited
to the estimation of dynamic states.

State dynamics of RSS-based opportunistic indoor localisation is large due
to noisy RSS measurement. Therefore, particle filter is well suited for state

estimation in opportunistic system.

3.3.2 Summary

The particle filter, which is a non-parametric implementation of Bayes’ filter, is
well suited for state estimation in opportunistic system for a number of reasons.
Firstly, it is the state of the art algorithm for a non-linear system with non-
Gaussian noise such as in RSS-based opportunistic indoor localisation. Secondly,
it is suitable for state estimation for a system that has large process noise in state
dynamics. Thirdly, the particle filter is the most powerful algorithm to date to
improve the performance of an opportunistic system.

To enable the implementation of a particle filter into opportunistic indoor lo-
calisation, motion and measurement model have to be devised beforehand. These

probabilistic models will be explained in section the following sections.

!Smoothing is one of the approaches to overcome sample impoverishment [81]
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3.4 Motion Model

3.4 Motion Model

A motion model is one of the probabilistic models that need to be devised in order
to implement a particle filter for opportunistic system. The motion model is a
representation of the target’s kinematics behaviour. It is used to construct the
transition probability p(x;|x;_1) which has an important role for the prediction
step in the particle filter.

Recent work in motion models is mostly applied to robotic localisation or
locating people relative to robot position. Brownian movement [82] and a first-
order motion model with the Kalman filter [83] have been used to locate people
relative to a robot. Both of these approaches have limitations. Brownian move-
ment is a conservative approach and does not attempt to model the kinematics
of persons movement. It assumes that motion is random at every time step and
only depends on the current state.

The first-order of person kinematics is less conservative than Brownian move-
ment, in a way that the motion is not totally random as in Brownian movement.
Therefore it is often more accurate. It assumes that target direction is the same
as the last observing movement [84]. However, this assumption does not hold
when people turn direction in a corner, enter a room or avoid obstacles. This
kind of action therefore is difficult to represent.

In this thesis, the approach for the motion model in indoor localisation is
taken from both Brownian movement and the first-order motion model. The
motion model assumes that the kinematics of a target has random values in it.
However, this randomness is constrained by the previous state.

This approach is novel and more accurately reflects the target’s kinematics
behaviour (i.e.: a person) in opportunistic system. Especially, in a system that

only uses RSS measurement, without additional motion sensor.

Velocity

To accommodate simple human locomotion patterns (such as remaining station-
ary, walking and running) and its limitations, the target velocity is constrained

to take place only between limited ranges of speed. The succeeding velocity also
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3.4 Motion Model

takes into account the preceding one, since it is assumed that people tend not to
change their kinematics abruptly in a normal condition.
Based on observation of peoples’ movement in the standard environment, the
target velocity is given by the following rule:
U, 0<y < Mal“vt

vy = N(vi_1,0,) and v, = ¢ v, = |y, v <0 (3.14)
2 Mazx,, — vy, Mazx,, < v

with
o, = min(Mazxa,, \/A) (3.15)

where N represents a Gaussian random number generator, Max,, represents the
maximum speed. min is a function which returns the smallest component, A,
represents elapsed time, Maxa, represents the maximum threshold of the A,.
The value of Max,, is set to the fastest recorded human speed (=~ 10 m/s) [85]
and Maxa, = 3 s. Figure 3.2 shows an example of the velocity probability

distribution function (PDF) when v;—; = 0 m/s with various A,.

0.8

0.7r

—V, = Om/s,At=1s

0.61 —V,_,=0mis,At=4s

0.5- —V,_, =0m/s,At=9s

0.4
0.3r
0.2r

0.1r

. . . n
0 1 2 3 4 5 6 7 8 9 10
Vl (m/s)

Figure 3.2: PDF of velocity with v;—1 = 0 m/s.

Direction

The succeeding direction also considers that preceding it. A velocity parameter

is also included in the direction calculation. The motivation is to limit heading
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3.4 Motion Model

variation based on preceding speed, since people tend to slow down when they
want to change their direction of movement. The target direction is given by the
following rule:

Q, - S (&7 S s

a; = N(ay_1,0p) and oy = oy + 27, ay < —7 (3.16)
ap — 271', Qy > T

with

o, = 0.41 — arctan( UQt_l) (3.17)

where «a; represents direction at time t, o, represents the direction standard
deviation.

Figure 3.3 shows the o;, for different velocities. Figure 3.4 presents PDF of
the direction based on different velocities with o;_; = 0. It can be seen that the

heading variation is narrower when the velocity is increased.

N~

s~ 5f
©
s ——0.47 — arctan(,/v;_1/2)
= g4t i
'% —— 7 — arctan(,/v;—1/2)
% 3 —— 27 — arctan(\/v;_1/2)
g \
c
S
n 2r

1\

0 L L L L

0 2 4 6 8 10

Vt— 1(m/s)

Figure 3.3: Standard deviation of target direction «;.

Particle Motion Model

Each particle, which is a hypothesis of the target state in the real world, will have

a kinematic characteristic according to the motion model during the prediction
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Figure 3.4: PDF of the direction with a;—; = 0.

stage. The particle state can be modelled with:

xi = [ xi ] _ [ Tl + vjcos(al) At + ny (3.18)

Yy Yl | +visin(al) At + ny

where v; denotes velocity, a; describes particle direction at the time ¢, n; is a noise
with Gaussian distribution. The particles’ velocity is governed by equation (3.14),
whereas particles’ direction is given by equation (3.16). The noise n; is added to
achieve a better distribution by preventing particles from collapsing into a single
point. A n; value of 0.5m is used for this work.

Figure 3.5 illustrates the evolution of particle distribution determined only
by the motion model. The particle distribution is started from a known state
in 2D space. The initial velocity vg = 3 m/s and number of particles are 2000.
Since there is no RSS measurement update performed, the distribution will spread

wider over time.

Y

©® |Initial state att=0

Figure 3.5: Evolution of particles with motion model.
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3.5 Measurement Model

The aforementioned particle distribution, which was constructed with the
motion model, is a representation of transition probability. This density needs
to be updated with the measurement probability p(z;|x;) to obtain the posterior
distribution. The construction of measurement probability with the measurement

model in an opportunistic system is explained in the next section.

3.5 Measurement Model

The measurement model describes a construction process by which the sensor
measurement is generated. This model is utilised to obtain the measurement
probability of p(z|x;), often referred to as the likelihood observation function. In
the particle filter, this function is used to incorporate a measurement update into
the particle weight w.

In [86] [87], a measurement model is obtained by an extended version of the
NN algorithm. However, the model does not properly take into account some
physical characteristics of signal propagation in indoor environments. It leads to
an inaccurate model which makes the localisation estimation less accurate.

The work described in this thesis proposes a measurement model which con-
siders the physical characteristics of signal propagation in indoor environments

based on the fingerprinting method.

3.5.1 Fingerprint

A fingerprint is a database of stored RSS measurements throughout the coverage
area of all discrete possible states (section 2.1.2). These discrete states are often
referred to as a grid. The fingerprint acts as the "true” RSS values obtained by
the sensor, denoted by z,", at the state x,. Figure 3.6 illustrates a RSS fingerprint

throughout a coverage area from 1 AP which was measured at every 1m grid!.

ITheoretically, smaller grid size gives better localisation accuracy since the measurement
model will be more distinct between grids. However, it is technology dependent. Based on the
observations, WLAN RSS values are discernible when they are measured in a grid > 1m.
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Golor Scale (dBm)

< Access Point

Figure 3.6: A fingerprint illustration from 1 AP.

To obtain the likelihood observation function, statistical inference is performed
between a true value stored in the fingerprint and recent RSS measurement
(termed as signature).

The mobile device is able to simultaneously retrieve RSS measurements from

different APs, therefore z; is a set of measurements which is described as:

7, = {2, 22,28, ... 2 (3.19)

where 2 denotes RSS value z; at time ¢ from AP with identification k. The prob-
ability p(z;|x;) is obtained as the product of the individual likelihood observation

function.

plzlx) = [ [ (=t 1x) (3.20)

kEzt

3.5.2 Algorithm for the Measurement Model

The measurement model comprises three types of probability densities, each of

which corresponds to a type of dissimilarity:

1. Measurement with noise. Assuming that the sensor can capture the
true RSS measurement, the returned value is still subject to error caused

by shadowing (or slow fading) and multipath fading [88]. This fading, which

IMAC address is used for WLAN AP
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appears as a time-varying process, makes the RSS value fluctuate even when

it is measured at the same position.

Since the sensor (i.e. WLAN interface) has an internal mechanism to sup-
press multipath fading, the received error is largely caused by shadowing
which has a Gaussian distribution [89]. Therefore, the noisy measurement
may be modelled with a Gaussian distribution with mean value of 2™ and
standard deviation of o,. The Gaussian is denoted by pp;; as described in

Figure 3.7 below.

(27 |z)

+k

Figure 3.7: Gaussian distribution pp;.

The value of z* is given by the RSS measurement stored in the corre-
sponding grid of the fingerprint. The measurement probability is governed
by

prie(2F|xe) = N(F; 2t 0 (3.21)

| (s — ZW)
= ex _ — 3.22
e ( o (3.22)
+k

where z, " is the RSS value stored in the fingerprint and z¥ is the recent
signature such that {k € z; Nz} or, to put it differently, the RSS value

from an AP which appears in both signature and fingerprint. Notation o

is the intrinsic noise parameter for the measurement model.

. Missing RSS. Considering that it may be the case that not all of the

RSS values that appear in the fingerprint grid and signature coming from
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the same APs, a question arises as to how to account for such data. This
condition can happen when the signature is taken at a different location
or there is an extra/missing AP. In the case of no extra/missing AP, a
different set of RSS values in the fingerprint grid and signature means that
they are taken at different locations. Incorporating this information into

the measurement model will eventually lead to better localisation accuracy.

In the case of RSS measurements from an AP which is missing in the sig-
nature but which is present in the fingerprint, the measurement probability
is modelled by a Gaussian denoted by p,.iss. The measurement probability

is governed by:
pmiss(zﬂxt) = N(?], 0, U-}-) (323)

L. ( - ) (3.24)
= Xp | —=—— .
o2 P 20%

where 7 is the penalty parameter given for the missing RSS. The density

Pmiss 18 calculated for missing zF such that {k € z; — z;}.

3. Extra RSS. In the case where there is an extra RSS value of an AP which
exists in the signature but which is absent in the fingerprint, the mea-
surement probability is also modelled by a Gaussian denoted by pezirq and

governed by:
pemtra(zﬂxt) - N(n7 07 U+> (325)
L. ( " ) (3.26)
p—t X —_— .
o\ 21 P 20%

where 7 is the penalty parameter given for the extra RSS. The density pesirq

is calculated for extra zf such that {k € z, — z; }.

These three densities are combined to obtain the likelihood observation func-
tion of RSS measurement p(z;|x;). The likelihood observation function is given
by:

1
K]
Zt|Xt [H Phit Zt |Xt)] Hpmzss 2y |Xt H Pezxtra Zt |Xt (327)

keK kel keM
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with

K]

6=
[K] + [L] + | M]

where K is the set of measurement in (z; Nz;), L is the set of measurement
in (z] — z;), M is the set of measurement in (z; — z;). The expressions of
|K|, |L|, |M| denotes the number of elements in K, L, M respectively. [ repre-
sents the weighting factor, £ denotes AP identification.

Algorithm 3.4 describes the steps necessary to obtain the likelihood observa-
tion function. The input of the algorithm is the measurement z, and the state x;.

The output is the likelihood observation function of p(z;|x;).

Algorithm 3.4 Measurement_Model (z;, x;)
p=1
qg=1
y=1
S=0
get z from the fingerprint
for k € K do
P = p-prar(z %)
end for
p= pl/lK\
for ke L do
4 = q-Prmiss (2FX1)
: end for
: for k € M do

q= Q-peztra(zzn‘xt)

: end for

S = K|+ (|K[ + |L] + |M])
c Y =p.q.S

: return y

e N T e T e e
W N U e W N = O
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g, i)

@ Target P> Particle

Figure 3.8: Ilustration for the calculation of the measurement model.

Examples

Figure 3.8 is used to illustrate how to obtain the likelihood observation function
of a particle p(z:|x}). It shows a fingerprint from 3 APs, a target and a particle.

