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Abstract

Over the last decade we have witnessed an unprecedented interest in indoor
positioning technologies, with a variety of solutions developed in academic and
industrial research labs. Although the field has reached a significant level of
maturity, there is still no dominant solution and, as a consequence, positioning
services are still lacking in many buildings. In order for a solution to be widely
implemented and adopted, two key requirements must be satisfied: low cost
and high accuracy. The dichotomy between cost and accuracy has fragmented
the technology landscape, leading to a plethora of competing solutions that

cannot satisfy both requirements simultaneously.

The key objective of this thesis is to investigate how to unify the two disparate
camps, providing high positioning accuracy with very low cost. Many ap-
proaches have tried to achieve this goal by fusing different sensor modalities.
However, the majority of existing work has only investigated how to fuse se-
quences of measurements for which the associations with the targets are known
(i.e. device personal data). Sensor fusion techniques that combine device per-
sonal data and anonymous sensor streams (where the associations between the
measurements and the targets are not known) remain under-explored as of to-
day. In this thesis we investigate how to efficiently combine device sensor
data and anonymous sensor streams from various sensor modalities in order to
build low cost and high accuracy positioning systems. By combining these two
types of sensor modalities in one system we see a great potential in designing
cost-effective and accurate positioning systems for challenging environments
such as for tracking people in highly dynamic industrial settings. Our goal is
to design a multi-target multi-sensor tracking framework which will utilise ex-
isting sensor infrastructure found in industrial environments and large public

buildings (e.g museums) in order to provide reliable positioning services.
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Chapter 1

Introduction

1.1 Motivation

Nowadays positioning is becoming the backbone of many services and applications that
aim to transform our everyday lives. A positioning system allows a mobile device to deter-
mine its location by enabling location-based services. Indoor/outdoor navigation, location-
based advertising and assisted living are only some of the applications that could benefit
from the development of accurate and robust positioning systems. For example, museums
can use positioning services to provide the visitor with information on the exhibits, collect
useful statistics about the exhibits (e.g. popularity) and analyse visitor behaviour. In a
construction site, workers can get information on the specification and rules pertaining to
components they use for building, etc. An accurate positioning system can also provide
additional safety to the construction site personnel by issuing different types of warnings
(e.g. notifications on entering danger zones). Furthermore, an accurate and cost-effective
tracking system can be used to detect how active each individual is, to estimate energy ex-
penditure and/or provide key insights on their well-being. Other applications include smart
supermarkets that provide location-based navigation and smart hospitals which are able to
track and locate medical personnel and equipment in case of emergency situations.

The Global Positioning System (GPS) [1] is the most widely used satellite-based po-
sitioning system providing accurate geographic positions in outdoor environments. How-
ever, GPS cannot work indoors or in the presence of obstacles that block Line-of-Sight
(LoS) propagation from the satellites. Indeed, the performance of outdoor positioning has
become excellent due to GPS but many applications require accurate and sub-meter posi-
tioning in both indoor and outdoor environments. Compared to the outdoor setting, indoor
environments are more challenging. This is due to a) Non-Line-of-Sight (NLoS) conditions
which result in high signal attenuation, scattering and multi-path due to walls, people and

other obstacles, b) fast temporal changes and ¢) demand of high accuracy and low cost.



Furthermore in large buildings (e.g. museums and airports) and industrial settings (e.g.
construction sites) positioning is a very challenging problem and quite different from the
traditional indoor positioning (i.e. self-positioning using Wi-Fi fingerprinting). Construc-
tion sites, for instance, as with many other industrial settings, consist of a combination of
complex indoor and outdoor areas. As a result, tracking the workers in a construction site
introduces an additional layer of challenges compared to indoor tracking. This is mainly
due to the many moving parts and the fast large-scale changes that occur in these complex
environments. For instance, in an indoor environment, the positions of walls and floors re-
main constant over time and the positions of furniture vary little from day to day. Existing
indoor positioning systems leverage this environmental stability to provide accurate loca-
tion services with the use of stable maps. In contrast, the construction site evolves rapidly
from day to day, precluding the use of systems which rely on stable, long-term maps for
positioning. Currently, there is no system that allows for workers to be tracked reliably
and robustly during all phases of construction. As a case in point, consider the challenges
in a unified positioning system that works equally as well during deep foundation excava-
tion through to an almost complete multi-storey building. At different points in time, the
performance of different techniques alters, with some improving and some degrading.

Existing positioning systems do not provide a cost-effective solution and in addition
they lack the necessary accuracy requirements. The goal is to have ubiquitous positioning
services and for this to happen we need to have low-cost positioning systems. This is
important since for a large number of organisations, positioning is not important enough
to their core business to justify investment into bespoke infrastructure. Still, positioning
would add key benefits enabling them to advance their businesses.

In this thesis we are interested in designing low-cost positioning systems. With the
term low-cost positioning systems we refer to positioning systems which rely on sensor
modalities found in todays buildings (e.g. airports, shopping malls, etc) such as WiFi and
CCTYV cameras. Systems that make use of dedicated positioning equipment have been well
studied (i.e. [2, 3, 4]) in the past. These systems could be very accurate (i.e. centimetre
accuracy) however they come with additional costs (i.e. the cost dedicated infrastructure,
the cost of deployment and the cost of maintenance). For instance, the cost of just 25 UWB
beacons [5] can be as high as $500, excluding the cost of UWB tags that people need to
carry on them in order to be localized. These kind of systems are not cost-effective and
not ubiquitous which renders them unappealing for many businesses. On the other hand
many business are interested in positioning systems that can leverage the existing sensor

infrastructure (e.g. WiFi, smartphones, cameras) thus providing a low-cost alternative.



Given all the above, we claim that a practical positioning system that can be widely

adopted and used in variety of scenarios should satisfy the following requirements:

e Low-cost: A positioning system that requires expensive dedicated infrastructure is
impractical for many applications and environments. For many environments the
deployment of a dedicated positioning infrastructure such as Ultra Wideband and
Ultra sound transceivers is not feasible due to the environmental dynamics and sen-
sor limitations. Therefore, instead of requiring special-purpose equipment a practical
solution should exploit the existing systems on site, which are being used for secu-
rity and communication such as CCTV cameras and WiFi access points. Additional
costs are due to the maintenance of the system. For instance maintaining a WiFi
fingerprinting map can become very expensive, labor intensive and error prone. A
practical system should thus be able to automatically keep itself up-to-date and adapt

to the changing conditions.

e Accurate: Accuracy is a key requirement for the majority of positioning applica-
tions. For instance, in a construction site