Supposing that the target measured RSS value z,={AP1 = - 70 dBm, AP2
= - 70 dBm, AP3 = - 75 dBm}. The corresponding fingerprint grid where the
particle z! is located, has value of z;” = {AP3 = -65 dBm}. If the value of both
o, and n are set to 4 dBm', the p(z;|x}) can be calculated as follows:
Calculating pp;: from AP3 with equation (3.24):

em((#—ﬁW)

20+

1
31,1
i\ 2y | X =
pht(tl t) O'+\/%
L ( (=75 — (=
X —_—
4or P 242

Calculating pegirq from AP1 and AP2 with equation (3.2

o (- 2773))

_ <4mexp( %)) = 0.0037

Calculating p(z|x;) with equation (3.27):

) 0.0044

pea:tra(ztl |Xt1)~pea:tra(zt2lxi) = (

1
' =0.0044 . 0. L —=0. 4
p(z¢|x}) = 0.0044 . 0.0037 5 0.000005

'Determination of the intrinsic parameters are discussed in section 3.5.3.
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Measurement Model & Particles Distribution

The likelihood observation function update to the particle distribution is illus-
trated in Figure 3.9. Figure 3.9(a) shows 3 APs and its RSS measurement
throughout the coverage area which is used as the fingerprint. In the initial
time, the particles will be uniformly distributed as shown in Figure 3.9(b). Once
measurement z; is obtained, the likelihood observation function or measurement
probability is calculated based on equation (3.27). The result is illustrated in
Figure 3.9(c). Higher likelihoods are shown with bigger blue circles. Further-
more, the particles’ weight is updated with the likelihood observation function
and subsequently is resampled. The new particle distribution and estimated tar-

get location are shown in Figure 3.9(d).
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Figure 3.9: Update of the particles distribution with the likelihood observation function.
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3.5 Measurement Model

3.5.3 Intrinsic Parameter of the Measurement Model

To obtain the intrinsic parameters of the measurement model, such as o, mea-
surement data is used. Figure 3.10(a) depicts a scatter plot of 2000 RSS measure-
ment from the same location. Figure 3.10(b) shows the Gaussian distribution of
this data.

Such measurements need to be taken in various places in the environment in
order to be able to properly characterise the RSS measurements in that envi-
ronment. From these measurements, standard deviations are averaged to obtain
the o,. This is illustrated in Figure 3.10(c) which shows the standard devia-
tions of RSS measurements across the environment (4226 measurements is used).

Averaging the standard deviations will give o, value of 4.025 dBm.
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(a) Plot of RSS values. (b) Gaussian fitting.
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(c) Standard deviation of RSS measurements in the environment.

Figure 3.10: Acquire parameter from measurements.

The value of the penalty 7 in equation (3.24) of pyss and (3.26) of pegirq 1S
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3.6 Estimation of Target State

governed by the following expression

(5/30) (2 + 100), % < =170
n=7{ (15/25)(z +70) +5, —70< z < —45 (3.28)
20, % > —45

The aforementioned equation is formulated to mimic the tail part of a Gaus-
sian distribution. The RSS range is taken from maximum and minimum RSS
values measurable from a WLAN interface (-100dBm and -45dBm). Maximum
penalty is given by the maximum signal loss caused by people shadowing (20
dBm) [90]. Linear interpolation is used to obtained penalty 7 values.

The result is that the value of 7 is in proportion to the RSS value missing in
the fingerprint z,;” or extra in z;. Greater missing/extra RSS values will have a

proportionately higher penalty n (Figure 3.11).
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Figure 3.11: Penalty 7 for missing or extra RSS value.

The value of intrinsic parameters of standard deviation o, and penalty n
can be applied to environment similar with office setting (characterised by many

walls, corridors and rooms), such as hospital, campus or apartment.

3.6 Estimation of Target State

Once the posterior probability is obtained, an estimation of the state is made
based on equation (3.10). The state is estimated using a particle set X; which
is distributed in proportion to p(x¢|z;) (X; is a return value of algorithm 3.2 of

particle filter). Algorithm 3.5 below describes steps to estimate this state.
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3.7 Conclusion

Algorithm 3.5 State_Estimation(X,)
: )ACt - 0
: for i =1 to |X;| do

1
2
3 X =%+ xLw)
4
)

. end for

. return X,

3.7 Conclusion

This chapter described the implementation of a particle filter algorithm to im-
prove the accuracy of opportunistic indoor localisation. The ability to deal with
a non-linear and non-Gaussian system, the suitability for estimation of dynamic
state with large process noise, and the robustness of the algorithm make the
particle filter an ideal approach for RSS-based opportunistic system.

Furthermore, motion and measurement models were devised to enable the
implementation of particle filter into opportunistic system. The approach for the
motion model is a combination of the Brownian movement and the first-order
motion model. This approach is novel and more accurately reflects the target’s
kinematics behaviour in opportunistic system. The proposed measurement model
properly considers the physical characteristics of signal propagation in indoor
environments. It leads to more accurate model which in turn leads to more
accurate location estimation.

The implementation of a particle filter in an opportunistic system through
the invention of measurement and motion models is novel and become one of the
research contributions.

To improve further the accuracy of opportunistic indoor localisation, this re-
search looks at other information beyond the available signal in the environment.
This research also advances current approaches in fingerprinting to significantly
enhance the usability of the system.

The collection of algorithms to further increase the accuracy and usability
of the opportunistic system is the next contribution of the research and will be

described in the following chapter.
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Chapter 4

Learning Data Fusion

The previous chapter presented the implementation of the particle filter to in-
crease the accuracy of opportunistic indoor localisation. It was achieved through
the application of novel measurement and motion models.

To further improve the accuracy, this research examines other information
beyond the available signal in the environment, i.e. map information and particle
trajectory. The fusion' of extra information, in addition to RSS measurement, is
the distinct characteristic of the algorithms explained in this chapter.

Filtering particle motion with map information is used to further increase the
accuracy of opportunistic system (section 4.1). Moreover, particle trajectory is
fused to refine state estimation with backtracking particle filter algorithm (sec-
tion 4.2).

Furthermore, the research advances current methods in fingerprinting to ad-
dress the usability problem (section 4.3). The novelty of the algorithm lies in
the ability to automatically build and maintain the fingerprint up-to-date, thus
significantly enhancing the usability of the opportunistic indoor localisation.

The collection of algorithm presented in this chapter is one of the most im-

portant contributions of this research.

1See section 2.2.2 for the definition of data fusion.
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4.1 Map Filtering

4.1 Map Filtering

To enhance the accuracy of localisation, the system can be constrained based on
the characteristics of the target or restrictions imposed by external conditions.
For example, kinematic constraints of the target, such as constant speed, has
been formally incorporated as pseudo-measurement [91]. Constraints can also be
introduced by external conditions, such as a road for car driving, air corridor for
commercial plane flight or belt conveyor systems in airports.

A map, as a representation of the area or environment description, therefore
can be used to restrict target movement along an allowable corridor or path.
In [92], a map-aided particle filter was used to track car movement in an urban
area. Target motion was restricted along a 1-dimensional line defined as a path
representing the road.

In [93], the constraint is represented as a prior probability introduced to the
map. The map is divided into zones with weight. The priori weight is used to
bias the motion model toward areas of higher probability or put differently, to
constraint the motion model from areas with lower probability. This approach is
similar to [91], in a way that it incorporates constraint information by augmenting
the motion model. However, it needs additional effort to manually build a map
with weighted zones.

The present work proposes usage of indoor map information to constrain
target motion. The target moves within a 2D plane in a manner restricted by
indoor obstacles. For example, the target cannot cross solid objects (e.g.: walls,
windows and furniture) and is only allowed to move within rooms, through doors

and corridors.

4.1.1 Representation of the Map

A map or environment description is a basic necessity for map filtering. A map
is essentially a skeleton description of the floor plan structure. It provides the
main constraint for restricting target movement and can allow basic visualisation
of localisation estimation in the context of the environment. Hence, the simplest

form of the map is conveyed as a combination of walls (Figure 4.1).
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4.1 Map Filtering

Furthermore, maps are also used as an input for indoor propagation modelling
which estimates electromagnetic propagation throughout the environment. The
details of this parameter are dependent on the propagation model used, which

will be discussed in more detail in section 4.3.1.2.

| i

=

Figure 4.1: Environment description.

4.1.2 Algorithm for the Map Filtering

Fusing the map with the particle filter algorithm is achieved by including the
constraint rule in the motion model of the particle. The new particle state,
predicted by the motion model, should not cross walls or other obstacles. The
prediction will be attempted a pre-determined number of times. If the attempts
still fail, the particle will be categorised as invalid.

A similar method, called collision avoidance, has also been used in robotic
localisation [56]. This thesis extends this approach by introducing and optimising
the variable of a predetermined number of attempts.

The difference between subsequent attempts is the amount of random noise
applied into the particle’s direction (see equation 3.16 in chapter 3). The newly
added noise should not make particle’s direction deviate too much from true
state’s direction. A big deviation of particles’ direction has an adverse effect on
localisation accuracy.

Moreover, the number of attempts is proportional to the computational time
required. The more attempts performed, the longer time needed to perform
one cycle of particle filtering. Therefore, there is a trade-off between attempts,
accuracy and speed. The number of attempts is determined empirically and

evaluated in section 6.1.3.
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4.1 Map Filtering

Figure 4.2 illustrates evolution of particles with and without map filtering from
a known state in 2D space (vg = 3 m/s, N = 2000). Map filtering constrains

particle movement within the walls, as can be seen in Figure 4.2(b).

(a) Without map filtering. (b) With map filtering.

Figure 4.2: Particle evolution without and with map filtering.

Fusion of the map is formally performed in the update stage of the particle

weight w!. The particle weight will be updated with the following rule:

wi _ { 0, crossing wall particle (4.1)

p(z|xt), otherwise

where p(z|x}) is the likelihood observation function.
Algorithm 4.1 describes the map filtering steps for single particle. The input
of the algorithm is the previous particle state x; ; and measurement z;. The

output is a new particle state xi and its weight w?.
1. Lines 1 and 2 represent initialisation of the algorithm

2. Lines 3 to 14 are the main loop for the map-filtering algorithm. Line 4
shows a motion model application based on equation 3.18. Lines 5 to 10

shows evaluation of new particle position constrained by walls.
3. Line 16 shows how the particle weight is set to 0, when all attempts fail.

4. Line 18 shows the update of the particle weight with algorithm 3.4 of the

measurement model (see section 3.5.2).
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4.2 Backtracking Particle Filter

5. Line 20 shows the algorithm return, i.e. current particle state with its

associated weight.

Algorithm 4.1 MapFiltering (x!_,, z;)
1: A = number of attempts

2: ¢ = false
3: fora=1to Ado
4:  given x!_,, predict the particle state x! {with the motion model}
for 7 = 1 to number of wall do
¢ = particle state x| cross the wall;
if ¢ = true then
break
end if
10: end for
11:  if ¢ = false then
12: break
13:  end if
14: end for
15: if ¢ = true then
16:  wi=0

17: else

18:  w} = p(z|x}) {given by the measurement model}
19: end if

20: return X, w;

4.2 Backtracking Particle Filter

Fusing map information to increase the accuracy of the opportunistic system has
been proposed in the previous section. Information that can be fused to further
increase the accuracy is particle trajectory!.

Backtracking particle filter (BPF) is a technique for refining state estimates

based on particle trajectory. Incorporation of the map filtering technique allows

!Trajectory is set of time-ordered states representing the path taken by each particle
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4.2 Backtracking Particle Filter

the BPF to exploit the long-range geometrical constraints of a map! and a long-
term likelihood observation function.

If some particles x; are not valid at some time ¢, the previous state estimates
back to b time steps X;_; can be refined by removing the invalid particle trajec-
tories. This is based on the assumption that an invalid particle is the result of
a particle that follows an invalid trajectory or path. Therefore, recalculation of
the previous state estimation x;_, without invalid trajectories will produce bet-
ter estimates. In order to enable backtracking, each particle has to remember its
state history or trajectory.

BPF implementation for opportunistic localisation is illustrated in the follow-
ing figures. Figure 4.3(a) shows a typical phenomenon when a standard particle
filter is used for opportunistic localisation. It shows the posterior density of the
particles at four time-steps. The position estimates and the ground truth are
shown in the diagram as well.

A particle deemed to be invalid when it is filtered out by the map filtering
technique or by the likelihood function (performed in the 3rd time-step). For
instance, a crossing wall particle will be categorised as invalid by map filtering
technique and its weight is set to zero. A particle is also deemed as invalid
if its weight, given by likelihood function, is very low. The invalid particles
subsequently are not resampled in the 4th time-step.

Figure 4.3(b) shows how the BPF removes the invalid trajectories. Fig-
ure 4.3(c) illustrates the recalculation of the state estimation after backtracking.
It is evident that, under certain conditions, BPF can improve the state estimation
relative to a normal PF. This condition will be evaluated in section 6.1.3.

Algorithm 4.2 describes the steps necessary for BPF:

1. Line 1 refers to the increment of counter B, which shows how many esti-

mations have been made.

2. Line 2 refers to the prediction stage of particle with the motion model.
During the prediction stage, a new particle is sampled from the transition
density p(x;|x;_1) with the map filtering technique. The new particle x; will

save the previous state x; ;.

LA wall used to filter current particle state z¢ can affect previous states.
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4.2 Backtracking Particle Filter

= Estimated Object State
wei = Ground Truth

i = Likelihood filter

(a) Detecting the invalid particles

= = backtracking invalid trajectories

(b) Backtracking the invalid trajectories

@ = Bactracking Estimated State

zﬁ O

(¢) Backtracking the estimated states

Figure 4.3: Hlustration of BPF for opportunistic indoor localisation
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4.2 Backtracking Particle Filter

Algorithm 4.2 Backtracking PF (X, 1, z/)
X, =X, =0
Increment B
fori=1to N do
MapFiltering(x! |, z)

end for
calculate total weight k = S0 wi
fori=1to N do
normalise w! = k™ w!
Xy = X + {x}, wi}
end for

— =
= O

. X; = Resample (X;) with state inheritance
. 1if B > b then

return X;, X;_,

—_ =
w N

. else

—_ =
[SL

return X,

. end if

J—
D

3. In line 11, resampling is followed by inheritance of the state history. The
resampling algorithm is performed with algorithm 3.3 as described earlier
(section 3.3.1). The inheritance step makes the newly-sampled particle
inherit its parent state history and enables each particle to remember its

path trough the state-space. It does not expire over time.

4. Lines 12 to 15 show the output of the algorithm. The backtracked particle
set X;_p is returned when the number of calculations performed B is more
than b (called the ’tail’ or 'back-step’). The previous state estimate X;
may be calculated from this set. The current particle set X; is returned

when the condition is not fulfilled.

The fusion of trajectory implies that BPF can only refined past state x;_y.
From application perspective, BPF can be useful for application that tolerant to
the introduced delay, such as an application that studies user movement pattern

in indoor environment.
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4.3 Self-Calibration Fingerprinting

4.2.1 Summary

Fusing map information to increase the accuracy of the opportunistic system had
been proposed with the map filtering technique. Information that can be fused
to further increase the accuracy is particle trajectory.

The fusion of particle trajectory is performed with the BPF algorithm. BPF
is a technique for refining state estimates based on particle trajectory histories.
This is based on the assumption that an invalid particle is the result of a particle
that follows an invalid trajectory or path. Therefore, recalculation of the previous
state estimation without invalid trajectories will produce better estimates.

Furthermore, the trajectory concept is expanded further to advance current
fingerprinting methods. Set of hypothetical trajectories are proposed, evaluated
and weighted in self-calibration fingerprinting algorithm to address usability prob-
lem in opportunistic system. The following section will elaborate self-calibration

fingerprinting algorithm in detail.

4.3 Self-Calibration Fingerprinting

The objective of a self-calibration fingerprinting algorithm is to advance current
approaches in fingerprinting in order to address the usability problem of oppor-
tunistic system.

The self-calibration for the opportunistic system eliminates labour-intensive
and cumbersome manual calibration and makes the fingerprint adaptive to any
change in the system or environment configuration. The algorithm maintains the
fingerprint up-to-date, thus achieving self-calibration of the localisation system.
Self-calibration fingerprinting is one of the most important contributions of this
research.

The self-calibration fingerprint takes advantage of a fingerprint prediction
with propagation model. However, it enhances this further by automatically
re-calibrating parameters required for the propagation model across the environ-
ment and time. The algorithm learns from the history of measurement, target
movement pattern and map description to accurately adjust the parameter of the

propagation model.
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4.3 Self-Calibration Fingerprinting

The system assumes knowledge of the layout of dominant obstacles (walls) and
system infrastructure within the environment (i.e.: the floor plan and system’s
fixed node positions). A mobile device carried by a moving target gathers RSS
measurements and sends them to an opportunistic localisation system server with
a self-calibrating algorithm to estimate target state. The target states and the
gathered RSS measurements (together with additional information!), in turn are
used to calibrate the localisation system (i.e.: the fingerprint). The system thus

has a closed loop characteristic as illustrated in Figure 4.4.

Set of states/trajectory

Localisation Self-Calibration

Fingerprint

Figure 4.4: Closed loop characteristic of the self-calibration fingerprint.

4.3.1 Algorithm for Self-Calibration Fingerprint

The algorithm has a sequential characteristic and can be described with the flow
chart shown in Figure 4.5. This algorithm consists of several steps which, for

clarity, can be grouped into stages based on their immediate purpose.

1. Initialisation. This includes steps 1 and 2. It deals with system initial

input, setting and parameter.

2. Fingerprint prediction. This includes step 3. The purpose of this stage

is to predict the fingerprint with a propagation model.

'For instance, Voronoi graph, trajectories and fitness function.
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4.3 Self-Calibration Fingerprinting

3. Trajectory creation. Steps 4 to 6 of the algorithm are included here. A

set of possible trajectories is the output of this stage.

4. Ranking of trajectory. Steps 7 to 14 are included in this stage. The pur-
pose is to find the most likely trajectory which in turn is used to optimised-

wall parameters.

5. Adjustment of wall parameter. Steps 15 to 16 are included here. The
aim is to select the most likely trajectory and to update the wall parameter

used for fingerprint prediction with the one in the most likely trajectory.

4.3.1.1 Initialisation

The self-calibration algorithm assumes knowledge of wall layout with their wall
parameters. The wall parameters are the attenuation signal-loss of walls which
will be discussed in more detail in section 4.3.1.2. The algorithm also assumes
the knowledge of APs layout which is used for localisation and the initial position
of mobile device.

Step 1 performs initialisation of the algorithm with inputs as follows:

e layout of main obstacles such as building floor plans or wall layout
e initial attenuation signal-loss of walls

e layout of APs used for localisation

The layout of walls and APs are represented as an indoor map described in
section 4.1.1. However, to describe more accurately the behaviour of the environ-
ment, the wall is segmented into smaller sizes. This segmented wall reflects the
mean local behaviour of the wall and its surrounding obstacles (such as furniture
and people moving around the wall) which will influence the propagation model
as depicted in Figure 4.6. This approach is taken from the 2D grid wall called
‘motif’ in [61].

The corresponding parameters of all environment walls are set to the same
default value. Default values are reasonable values characterised by the predic-
tion model. The absolute values are not as important as their initial uniformity

throughout the environment.
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4.3 Self-Calibration Fingerprinting

1 Floorplan layout
: Initial parameter of walls

I

2 Voronoi graph
Initial position of mobile device
3 Fingerprint prediction
4 : RSS measurement by mobile device
5 i | Mobile device speed estimation (optional)
Creation subset of possible
6 trajectories (hypothesis)
7 i from 1 to H (number of trajectories)
5 Simulation of the mobile device motion
along the i-th trajectory (hypothesis)
and creating the corresponding fitness function
9 Optimisation of parameters of walls
in the i-th trajectory
10 Adjustment of the current parameters
of walls toward the optimised

I

11 Fingerprint update for the i-th trajectory

!

H Localisation error estimation
12 by standard process
: of mobile device localisation with PF

!

13 Ranking of the trajectory
14 i<H
15 Selection of the most likely trajectory

I

Adjustment of the current wall
16 parameters with the parameter
in the most likely trajectory

Figure 4.5: Flowchart describing the self-calibration fingerprint algorithm.
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4.3 Self-Calibration Fingerprinting

Figure 4.6: Wall surrounded by many obstacles.

Step 2 of the algorithm is a development of a Voronoi graph and a placement
of initial position of the mobile device. A Voronoi graph (i.e.: the generalised
Voronoi graph) is defined as a set of points in m dimensions, equidistant to m
convex obstacles [94].

The Voronoi graph is represented as a set of vertices and edges.

G=1{ve} (4.2)

5....,vl} and € is a set of edges € =

where V is a set of vertices V = {v!,v? v
{et,e? e, ... e’} such that each edge connect two vertices, called the endpoint
of the edge. Two vertices in a graph are said to be adjacent if there is an edge
from one to the other. The position of vertices in the floor plan and edges’ lengths
are known.

The Voronoi graph is used for the constructing a set of possible trajectories
in the next stage. The initial position of a mobile device is aligned with the
Voronoi graph and can be input manually or by additional sensor measurement
(such as RFID and GPS). Figure 4.7 shows an environment description with the
Voronoi graph, APs and the initial position of the mobile device in the Electronic

Department of CIT.

4.3.1.2 Fingerprint Prediction

The aim of this stage is to predict the fingerprint based on a propagation model.
Step 3 of the self-calibration algorithm is the fingerprint prediction. In this
step, estimation of the expected RSS fingerprint, taking into account the (de-
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4.3 Self-Calibration Fingerprinting
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Figure 4.7: Map with Voronoi graph, APs and initial position of mobile device.

fault) parameters of the wall, is performed by appropriate empirical or physical
propagation models.

A simple empirical approach, the MWM, is utilised for fingerprint prediction.
MWM is chosen because of its simplicity and fast propagation prediction. Fur-
thermore, it allows the application of linear optimisation (section 4.3.1.4). These
factors contribute to the speed of overall algorithm, which is important factor for
increasing the usability of opportunistic system.

In the MWM, the path loss is given by the following equation [95]:

L =1Ly +20log(d)+ Lw + Lf (4.3)

where

I 1

Lw = Y Luw' =) alk (4.4)
=1 =1

Lf = CLf]Cf (45)

L denotes the predicted signal loss, L; is the free space loss at a distance of 1 m
from the transmitter, d is the distance from the transmitter to the receiver, Lw
is the contribution of walls to the total signal loss, Lf is the contribution of floors
to the total signal loss. Lw® denotes the contribution of wall of i type to the
total signal loss, a’, denotes the transmission loss factor of one wall of i’ type,
ki denotes the number of walls of i" type, I is the number of wall types, as is
the transmission loss factor of one floor, k; is the number of floors.

This model takes into account the loss factor of wall and floor depending on

their thickness and material composition. Figure 4.8 shows fingerprint prediction
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4.3 Self-Calibration Fingerprinting

with MWM from 5 APs. Only the strongest RSS in a fingerprint grid is shown.
In this research, fingerprinting is used for localisation in 2D single floor, therefore

signal-loss of floors Lf are not considered. The initial prediction uses a uniform

Color Scale (dBm)

- 30
E

-l

- =51

< Access Point

Figure 4.8: Fingerprint prediction with MWM

wall parameter (attenuation signal-loss) which is not accurate enough to rep-
resent site-specific wall parameters and its surrounding obstacles for fingerprint
prediction.

Therefore, subsequent steps are performed to tune the initial wall parameters
towards their optimised values. In the self-calibration fingerprinting algorithm,
walls are divided into segments of smaller size. Each wall segment is optimised
individually, to accurately reflect mean local behaviour of the wall and its sur-
rounding obstacles.

The conventional method to optimise the MWM is to take a few measure-
ments and then use it to optimise the model. It differs in several aspects with
self calibration fingerprint: first, it only optimises wall signal attenuation without
considers surrounding obstacles; second, it groups walls by their material type,
therefore, it ignores individual wall characteristic; third, it needs manual mea-
surements in known positions, which need to be performed for every environment;
fourth, it can not optimise the wall parameter automatically if the environment

change.

4.3.1.3 Trajectory Creation

The output of this stage is a set of possible trajectories of the mobile device.

Trajectories are used because the inaccurate initial fingerprint will make erro-
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4.3 Self-Calibration Fingerprinting

neous estimated location. Therefore, this estimation is unreliable to be used to
optimised the wall parameter.

Step 4 of the algorithm is the RSS measurement by a mobile device. The
mobile device, subject to the pinpointing by the localisation system, gathers
observed RSS measurements along the motion trajectory.

Step 5 is an optional step. The set of RSS measurements could be optionally
used to estimate the motion behaviour (i.e.: speed and direction) of the mobile
devices. The speed also can be estimated with additional sensor (such as ac-
celerometer). In this research, mobile device was attached to a person who was
moved in a constant speed (1m/s).

Based on the length of the time-interval of RSS measurements (and optional
mobile device’s motion behaviour), the distance travelled (d) by the mobile device
can be estimated.

Step 6 is the trajectory creation step. Once the distance travelled, initial
position of the mobile device and the Voronoi graph of the environment are known,
a number of motion trajectories (hypotheses) H of the mobile device are proposed.

A trajectory is defined as a set of time-ordered states expressed by
:X‘t = {}A(h fct—h fct—27 cee 7>Act—l} (46)

where [ is the number of time intervals of RSS measurement gathering.

The algorithm used to create trajectories is an adaptation of the depth-first
traversal of an undirected graph [96]. The depth of the traversal is determined
by the distance travelled. The traversal algorithm is naturally formulated as
a recursive algorithm. Algorithm 4.3 shows the steps for creation of possible
trajectories. The input of the algorithm is a vertex v in the Voronoi graph G' and
the distance travelled d by a mobile device. The output of the algorithm is a set

of vertices V, which is basically a set of way-points inside the trajectory.

1. Line 1 shows inclusion of vertex v in the set V. Line 2 calculates the total

edges lengths between adjacent vertices stored in V.

2. Lines 4 to 6 describe the traversal of all adjacent vertices, w to v, as long
as the total edge length D < distance travelled d. Distance travelled d is

obtained from previous step (step 5).
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4.3 Self-Calibration Fingerprinting

3. Line 8 shows when V becomes a candidate trajectory if D > d. To mimic
normal walking trajectory and to reduce the number of possible trajectories,

edges only can be traversed in a limited number.

Algorithm 4.3 Traverse(v, V, d)
:V=V+ {U}
: D = total of edges length in V
. if D < d then

1

2

3

4. for each vertex w adjacent to v do
5: Traverse(w, V, d)
6: end for
7: else
8

9

save V {V is a candidate of trajectory}
: end if

Figure 4.9 shows an example of the creation of possible trajectories in the CIT
floor plan. The Voronoi graph and an initial position are shown in Figure 4.9(a).
Graph vertices and edges with their distances are shown in Figure 4.9(b). The
target, which carries a WLAN enabled mobile device, did an 8m walk starting
from the initial position. Possible trajectories are calculated with algorithm 4.3

and the result is illustrated in figure 4.9(c).

4.3.1.4 Ranking of Trajectory

The aim of this stage is to find the most likely trajectory which consists of a set
of optimised-wall parameters. Step 7 to 14 are included in this stage.

Step 7 of the flowchart 4.5 starts at an inner loop evaluating the likelihood
(ranking) of all proposed trajectories (hypotheses).

Step 8 of the algorithm is a simulation of the mobile device motion along
the " trajectory and creation of the corresponding fitness function. The fitness
function describes how similar RSS values estimated along the " trajectory by
the propagation model (which uses current wall parameters) to the RSS measure-

ments gathered by a mobile device along the i** trajectory. The fitness function
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4.3 Self-Calibration Fingerprinting
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Figure 4.9: Trajectory creation of a mobile device with 8m distance travelled

takes the form of a set of linear equations suited to the optimisation method used

in step 9.

In this work localisation is performed in 2D on single floor. Therefore, to

create the fitness function, equation (4.3) of MWM may be rewritten as follows:

L
PF— 2F
ALWt

Ly + 20 log(d) + Lw (4.7)
Ly + 20 log(d) + Lw;—1 + ALw, (4.8
PF —2F — L, — 20 log(d) — Lw;_, (4.9)
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4.3 Self-Calibration Fingerprinting

where

I I
Lw=) Lw', ALw=)» ALuw' (4.10)
i=1 i=1
ALw denotes the delta of wall loss, P* denotes the power transmitted from AP
k, zF represents the RSS measurement gathered by the mobile device from AP
k, Ly is the free space loss at a distance of 1 m from the transmitter, d is the
distance from the transmitter to the receiver, Lw is the contribution of the walls
to the total signal loss and ¢ denotes time. Lw® represents a wall segment loss,
ALw" denotes the delta of a wall segment loss.
The purpose of the fitness function is to obtain the value of ALw?, the delta
of a wall segment loss. Figure 4.10 illustrates the fitness function creation when

the target with mobile device is simulated along a trajectory.

= = Trajectory
pk O = Access Point
o) @ = Target with a mobile device

i
Lwi 4

K
Z4

Figure 4.10: Tllustration of fitness function creation with MWM.

Step 9 of the algorithm is the optimisation of the wall parameter in the *
trajectory. Based on the RSS measurements gathered along the simulated i
trajectory, a set of linear equations can be created. Since mostly the number
of measurements is greater than the number of wall segments, the resulting set
of linear equations will form an over-determined system. This means that the
number of equations is greater than the unknown (i.e: ALw). A fast and robust
algorithm to solve an over-determined linear system is least-squares method [97].

Consider the overdetermined system:

ZXU@- =y(i=1,2,...,m) (4.11)
j=1
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where m represents the number of linear equations, n is the number of unknown
coefficients, (31, 3, ..., 3,, with m > n. Recalling the fitness function in equa-
tion (4.9), (3 is the ALw, and y; represent the right hand side of the equation.

The linear system can be written in matrix form:

XB=y (4.12)
where
I T11 T192 cr o T AL’UJtl
X - To1 T2 c Tap A= Aljwf and
Tml Tm2 ' Tn ALw

Pl — 2} — Ly — 20 log(d") — Lw}
P?— 22— Ly —20log(d*) — Lw?

P — 2" — Ly — 20 log(d™) — Lw}™,

This matrix has a unique solution if n columns in matrix X is linearly-

independent!, which is given by [98]
= X"X)"'X"y (4.13)

Step 10 is the adjustment of the current parameters of walls towards their
optimised parameters which influence the RSS along the i'* trajectory. The

adjustment is given by:
Lw; = Lw,_, + ALw} (4.14)

where Lw! represents i-th wall segment loss at time ¢, Lw! , represents i-th wall
segment loss at time ¢ — 1, ALw! denotes the delta of a wall segment loss at time
t. If a wall segment is optimised more than once, the delta ALw® is an average

value given by:

1 & .
ALwZ:—E ALuwy; (4.15)
n
t=1

LA column in the matrix is not a result of linear combination of another column
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4.3 Self-Calibration Fingerprinting

where n is the number of optimisations performed in a wall segment 1.

Step 11 is the prediction (re-calculation) of the fingerprint in the area of
interest with the propagation model and adjusted parameters of walls.

Step 12 is the calculation of localisation error with the PF algorithm (algo-
rithm 3.2), which takes into account the re-calculated fingerprint and gathered
RSS measurements and the i trajectory as a ground truth. Figure 4.11 illus-

trates the calculation of localisation error along a trajectory.

| |
__| ( %—; [

errror

® = true location e =
— = trajectory

® = estimated location

Figure 4.11: Tllustration of localisation error.

Step 13 is the actual ranking (the likelihood estimation) of the i** trajectory.
It is calculated primarily by taking into account the localisation error and is

governed by the following expression:

: 1 €
i _ 4.16
¥ o (~52) (1.16)

o\ 2T

where w’ denotes trajectory likelihood and e represents the localisation error.
The trajectory likelihood is a probability with Gaussian distribution with mean
localisation error of Om.

Step 14 is the end of the trajectories (hypotheses) likelihood evaluation loop.

4.3.1.5 Adjustment of Wall Parameter

The aim of this stage is to choose the most likely trajectory and update the wall
segments parameter with the parameter in the most likely trajectory. Beforehand,
the trajectories need to be ordered based on their likelihood by a standard sorting

method, such as the bubble sort or merge sort methods [96].
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Step 15 is a selection of a limited number of most likely trajectories (hy-
potheses) for the mobile device. The other trajectories are discontinued at this
stage.

Step 16 is the adjustment of the current wall segments parameter with the
parameter in the most likely trajectory. Figure 4.12 illustrates the difference
between the initial and calibrated fingerprints. Figure 4.12(a) shows the map
with the actual trajectory. While Figure 4.12(b) shows the initial fingerprint,
Figure 4.12(c) shows the fingerprint where some wall segment parameters have

been optimised based on the most likely trajectory.

| i

=

— Actual trajectory

(a) Map with an actual trajectory.

Colar Scale (dBm)
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l-‘l?
-4
=-51

-
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=30
5
44
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-
TIEEEL

0 = Access Point — = Most likely trajectory
— = Optimised wall segment

(¢) Optimised fingerprint with the optimised wall segments.

Figure 4.12: Map, and fingerprint before and after self-calibration.
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4.4 Conclusion

This chapter described the fusion of map information, particle trajectory and
RSS measurement. The fusion is performed to further improve the accuracy of
opportunistic system.

Map information is used to constrain particle motion with the map filtering
algorithm. Fusing the map with the particle filter algorithm is achieved by in-
cluding the constraint rule in the motion model of the particle. The new particle
state, predicted by the motion model, should not cross walls or other obstacles.

Furthermore, the fusion of particle trajectory is performed with BPF algo-
rithm. BPF is a technique for refining state estimates based on particle tra-
jectory histories. Recalculation of the previous state estimation without invalid
trajectories will produce better estimation.

The development of map filtering and backtracking particle filter in oppor-
tunistic system is novel contribution of this research.

Furthermore, this chapter presented an advancement of current fingerprinting
methods with the self-calibration algorithm. The objective of the self-calibration
fingerprinting algorithm is to significantly enhance the usability of an opportunis-
tic system.

The self-calibration algorithm combines several advanced techniques, such as
an indoor propagation model, Voronoi graph, graph traversal, trajectory concept,
linear optimisation with least-square method and a particle filter. This algorithm
advances state-of-the-art fingerprinting methods in several key areas: it removes
the necessity to collect initial training data; it elevates the necessity to place
dedicated RF receivers used for constantly measuring RSS values; it automatically
optimises wall parameter for the propagation model.

Using single type of measured phenomenon may not offer required accuracy,
but they can be fused with other sensor measurements to achieve better accu-
racy. The particle filter algorithm is used to fuse different sensory data when
more fine-grained accuracy is desirable or when required for different application
domains. The next chapter will describe the particle filter-based sensor data

fusion to increase the accuracy of indoor localisation system.
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Chapter 5

Multi Sensor Data Fusion

The data fusion algorithm presented in the previous chapter fuses RSS mea-
surement, map information and particle trajectory to improve the accuracy of
opportunistic indoor localisation. However, using a single type of measured phe-
nomenon may not offer sufficient accuracy required for a particular application
domain. Fusion with different localisation technologies is needed to enhance the
accuracy of the opportunistic system.

Sensor data fusion! described in this chapter is conducted in the context of
the Wearit@Work project?. The project investigated indoor localisation systems
required in an industrial setting (car factory) and fire-fighter scenario.

Fusion of WSN and WLAN is investigated to achieve more fine-grained ac-
curacy in an industrial setting (section 5.1). Furthermore, fusion of PDR, ul-
trasound and WSN is investigated for indoor localisation for fire-fighters (sec-
tion 5.2). The fusion of an opportunistic system with different technologies is a
novel approach and one of the contributions of this research.

To enable the implementation of particle filter-based fusion, motion models
and measurement models for different measured phenomenon have to be devised.
The novelty of the algorithm lies in the invented probabilistic models and will be

further described in the following sections.

ISee section 2.2.2 for the definition of data fusion.
2www.wearitatwork.com
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5.1 Fusion of WSN and WLAN

WSN based on the IEEE 802.15.4 standard [99], are intended principally for
monitoring and control applications that demand very low power consumption
from a battery source. The range of coverage of a WSN node in indoor use is
typically 10-20m.

Based on the standard, a WSN node provides a measured value, called link
quality indication (LQI), which can be used for localisation purposes. The LQI
can be implemented as RSS, signal-to-noise ratio or a combination of the two.
The LQI of WSN is received for each message data-packet and is the result of
averaging over eight symbols [9]. Furthermore, a WSN receiver typically has no
special mechanism to suppress fading as in WLAN. Both factors make a WSN
RSS measurement provide a potentially better profile for localisation purposes.

Figure 5.1(a) and 5.1(b) show the RSS measurements of WSN and WLAN,
respectively. This illustrates the RSS in every 0.5m grid. The measurement

L of dimensions 22m x 9m. It can be seen

campaign was performed in a room
there is more variation in RSS values of WSN when they were taken at different
points compared to the WLAN counterpart.

In the NN algorithm, the variation makes distance measurement M (equation
2.1) more discernible between fingerprint grids, whereas in the particle filter algo-
rithm, the variation causes more distinctive measurement probability p(z|x;) be-
tween the grids. Eventually, it leads to a better localisation accuracy. Therefore,
RSS values of WSN was judged to give a better RSS profile for localisation pur-
poses.

In this work, the WSN RSS is used for localisation based on the fingerprint

and distance measurements using RSS lateration (section 5.2).

5.1.1 Fusion Algorithm of WSN and WLAN

The fusion between WSN and WLAN is performed in the calculation of the
particle weight as follows (represented in the algorithm 4.1, steps 15-18, of sec-

!The measurement was performed in power electronic laboratory, ETH Zurich, Switzerland
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Figure 5.1: RSS measurements from WLAN and WSN.

tion 4.1.2):

i { 0, crossing wall particle (5.1)

W = p(z]xt), otherwise
where w! represents a particle weight at time ¢, p(z;|x}) is the likelihood obser-
vation function for WLAN and WSN measurement.

In the data fusion algorithm, the RSS of WLAN and WSN were treated as
the same type of data, only that they were differentiated from their AP or WSN

beacon! identification.
(1 .2 .3 K
ze ={2,2:,2,,...,% }

where 2} denotes RSS value z; at time ¢ from WLAN AP and WSN beacon with

'WSN beacon is analogue to the WLAN AP.
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5.2 Fusion of PDR, Ultrasound & WSN

identification k. When both WLAN and WSN using the fingerprint technique,
algorithm 3.4 is used for obtaining the likelihood observation function or the
measurement model p(z;|x;) of both WLAN and WSN.

5.2 Fusion of PDR, Ultrasound & WSN

In the context of indoor localisation for the fire-fighter scenario, fusion of PDR,
ultrasound and WSN is investigated. To enable the implementation of particle
filter-based fusion, motion models and measurement models for different tech-
nologies have to be devised.

Furthermore, to accurately construct the probabilistic models, internal mech-
anisms of each technology to infer location/displacement/range need to be un-
derstood. Section 5.2.1 presents measured data processing used in each fusion
modalities. The modalities used are contributions of several partners involved in
the Wearit@Work project. Section 5.2.2 describes the probabilistic model and
the algorithm for sensor data fusion. The probabilistic model and the algorithm

for sensor data fusion are the contribution of this research.

5.2.1 Modality

Positioning and navigation for fire-fighters and other emergency first-responders
are mission-critical function. Utilising indoor localisation that needs pre-installed
infrastructure (such as WLAN, RFID or UWB) is not suitable for this application
domain since the infrastructure might not be available in the building or the
existing infrastructure may not survive during a fire [17].

PDR has emerged as an alternative technology for indoor localisation and
navigation for rescue/emergency scenarios. PDR is a localisation system based
on inertial phenomenon processed by dead-reckoning principle. It is intended
to locate a pedestrian (a person going on foot). PDR has a self-containment
characteristic which makes this method particularly well suited to tracking in
places where there is little or no localisation infrastructure.

However, this technique still lacks robustness, particularly with regards to

heading. This shortcoming could cause a skewed path and produce an increasing
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5.2 Fusion of PDR, Ultrasound & WSN

position error over time (see Figure 5.2). The sensor data fusion algorithm based
on the particle filter can alleviate this problem by fusing PDR positions with

other localisation modalities (i.e.: WSN and ultrasound technology).

= = PDR trajectory
== = ground truth

Figure 5.2: Skewed path of PDR caused by heading error.

The following sections will explain PDR, ultrasound technology and WSN.
The most advance type of PDR, foot-inertial PDR, is used in this research.

5.2.1.1 Foot-Inertial Pedestrian Dead Reckoning

In the foot-inertial approach to pedestrian navigation, the distance between foot-
falls is estimated from 3D acceleration and orientation measurements sensed di-
rectly at the foot. An inertial measurement unit (IMU), containing triaxial ac-
celerometers, rate gyros and magnetometers, is solidly attached to, or mounted
in, footwear (Figure 5.3).

In order to reduce accumulation of error due to the integration of accelerations
our algorithm performs zero velocity updates at each step. Every time the product
of acceleration and rate of turn drops below a threshold, it is inferred that the
foot is in contact with the ground and therefore not moving. At this point the

velocity can be reset to zero.
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Figure 5.3: The orange XSens motion sensor is held on by the shoe laces [17].

This is illustrated in Figure 5.4. Each step has a stance phase (shaded) and
a swing phase. Velocity is reset to zero during the stance phase, acceleration is
double integrated during the swing phase.

The benefits of foot-mounted inertial sensors combined with zero velocity

updates are described in more detail in [100] [101] [102].

Acc (mlsz)
1

[
[RENE
Sooo

Gyro (deg/s)
L
o o
7 > 7

Gyro*Acc
a
o
o
o O

Speed (m/s)
?

180 181 182 183 184 185
Time (s)

Figure 5.4: Zero velocity updates in pedestrian dead reckoning [103]

5.2.1.2 The Ultrasound Nodes

The Relate ultrasound sensor network! is a set of nodes capable of estimating

distance and angle to neighbour nodes, and a bridge node connecting a laptop to

'The node was developed in the Relate project, a FP6 IST Programme funded by the EU
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the node network. These are shown in Figure 5.5.

These nodes are based on the same sensing hardware described in [104] where
the error is reported as 11lcm and 48° with 90% confidence. The radio module
has an indoor transmission range of approximately 15m at 868 MHz. The node
periodically emits ultrasound pulses. All nodes in the ultrasound transmission

range of the emitter node return the measured relative distance and angle.

Figure 5.5: Components of a Relate ultrasound sensor network.

5.2.1.3 WSN RSS-based Localisation

WSN is used as a complement of ultrasound nodes. It has a wider coverage range
(10m-20m) than ultrasound node (<5m), therefore it is useful to extend the range
of localisation system.

WSN provides RSS values which can be used to infer distance or location. In
the context of localisation of fire-fighter, fingerprinting is not a feasible approach.
Therefore, RSS-lateration (see section 2.1.2) is used to infer distance.

Since any infrastructure information (including map) is not available in this
context, a simple OSM propagation model [95] is used to estimate distance from
RSS value:

L = L; 4+ 10nlog(d) (5.2)

76


Chapter6/Chapter6Figs/relate-small2.eps

5.2 Fusion of PDR, Ultrasound & WSN

where L; (dB) is a reference loss value of 1m distance, n is a power decay factor

(path loss exponent) defining slope, and d is the distance in meters.

5.2.2 Fusion Algorithm

Particle filtering for PDR is implemented by incorporating displacement estimates
into the particle transition function. For each stride!, a new particle position z!
is generated from the stride length and stride azimuth (heading) estimated from
the inertial calculations and is governed by the following motion model:
=[] [ e o
Yt Yi_1 + ssin(6})
where s! is the stride length of the i-th particle at time ¢, sampled from normal
distribution N(s;, 05), with mean stride length s; and standard deviation oy. oy
is a constant value valid over a wide range of stride lengths. Particle heading 6!
is sampled from a normal distribution N(6;, 0g;) with a mean stride heading 6,
and standard deviation gg;. oy is set to a fixed percentage of the stride-to-stride
heading change. The net effect is that, in straight paths, the particles remain on
their previous course and during turns, particles tend to spread out [105].
Data fusion of PDR, map information, Relate ultrasound and WSN RSS sen-
sor data is formally performed during the calculation of particle weights with the
likelihood observation function. The particle weight w! is changed according to

the following rule:

4 0, for crossing wall particle
wy; =< 1/N, for PDR (5.4)
p(ze|xt), for wltrasound or RSS

where N is the number of particles, and p(z|x!) is the likelihood observation
function.
If, at time ¢, there is more than one measurement of ultrasound or WSN RSS

available, the probability p(z|x;) is obtained as the product of the individual

!Since the motion sensor is on one foot only, the PDR algorithm calculates the distance
between footfalls for the same foot. This is the definition of a stride. For adults, one normal
stride is between 1.2 and 2.0 m in length.
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likelihood observation function.

K

p(zxi) = [ [ (=) (5.5)

k=1
where K represents the number of individual measurements obtained at time t.
The measurement model of an ultrasound measurement is obtained by multi-
plication of two Gaussian density functions of distance and angle measurement.

The measurement model p(z;|x!) of ultrasound node measurements is given by:

(th - Xm§>2 1 (ezt - (9%%)2 5.6

with X, represents the distance measured from a Relate ultrasound node, X,

(zulx) = —
7+ 1 X = —
PR ogV 2T

denotes the actual distance of the ith particle at time step ¢ from the ultrasound
node, o4 denotes the distance measurement standard deviation, 6,, denotes the
angle measured from the ultrasound node, 0,: denotes the actual angle of the
1th particle at time step t from the ultrasound node, and o, denotes the angle
measurement standard deviation.

Figure 5.6(a) illustrates the Relate ultrasound node measurement likelihood
observation function.

The measurement model of WSN measurement is obtained by Gaussian den-
sity functions of RSS-to-distance value (obtained with equation 5.2). The likeli-
hood observation function p(z|x:) for a WSN RSS measurement is given by the

following expression:

| X., — X,)2
p(ze] %)) = L exp [—gl (5.7)

o2 202

with X, denotes the RSS-to-distance measured from a WSN, X,i denotes the
actual distance of the ith particle at time step ¢ from the WSN node and o
denotes the RSS-to-distance standard deviation.

In indoor environments, phenomena like reflection of obstacles, diffraction

around obstacles, and transmission (accompanied by refraction) into the obstacle

Lultrasound node is positioned in the centre of the plot, 2m of measured distance (1m of
04), 210 of degree angle measurement (45 degree of o).
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(b) Likelihood observation function of WSN RSS measurement

Figure 5.6: Likelihood observation functions of the ultrasound and WSN measurement

or medium, considerably reduce the reliability of distances computed from RSS
values.

To cope with this, a relatively high value for the standard deviation o of the
RSS-to-distance measurement (0.5 of d) is used. Figure 5.6(b) illustrates the

WSN node likelihood observation function.!

IWSN node is positioned in the centre, 2m of RSS-to-distance measurement (1m of o).

79


Chapter6/Chapter6Figs/RelateLikelihood2.eps
Chapter6/Chapter6Figs/DocomoLikelihood2.eps

5.3 Conclusion

5.3 Conclusion

In this chapter, the usage of particle filter-based algorithm for sensor data fusion
of multi-modal localisation technology was described. The sensor data fusion was
investigated to achieve more fine-grained of an opportunistic indoor localisation.

In the context of localisation in car industry, fusion of WSN and WLAN was
investigated. It was found that RSS values of WSN gives distinctive measurement
probability between fingerprinting grids. Eventually, it leads to better localisation
accuracy when WLAN and WSN are fused. In the data fusion algorithm, the RSS
of WLAN and WSN use the same measurement model explained in algorithm 3.4.

Fusion of PDR, ultrasound and WSN was investigated to increase the accuracy
of indoor localisation for the fire-fighters. Motion and measurement models of
PDR, ultrasound and WSN were devised to enable the fusion. Fusion for PDR was
implemented by incorporating displacement estimates into the particle motion
model. Novel motion models based on Gaussian density function were devised
for ultrasound and WSN to enable the fusion.

The fusion of opportunistic systems with different technologies through the
development of sensor-specific probabilistic models is one of the contributions of
this research.

The next chapter will present the evaluation of the developed algorithms in

the opportunistic indoor localisation system.
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Chapter 6

Evaluation

The collection of algorithms described in Chapter 3, 4 and 5 were implemented
into software packages, designed as part of this work, to allow for appropriate
evaluation.

The evaluation consists of four parts: The first part will evaluate algorithm
performance on the accuracy of indoor localisation (section 6.1); the second part
will describe the evaluation of the algorithm addressing the fingerprint usability
problem (section 6.2); the third part will evaluate algorithm performance when
implemented for multi sensor data fusion (section 6.3); the last part will conclude
the evaluation. This chapter describes only the most representative experiments

that were conducted for the evaluation.

6.1 Accuracy

This section evaluates particle filter (PF), map filtering (MF) and BPF on the
accuracy of indoor localisation. WLAN is utilised as the technology platform for
evaluating the algorithms.

The evaluation scenario is shown in Figure 6.1. It shows a person carrying
a mobile device as a target of localisation in the area covered by WLAN APs.
The mobile device measures the RSS of the APs, sends the measured data via
WLAN to a central processing unit, where an opportunistic localisation system

is executed resulting in pinpointing of the mobile device’s location.
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6.1 Accuracy

The localisation system also records information about the ground-truth! of
the target, which in turn is used to estimate the error or accuracy of the algorithm.

Ground truth is saved as a part of the floor plan. It recorded as poly lines, with
known length s and travel time ¢. User walks at a same pace, therefore user’s
speed was a deduction from the length and travel time (v = s/t). RSS scan
frequency is constant (1 m/s) with known timestamp, therefore user’s ground
truth of each measurement can be interpolated in the poly line from the speed v

and timestamp of the measurement.

e Access Paint

Access Point

Central
Processing Unit

Access Point

Figure 6.1: Evaluation of opportunistic indoor localisation.

6.1.1 System and Tools

The location system works in two phases. Firstly, calibration builds a database
of the RSS fingerprint. Secondly, localisation; the mobile device measures RSS,
sends the measured data to a processing system resulting in pinpointing of the
mobile device’s location. A block-diagram of the system and related tools are
illustrated in Figure 6.2(a).

Several tools have also been built using the C++ language. They include a
site-survey tool for the calibration phase (i.e. building the RSS fingerprint), a
client tool and a fusion engine.

Figure 6.2(b) shows the client tool that is used for RSS measurement. The
client tool also can be used to visualise the target states, particle distribution and

likelihood observation function as shown in Figure 6.2(c).

'True location of the target.
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(b) Client tool for gathering the RSS.

(c) Example of visualisation in the client tool.

Figure 6.2: Diagram and tools for indoor localisation.
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6.1 Accuracy

6.1.2 Experimental Setup

The Department of Electronic Engineering (73 m x 22 m) at Cork Institute of
Technology (CIT) was used as a test-bed to analyse the proposed algorithm.
Wireless infrastructure with 5 Orinoco AP-700 access points was installed at the
test-bed. A Dell Latitude D505 laptop with Intel PRO/Wireless 2200 BG WLAN
interface was used for both calibration and localisation phases. Both access points
and WLAN card were set in IEEE802.11g mode.

Three 105m-walks were performed in the EE department of CIT. The map of
the department with the ground truth is shown in Figure 6.3. RSS measurements
in 238 points along the ground truth were gathered which in turn were used to

estimate their location.

| B i

=

—— Ground truth

Figure 6.3: Map with ground truth in EE CIT building.

To build the fingerprint, RSS measurements were collected while walking be-
tween two points back and forth in a slow and constant pace. The location of
the measurement was an interpolation between the points. A fingerprint with 1m
grid size was used. The density of RSS values between grids was not uniform,

the densest had 20 RSS measurement came from 4 APs.

6.1.3 Results

The proposed algorithm was compared to existing algorithm of NN and KF (sec-
tion 2.2.1). The NN method is an implementation of Motetrack approach (equa-
tion 2.3 section 2.2.1). The KF was taken from robotic localisation described in
(equation 2.7 section 2.2.1). The localisation accuracy is summarised in Table 6.1.

The BPF can take advantage of long-term likelihood observation function

and long-range (geometrical) constraint information yielding excellent localisation

84


Chapter7/Chapter7Figs/gtmap.eps

6.1 Accuracy

Table 6.1: Localisation error (metres)

NN KF PF BPF
without MF | p =5.14 | p =4.67 | p =3.25 | p =2.83
0=316|0=384|0=191 |0 =128
with MF - - w=2.15| p=1.98
oc=1.08|0c=1.11

performance (1.98 m mean 2D error), it shows enhancement up to 40% compared
to PF only (3.25 m mean 2D error) and a performance nearly 3 times better than
that of NN (see Figure 6.4).

The cumulative distribution function (CDF) of the errors is shown in Fig-
ure 6.5. It can be seen that, when using BPF with the MF algorithm, 80% of the
errors are below 3m.

More significantly, the BPF without MF yields improved localisation perfor-
mance (2.83 m mean 2D error) compared to PF-only (3.25 m mean 2D error).
This result confirms that BPF can be performed wvia elimination of trajectory

errors based on the likelihood observation function.

1.6

1.4 4

1.2 4

1

0.8 4

Ratio to PF

0.6 4

0.4 4

0.2 4

0

1
NN KF PF BPF PF+MF BPF+MF

Figure 6.4: Location error in proportion to PF.

As was expected a priori, the conventional NN estimation method showed a
large position scatter all along the ground truth. The KF, PF and BPF have
better trajectory, see Figure 6.6. The trajectory evolution over time is shown in

Figure 6.6(b) for estimation without MF. It can be seen that PF trajectory is
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Figure 6.5: CDF of the error.

more scattered than BPF. Trajectories of filtering with MF shown in Figure 6.6(a)

are better since they are constrained by the building’s walls.

6.1.3.1 Influence of Parameters

The influence of algorithm parameters to the localisation accuracy was also in-
vestigated. These parameters were: standard deviation o, number of attempts

and tail length.

Standard deviation

Standard deviation o, is used to calculate the likelihood observation function
p(z:|x:) in equation (3.27) and its value can be estimated from measurement as
described in section 3.5.3.

The influence of differing o, values on the localisation accuracy is summarised
in Figure 6.7. It can be seen that the localisation error decreases as the o, value
changes from 1 dBm up to 5 dBm. Afterwards, the error tends to increase.

A value of o, reflects the magnitude of error in the measurement. A big
value of o, is assigned when it is believed that the measurement is more prone
to error. It will give the update of the measurement model less influence and
give the motion model more emphasis. The net effect is that particles will spread

more over time (see Figure 3.5) and that the localisation error will increase.
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PF BPF = Ground truth

(a) PF and BPF trajectory with Map Filtering.

/!

]

PF BPF = Ground truth

(b) PF and BPF trajectory without Map Filtering.

KF =— Ground truth

(d) KF trajectory.

Figure 6.6: Trajectories from different algorithm.
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6.1 Accuracy

Based on the estimated value described in section 3.5.3 and the evaluation,
a recommended value of o, can be proposed. Standard deviation o, between
4dBm - 5 dBm is suggested for indoor localisation in an environment similar
with office setting (characterised by many walls, corridors and rooms), such as

hospital, campus or apartment.

77 A— PF without MF
BPF without MF
6 o— PF with MF
C— BPF with MF

Error (m)

0 T T T 1
0 5 10 15 20
Standard Deviation o4+

Figure 6.7: Influence of standard deviation o

Number of Attempts

The number of attempts determines how many times a new particle state is
predicted with the motion model (algorithm 4.1 of map filtering, section 4.1.2).

The influence of the number of attempts on accuracy is summarised in Fig-
ure 6.8. It shows ratios to the PF and BPF accuracy with a single attempt
(2.99 m and 2.89 m mean error, respectively). The accuracy improves from 1-
4 attempts and is optimum between 5-8 attempts. Afterwards, the error tends
to increase. Calculating one cycle of map filtering! with 8 attempts requires 1
second of computational time?.

The differences between consecutive attempts are the direction used in the
motion model of a particle. If the preceding attempt failed, the subsequent at-
tempt was performed by changing the particle’s direction (equation (3.16)) and

noise (equation (3.18)). After 8 attempts, the amount of random noise applied

LN =1000 particles
2Using Dell Latitude D630 Laptop, Intel Core Centrino Duo CPU, 2GB of RAM
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into particles’ direction, made particles’ direction more deviated from their true
state. A big deviation has an adverse effect on localisation accuracy.

Optimum attempt value of 8 is suggested for indoor localisation in a typical
office environment. It gives the best accuracy and only needs modest computa-

tional power.

Ratio to 1 Attempt

0.6

Number of Attempts

Figure 6.8: Influence of number of attempts in Map Filtering

Tail

Tail length b determines the number of back-steps in time in which the previous
target state estimation X;_, can be refined by removing invalid particle trajecto-
ries with the BPF algorithm (see section 4.2).

The influence of tail length on accuracy is shown in Figure 6.9(a) and Fig-
ure 6.9(b) for BPF with and without MF, respectively. In the BPF without MF
accuracy increases until a tail length of 50 before it then decreases. In the BPF
with MF, accuracy increases until a tail length of 20, and it decreases after a tail
length of 100.

If the value of the tail is too big, the number of surviving particles (as the result
of removing the invalid trajectories) become too small. Therefore, the particles
distribution is not sufficient to represent the posterior distribution, which makes
the accuracy worsen. Based on the result, tail length of 15-20 is suggested to give

the best accuracy.
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Figure 6.9: Tail influence on BPF accuracy.
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6.1.4 Summary

This section examined how the PF, MF and BPF algorithm influenced on the
accuracy of indoor localisation. The proposed algorithms were evaluated and
compared with the existing NN and KF algorithms.

The evaluation of the proposed algorithms show favourable results. The PF
algorithm gave an accuracy of 3.25m (compared to NN accuracy of 5.14m). The
best performance was given by BPF+MF (1.98 m mean 2D error), it shows
enhancement up to 40% compared to PF only and a performance nearly 3 times
better than that of NN. Furthermore, in 80% of cases, the accuracy of BPF+MF
is below 3m.

The influence of algorithm parameters to the localisation accuracy was inves-
tigated. These parameters were: standard deviation, number of attempts and
tail length.

Standard deviation o, between 4dBm - 5 dBm is recomended for indoor lo-
calisation in an environment similar with office setting (characterised by many
walls, corridors and rooms), such as hospital, campus or apartment. Attempt
value of 8 is suggested since it gives minimum localisation error and only needs a
modest computational power. Based on evaluation the result, tail length of 15-20
is proposed to give the best accuracy.

In this section, it was demonstrated that the implementation of a particle filter,
map filtering and backtracking particle filter significantly enhances the accuracy
of the opportunistic indoor localisation system.

Another contribution of the research is the self-calibration fingerprinting to
improve the usability of an opportunistic system. The next section will describe

the evaluation of the algorithm in more detail.

6.2 Usability

6.2.1 System and Tool

The architecture of the localisation system with the self-calibration algorithm is
described in Figure 6.10. There are four main components of the self-calibration

system: the client tool, fusion engine, self-calibration engine and fingerprint. The
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client tool collects RSS signatures and passes them on to the fusion and self-
calibration engines. The fusion engine is responsible for the pinpointing of the
target position based on the PF. The self-calibration engine is the component
that performs the self-calibration. The last component is the database of the

generated RSS fingerprint.

Client Tool Fusion Engine

Y

e N

Self-Calibration
Engine

Fingerprint

— used for self-calibration — used for localisation

Figure 6.10: Block diagram of the self-calibration system.

6.2.2 Experimental Setup

The Department of Electronic Engineering (73 m x 22 m) at CIT was used as
a test-bed to analyse the proposed algorithm. The CIT floor plan with Voronoi
graph (as shown in Figure 4.7) was used.

RSS measurements were gathered along the ground-truth (Figure 6.11) to be
used for self-calibration. The data was evaluated off-line with the self-calibration

system. The walls were divided into 6m of segments.

| ]

| I | I N o | S P m— | S —

= =1 I

—— Ground truth

Figure 6.11: Measurement ground truth for self-calibration fingerprinting.

92


Chapter7/Chapter7Figs/scsystem.eps
Chapter7/Chapter7Figs/gtself.eps
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6.2.3 Results

The self-calibration algorithm used to enable an automatic generation and cali-
bration of the RSS fingerprint was evaluated and compared with a predicted and
a manual fingerprint (Figure 6.12(c)). MWM was used to predict the fingerprint
(shown in Figure 6.12(a)). This, in turn, was also used for the initial fingerprint
in the self-calibration algorithm (section 4.3). The calibrated fingerprint and
optimised walls are shown in Figure 6.12(b).

Mean signal differences between MWM prediction and manual fingerprint is
-5.53 dBm with ¢ = 7.12 dBm. Whereas, mean signal differences between self-
calibration and manual fingerprint is -1.38 dBm with ¢ = 9.03 dBm. Therefore,
the self calibration fingerprint is able to refine the fingerprint towards its optimum
value.

Histograms and CDF's of the differences are shown in Figure 6.2.3. PDF and
CDF signal level differences between MWM and manual fingerprint is illustrated
in Figure 6.13(a), meanwhile self-calibration versus manual fingerprint is shown
in Figure 6.13(b).

Localisation accuracy with different fingerprinting methods are summarised
in Table 6.2. It can be seen that localisation accuracy using a self-calibrated
fingerprint improved significantly compared with that obtained using a MWM-
predicted fingerprint. BPF with the calibrated fingerprint yielded improved per-
formance (3.57 m error) compared to that obtained with MWM prediction (7.44
m error) or 50% better (shown in Figure 6.14(a)). Despite the fact that PF/BPF
manual fingerprint yielding a good result, PF/BPF accuracy with self-calibration
fingerprint still out-performs NN and KF with manual fingerprint (see Table 6.1).
The CDF of the error is shown in Figure 6.14.

Table 6.2: Localisation error from different fingerprinting methods (metres)

MWM Prediction | Self Calibration | Manual

PF =774 1 =3.75 n=2.15
o =448 o =3.04 o =1.08

BPF =744 1 =3.57 n=1.98
o =3.70 o =2.7T7 o=1.11
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Color Scale (dBm)

SEm

O Access Point

SRR

(a) Predicted fingerprint with MWM.

Golor Scale (dBm)

-30
l.‘!?
-44

—.51

O Access Point —— Optimised Wall

(b) Self-calibrated fingerprint.

Color Scale (dBm)
- 30

O Access Point

(¢) Manually calibrated fingerprint.

Figure 6.12: Fingerprints before and after self-calibration and a manually calibrated fingerprint.
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Figure 6.13: Histogram and CDF of signal level differences between fingerprints.

The principal advantage offered by the self-calibration fingerprint is its ability
to make the fingerprint adaptive to any change in system or environment config-
uration and to avoid labour-intensive and cumbersome manual calibration. The
manual fingerprint took 5 days to build, whereas the self-calibration fingerprint

took less than 30 minutes'.

6.2.4 Summary

This section described the evaluation of the self-fingerprinting algorithm to en-
hance the usability of opportunistic indoor localisation. The self-calibration al-
gorithm used to enable an automatic generation and calibration of the RSS fin-
gerprint was evaluated and compared with a predicted and manual fingerprint.

The localisation accuracy using a self-calibrated fingerprint was two times bet-
ter compared with that obtained using a MWM predicted fingerprint (BPF error
of 7.44m and 3.57m for prediction and self calibration, respectively). PF/BPF
accuracy with self-calibration fingerprint also out-performs NN and KF with em-
pirical fingerprint.

However, the principal advantage offered by the self-calibration fingerprint is
its ability to avoid labour-intensive and cumbersome manual calibration. The
empirical fingerprint took 5 days to build, whereas the self-calibration fingerprint

took less than 30 minutes.

!Using Dell Latitude D630 Laptop, Intel Core Centrino Duo CPU, 2GB of RAM
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Figure 6.14: CDF of localisation error with different fingerprinting methods.

The ability to automatically build and optimise the fingerprint, to improve
accuracy and to alleviate cumbersome manual-calibration make the self calibra-
tion algorithm a significant enhancement to the usability of opportunistic indoor
localisation.

Furthermore, the particle filter algorithm is used to fuse different sensory data
when more fine-grained accuracy is required. The next section will describe the

evaluation of the particle filter-based sensor data fusion.
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6.3 Multi Sensor Data Fusion

6.3.1 WLAN & WSN

6.3.1.1 Experimental Setup

The Adaptive Wireless Group (AWS) laboratory at CIT was used as a test-bed
to evaluate fusion between WLAN and WSN. Three access points and 11 WSN
nodes were installed in the test-bed. A fingerprint of WLAN and WSN was
collected in every 0.5m grid.

A walk between 2 rooms and a corridor along the ground-truth (Figure 6.15)
was performed to evaluate the algorithm. Three 30m-walks were performed to
gather RSS measurements, which in turn were processed off-line in the fusion
engine. RSS measurements in 200 points along the ground truth were gathered

which in turn were used to estimate their location.
L | '_I—_I

] | 4 Jh

|/

]

= Ground truth

Figure 6.15: Ground-truth for the WLAN and WSN data fusion.

6.3.1.2 Results

In the context of localisation in a car factory, the algorithm provides reason-
ably good localisation accuracy (see Figure 6.16(a)). Localisation with WLAN-
only was considered sufficient to provide room containment information whereas

WLAN and WSN fusion provide better accuracy (1.16 m and 0.96 m mean error
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for PF and BPF, respectively). It was sufficient to distinguish a worker’s location
relative to a carl.

As previously described (section 5.1), since WSN RSS measurements provide
a better profile for localisation purposes, it gives better localisation granularity.
Figure 6.16(b) shows the CDF of the error. It can be seen that 100% of the error
values of WLAN+WSN fusion using BPF are less than 3m.

E 4+
S
o 3
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1 | I
0 T 1
WLAN WLAN-+WSN
(a) Location error of the WLAN and WSN data fusion.
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(b) CDF of WLAN and WSN data fusion.

Figure 6.16: Location error and CDF of the WLAN and WSN fusion.

IThis study was conducted in the context of Wearit@Work project
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6.3.2 PDR, Ultrasound & WSN

In typical emergency-response situations (e.g. a building on fire, or earthquake)
it is not reasonable to expect built-in infrastructure to work. Therefore, in this
setting there is no infrastructure available (e.g. a floor plan or network of pre-
deployed nodes). Sensor nodes (Tmote WSN and Relate ultrasound; see sec-
tion 5.2) are deployed in a dynamic, ad-hoc fashion as the user enters a building.

The concept is to use PDR in combination with sensor nodes that users deploy
as a virtual lifeline (analogous to the physical lifelines that fire-fighters often
use as "safety ropes”). The lifeline is used to help fire-fighters navigate inside
the building. Further explanation about the virtual lifeline concept can be found
in [106].

This approach differs from current approaches in fusion schemes for indoor
PDR. Woodman and Harle, for instance, have demonstrated a highly-accurate
system in which PDR is used in conjunction with a detailed building map [107].
Others have suggested combination of PDR with RFID [108], WLAN [86] and
UWB [109]. The limitation of these fusion schemes is that they rely on either
prior knowledge of the environment (e.g. maps), or pre-deployment of beacons
at known positions.

In contrast, this thesis proposes a technique that relies only on sensors carried
and deployed in a ad-hoc fashion by the system users (without map and pre-

deployed node).

6.3.2.1 Experimental Setup

The experiments were conducted at Passau University, Germany. Data for off-
line processing was collected in two different walking modes: normal walking and

extended search walking modes!.

Experiments with Normal Walking

The basement floor of the FIM building was used to collect data using normal
walking mode. The overall test-bed dimension were 65 m x 65 m (4225 m?). Three
people did two 80m-walks or 6 walks in total in this building (Figure 6.17(a)).

'Random movement mimics fire fighters during search and rescue operations.
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@ Way Point & Node Position
Ground truth

@ Way Point & Node Position
Ground truth

(a) Floor plan of the of the FIM building. (b) Floor plan of the ITZ building.

Figure 6.17: Floor plans for the experiments.

Experiments with Extended Search Inside Rooms

Another data set was recorded on the second floor of the ITZ building. The
overall test-bed dimension was 100 m x 80 m (8000m?). Two people each did
four 400m-walks for this data set or 8 walks in total. The path is described in
Figure 6.17(b).

The PDR location estimate is expected to drift significantly during this type
of movement in a confined space. However, the nearby ultrasound nodes (and the

WSN RSS proximity measurements) will be used to correct the position error.

6.3.2.2 Results

The lifeline performance was evaluated together with the data fusion algorithm,
i.e: PF and BPF. Several combinations of sensory data, (PDR-only(P), PDR +
Relate (P+R), PDR + Tmote (P+T), PDR + Relate + Tmote (P+R+T), were
used to evaluate the performance and contribution of each modality.

The default system configuration is that the lifeline nodes (Relate and Tmote)
are dropped by the user in unknown locations (in absolute location terms).

The localisation accuracy for normal walking mode in the FIM building is sum-

marised in Figure 6.18(a) and for the extended search mode in the ITZ building
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in Figure 6.18(b). From the results of both experiments it can be seen that the

overall accuracy increases in proportion to the number of modalities being used.
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(a) Accuracy in normal walking mode.
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(b) Accuracy in extended search mode.

Figure 6.18: Localisation error with normal and extended search walking mode.

Since RSS-lateration method does not give accurate distance estimation in
indoor environment, Tmote WSN does not offer much more accuracy. How-
ever, WSN have wider coverage range (10m-20m) than ultrasound node (<5m),
therefore it is useful to extend the range of localisation system. In the context
of fire-fighter scenario, the WSN can be used to re-align the fire-fighter to the
virtual lifeline system in longer distances.

BPF fusion of PDR+Tmote+Relate provide the best accuracy (3.88 m mean
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error in normal walking mode and 8.66 m mean error in extended search mode),
while the PDR-only mode is worst with 7.04 m mean error in normal walking
mode and about 30.45 m mean error in extended search mode.

This data also confirms the assumption that our system is particularly useful
to compensate for irregular motion patterns during extended search. While the
improvement in position accuracy for normal walking is of a factor of 2, this
increases to a factor of about 4 for the extended search mode.

The system accuracy is illustrated by the trajectories as shown in Figure 6.19(a)
and Figure 6.19(b) for normal walking and extended search mode respectively.
The end of the pure PDR trajectory is inaccurate (by tens of meters) compared
to the starting point. If used to guide a first responder back out of the building
the system would obviously fail.

# =initial position & direction
== =ground truth

= =PDR-only trajectory

= = PF fusion trajectory

— = BPF fusion trajectory

© =dropped Tmote & Relate

i —
A

= initial position & direction
= ground truth
= PDR-only trajectory

= = PF fusion trajectory
= =BPF fusion trajectory
O  =dropped Tmote & Relate

(a) Trajectories for normal walking mode. (b) Trajectories for extended search mode.

Figure 6.19: Trajectories for different walking mode with P+R+T.

In addition to those nodes placed at unknown locations, it is assumed that
some nodes can be pre-positioned at known locations (e.g. entry points, windows,
other known landmarks) for which an exact position on the map is known. Such
nodes can realign the PDR system to the true position. The influence of the

number of pre-positioned nodes on system accuracy was investigated during the
empirical evaluation.
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The location accuracy for differing numbers of pre-positioned nodes is sum-
marised in Figure 6.20(a) and Figure 6.20(b) for normal walking and extended
search mode, respectively.

The accuracy is in proportion with the number of pre-positioned nodes. As
the number of pre-deployed nodes was increased, the accuracy got better. This
is due to the PDR path being corrected more often in proportion to the number
of pre-deployed nodes.

In the normal walking mode, the best accuracy is given when all of 6 ultra-
sound nodes were pre-deployed (BPF mean error of 1.76m). In the extended
walking mode, the best accuracy is given when all of 8 ultrasound nodes were

pre-deployed (BPF mean error of 6.16m).

uPF
BPF

Errar {m)

no pre-positioned 143 pre-postioned 2/3 pre-positioned all pre-positioned

(a) Normal walking mode.

upF
BFF

Errarim)

no pre-positioned 143 pre-positioned 2/3 pre-positioned all pre-positioned

(b) Extended search mode.

Figure 6.20: Influence of the pre-positioned node on the accuracy.
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6.4 Conclusion

In this chapter evaluation of the proposed algorithms for improving the accuracy
and usability of the indoor localisation system has been performed. In the first
part (section 6.1), PF, MF and BPF were evaluated and compared with existing
NN and KF algorithms. The best performance was given by the BPF + MF
algorithm which achieved nearly 3 times better accuracy than that obtained for
the NN algorithm.

Typical applications that require 2-3m accuracies can take advantage of this
enhancement. Applications that localises employee in office environment or pa-
tient in a hospital setting is one of the possible implementations.

Furthermore, the influence of the algorithm parameters on localisation accu-
racy was also investigated. These parameters are: the standard deviation o for
the measurement model, the number of attempt for MF and the tail length for
BPF.

Standard deviation o, between 4dBm - 5 dBm is recommended for indoor
localisation in an environment similar with office setting (characterised by many
walls, corridors and rooms), such as hospital, campus or apartment. Attempt
value of 8 is suggested since it gives minimum localisation error and only needs
a modest computational power. Based on evaluation of the result, a tail length
of 15-20 is proposed to give the best accuracy.

Section 6.2 which describes evaluation of the algorithm for addressing the
fingerprint usability problem give encouraging results. The self-calibration algo-
rithm was superior to the fingerprint prediction approach. The ability to auto-
matically build and optimise a fingerprint was also demonstrated. It also out-
performs the accuracy of state-of the art methods. Moreover, it has a significantly
lower computation time compared to manually calibrated fingerprint.

Furthermore, the proposed algorithm could be conveniently used for multi
sensor data fusion (section 6.3). Sensor data fusion of WLAN and WSN are im-
plemented when higher accuracy is required. To demonstrate that the algorithm
was also useful for multi sensor data fusion in an emergency scenario, a virtual

lifeline system was proposed. It was used to fuse PDR, ultrasound node and
WSN.
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The proposed system of virtual lifeline was proved useful for indoor local-
isation when localisation infrastructure was not available in the environment.
Therefore, the system relied on sensors carried and deployed by the users of the
system on an ad-hoc basis.

It was demonstrated that the implementation of a particle filter, map filtering
and backtracking particle filter significantly enhance the accuracy of the oppor-
tunistic indoor localisation system.

Furthermore, the ability to automatically build and optimised fingerprint, to
improve accuracy and to alleviate cumbersome manual-calibration make the self
calibration algorithm a significant enhancement on the usability of opportunistic
indoor localisation.

It also showed that the particle filter-based multi sensor data fusion is able to
further enhance the accuracy of the opportunistic system.

Therefore, it was demonstrated that the proposed algorithms are able to over-
come the drawbacks of current methods in opportunistic systems. The developed
algorithms are the foundation in achieving an affordable, accurate and usable
opportunistic indoor localisation system. These characteristics enable the large
scale adoption of indoor localisation systems. The proposed algorithms are novel
and become the thesis contribution to enhance the state of the art of opportunistic

systems.
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Chapter 7

Conclusion

7.1 Summary

The main objectives of this dissertation as set out in section 1.2 are as follows:

1. A comprehensive review of the state of the art of indoor localisation systems,
with a particular focus on highlighting opportunities for an affordable, ac-

curate, and usable opportunistic indoor localisation system.

2. Development and evaluation of a filtering algorithm with a Bayesian ap-

proach to enhance the accuracy of opportunistic indoor localisation.

3. Development and evaluation of a learning data fusion algorithm to enhance

the accuracy and usability of opportunistic indoor localisation.

4. Investigation of the sensor data fusion algorithm between different localisa-
tion technologies and also algorithm implementation in different application

domain.

5. Evaluation and comparison of the developed algorithms against current ap-
proaches with a particular focus on the implementation of opportunistic in-

door localisation.

106



7.1 Summary

Outcomes

The research work documented in this dissertation was performed to achieve the
aforementioned objectives. In the next section, the main contributions of this
work are outlined and the conclusions that can be drawn from the research are

presented.

1. State of the Art of Indoor Localisation

Chapter 2 described current approaches to development of localisation systems.
It was found that utilising RSS of the wireless-communication channel for oppor-
tunistic indoor localisation offers several advantages, such as affordability (since
RSS is virtually free to obtain) and a low technology barrier to implementation
(section 2.1).

WLAN has become the dominant local wireless networking technology. Ac-
cordingly, majority of the opportunistic indoor localisations use RSS of WLAN
as the technology platform of choice.

Section 2.2 focused on current approaches to the opportunistic indoor lo-
calisations. It was found that there are some aspects of current approaches in
opportunistic indoor localisation that need to be addressed with more research;
namely, improvement in the accuracy and usability of the system.

Some algorithms tried to enhance the accuracy of opportunistic indoor lo-
calisations. However, it was found that the proposed methods still have many
disadvantages. Based on the review of the state of the art, the particle filter algo-
rithm had been identified as the most viable method for the opportunistic system.
Therefore, a particle filter-based algorithm was implemented in the opportunistic
indoor localisation.

To address the fingerprinting problem, current methods use indoor propa-
gation modellings or machine learning approaches. However, the proposed so-
lutions still have many shortcomings which restrict them from fully addressing
the problems associated with an opportunistic system. Therefore, this research
constructed novel algorithms for enhancing not only the accuracy but also the

usability of the opportunistic localisation system.

107



7.1 Summary

2. Particle Filter for Localisation

Chapter 3 described the implementation of the most advanced algorithm, the
particle filter, for opportunistic indoor localisation. It was found that the ability
to deal with a non-linear and non-Gaussian system, the suitability for estimation
of dynamic state with large process noise, and the robustness of the algorithm
make particle filter an ideal approach for RSS-based opportunistic system.
Furthermore, novel motion and measurement models were devised to enable

the implementation of particle filter into opportunistic system.

Motion Model

A motion model was developed as a combination from both Brownian movement
and first-order motion models. This model assumed that the kinematic of a target
had random values in it. However, the randomness is constrained by the previous
state (section 3.4).

This approach more accurately reflects the target’s kinematic behaviour in
opportunistic system. It made particles behave more realistic, even in the absence

of motion sensor.

Measurement Model

This research proposed a measurement model which properly considered the phys-
ical characteristics of signal propagation in indoor environments. The measure-
ment model was derived from statistical inference between a fingerprint and RSS
measurements.

Algorithm 3.4 described the steps necessary to obtain a likelihood observation
function. Section 3.5.3 further described a method to obtain intrinsic parameters
of the measurement model.

The devised measurement model leads to a more accurate representation of
the sensor model in the opportunistic system which in turn leads to more accurate
location estimations.

The novel motion and measurement models enable the adoption of a particle

filter into opportunistic indoor localisation. The implementation of a particle
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filter leads into the enhancement of the accuracy of opportunistic indoor locali-
sation.

The limitation of a particle filter is that it needs a relatively high computa-
tional power compared to other methods. Recently, this disadvantage becomes
less apparent because of the continuous development of more powerful hardware.
Implementing a particle filter in resource constrained devices (such as a PDA or
a mobile phone) can be a challenge. However, a client-server architecture allows

one to distribute the majority of computation to a central server.

3. Learning Data Fusion

Chapter 4 presented a learning data fusion algorithm. To improve further the
accuracy, this research examined other information beyond available signal in the
environment, i.e. map information and particle trajectory.

Map filtering was used to fuse map information into the particle filter. More-
over, particle trajectory is fused to refine the state estimation with the backtrack-
ing particle filter algorithm. Both algorithms were devised to further increase the
accuracy of opportunistic systems. Furthermore, with the aim of addressing the
usability problem, a self-calibration algorithm was devised to automatically gen-
erate and calibrate the RSS fingerprint.

The collection of algorithms to enhance the accuracy and usability of an op-

portunistic system is one of the most important contributions of this research.

Map Filtering (MF)

Map information is used to constrain particle motion using the map filtering
algorithm. Fusing the map with the particle filter algorithm is achieved by in-
cluding the constraint rule in the motion model of the particle. The map filtering
algorithm is presented in algorithm 4.1 in section 4.1.2.

The implementation of a particle filter in opportunistic indoor localisation is a
novel approach for opportunistic indoor localisation. It leads to an enhancement

of the accuracy of opportunistic indoor localisation.
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Backtracking Particle Filter (BPF)

BPF is a technique for refining state estimates based on particle trajectory. The
incorporation of the MF technique allowed BPF to exploit long-range geometri-
cal constraints of a map and a long-term likelihood observation function. Algo-
rithm 4.2 describes the steps for BPF algorithm.

The fusion of particle trajectory through backtracking particle filter is one of
the novel contributions of this research. It leads to further enhancement of the
accuracy of an opportunistic system.

The limitation of BPF is that it can only refine past state z;_,. From applica-
tion perspective, the BPF technique can be useful for applications that are toler-
ant to the introduced delay, such as an application that analyses user movement
pattern in an indoor environment. For application that real-time localisation is

a requirement, PF and MF is more appropriate.

Self Calibration Fingerprint

Self-calibration fingerprinting was devised to eliminate the labour-intensive man-
ual calibration and makes the fingerprint adaptive to any change in the system
or environment configuration. The self-calibration algorithm is described in Fig-
ure 4.5 in section 4.3.

This algorithm advances state-of-the-art fingerprinting methods in several key
areas: it removes the necessity to collect initial training data; it elevates the
necessity for placing dedicated RF receivers used for constantly measuring RSS
values; it automatically optimises wall parameter for the propagation model.

The novelty of the algorithm lies in the ability to automatically build and
optimise the fingerprint, and to make the fingerprint adaptive to any change in the
system or environment configuration, thus significantly enhancing the usability
of the opportunistic system.

Self-calibration fingerprinting is one of the most important contributions of

this research.
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4. Multi Sensor Data Fusion

Chapter 5 presented a particle filter-based algorithm for sensor data fusion of
multi-modal localisation technology. The sensor data fusion is investigated to
achieve more fine-grained accuracy of opportunistic indoor localisation.

Fusion of WSN and WLAN was investigated to achieve more fine-grained
accuracy in the context of localisation in the car industry. It was found that RSS
values of WSN gives distinctive measurement probability between fingerprinting
grids. Eventually, it leads to better localisation accuracy when WLAN and WSN
are fused.

Fusion of PDR, ultrasound and WSN was investigated to increase the accuracy
of indoor localisation for fire-fighters. Motion and measurement models of PDR,
ultrasound and WSN were devised to enable the fusion. Fusion for PDR was
implemented by incorporating displacement estimates into the particle motion
model. Novel measurement models based on Gaussian density function were
devised for ultrasound and WSN to enable the fusion.

The fusion of an opportunistic system with different technologies through the
development of sensor-specific probabilistic models is one of the contributions of

this research.

5. Evaluation

Chapter 6 described the evaluation of the proposed algorithms for improving the
accuracy and usability of the indoor localisation system that had been performed.
Evaluation of the algorithms was conducted by means of experiments using a real
test-bed in CIT and Passau University, Germany.

The evaluation showed favourable results. In the first part (section 6.1), PF,
MF and BPF were evaluated and compared with existing NN and KF algo-
rithms. The best performance was given by the BPF + MF algorithm (x =1.98m
o =1.11m).

Section 6.2 which describes evaluation of the algorithm for addressing the
fingerprint usability problem gives encouraging results. The self-calibration al-
gorithm significantly provided a better result than the fingerprint prediction ap-

proach. The ability to automatically build and optimise a fingerprint was also
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demonstrated. It also out-performs the accuracy of state-of the art methods (NN
and KF). Moreover, it has a significantly lower computation time compared to
manually calibrated fingerprint.

Furthermore, the proposed algorithm could be conveniently used for multi
sensor data fusion (section 6.3). Sensor data fusion of WLAN and WSN are im-
plemented when higher accuracy is required. To demonstrate that the algorithm
was also useful for multi sensor data fusion in an emergency scenario, a virtual
lifeline system was proposed. It was used to fuse PDR, ultrasound node and
WSN.

It was demonstrated that the implementation of a particle filter, map filtering
and backtracking particle filter significantly enhance the accuracy of the oppor-
tunistic indoor localisation system.

Furthermore, the ability to automatically build and optimise a fingerprint, to
improve accuracy and to alleviate cumbersome manual-calibration make the self
calibration algorithm is able to significantly enhance the usability of opportunistic
indoor localisation.

It also showed that the particle filter-based multi sensor data fusion is able to
enhance the accuracy of the opportunistic system.

Therefore, it was demonstrated that the proposed algorithms are able to over-
come the drawback of current methods in opportunistic systems. The algorithms
were demonstrated to be able to improve the accuracy and usability of the in-
door localisation system. The proposed algorithms are novel and become thesis

contribution to enhance the state of the art of opportunistic system.

7.2 Future Work

Learning Bayesian Network for the Self-Calibration

As stated in the description of the self-calibration algorithm in section 4.3, opti-
misation of wall parameters of the MWM is performed by a linear method. This
linear optimisation was only applied to a single wall segment at a time, meaning
that adjacent walls did not have an influence, or were not in turn influenced by,

the optimised wall segment.
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Consideration of neighbouring or adjacent walls in the overall optimisation
model would potentially produce better optimisation results. This could be
achieved by a learning Bayesian network which describes walls by means of a
probabilistic graphical model and their conditional independences. This model
would allow calculation of interdependencies between wall segments during opti-

misation.

3D Multi-Floor & Multi-Building

Currently, the implementation of an opportunistic localisation system is suit-
able for a 2D single floor. Multi-floor environments are stacked as 2.5D struc-
ture, but extension into 3D multi-floor and multi-building environments would
be highly desirable. The computational requirements for the localisation algo-
rithm and 3D propagation model will increase, but the fundamental PF/BPF

and self-calibration algorithm could easily be extended for this purpose.

Smart-Phone based Opportunistic Localisation

Recent mobile phones, in addition to the GSM interface, have been equipped with
various sensors such as the WLAN interface, GPS, compass and accelerometer.
Using these sensors for opportunistic localisation would be a logical develop-
ment of the present study. The multi-modal sensor data fusion could be easily
re-used. However, the relatively low computational power of the mobile phone

needs to be considered when implementing the algorithm.

7.3 Conclusion

Indoor localisation systems are evolving towards so-called opportunistic localisa-
tion systems. These take advantage of any readily available information in the
environment and a mobile device, such as RSS. Problems inherent in current
approaches to opportunistic localisation that need to be addressed include fur-

ther improvement of the accuracy and usability of the system. In addition, sensor
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data fusion capability is overlooked with existing approaches, even though the ac-
curacy of a single-technology platform often cannot satisfy practical application
requirements (see chapter 2 State of the Art).

Hence, development of more advanced algorithms is essential to the wider
adoption of a low-cost, accurate and practical indoor localisation system. This
thesis offers a solution by enhancing the current particle filter approaches for
opportunistic localisation and by constructing a novel algorithm for solving the
usability problem (chapter 3 and 4). Furthermore, the algorithm was able to
become a framework for the sensor data fusion between multi modal localisation
technologies (chapter 5).

To adapt the particle filter algorithm for opportunistic localisation, novel mo-
tion and measurement models were devised. The motion model was an enhance-
ment from both Brownian movement and first-order motion model. This work
also proposed a measurement model which properly considers the physical char-
acteristics of signal propagation in indoor environments (algorithm 3.4). This
evaluation demonstrated that implementation of the particle filter in opportunis-
tic localisation resulted in better localisation accuracy compared to existing con-
ventional algorithms (chapter 6).

The particle filter algorithm was improved further to take advantage of envi-
ronment description and history of RSS measurement. The algorithms used are
called MF and BPF. Implementation of MF and BPF for opportunistic localisa-
tion further improved the accuracy of the localisation system.

Self-calibration fingerprinting was devised to significantly enhance system us-
ability. The evaluation shown in chapter 6 demonstrates that the algorithm can
overcome the problems of manual fingerprint collection enabling automatic gener-
ation and calibration of the RSS fingerprint. The algorithm keeps the fingerprint
up-to-date, thus achieving self-calibration of the localisation system.

In addition, the algorithm can be further utilised for sensor data fusion of
multi-modal localisation technology to achieve more fine-grained accuracy. Fur-
thermore, a data fusion algorithm was implemented in an indoor localisation
system commonly used for first-responders in emergency scenarios. This virtual
lifeline system could be used for indoor localisation in cases where the infrastruc-

ture is not available in the environment.
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7.3 Conclusion

The work presented in this thesis has demonstrated the ability to address
the problem in perfecting an opportunistic indoor localisation system. The new
algorithm is not only able to enhance the performance of the system, but also
significantly enhanced its usability. This could lead to wider adoption of an
affordable, accurate and usable localisation system.

Eventually, knowledge of physical location could open up a wide range of
possible applications. For example, tracking people and assets, safety and security
or navigating people out of buildings on fire during emergency situations. The
aforementioned applications would help to do things more efficiently, save time,

money and, perhaps, lives.
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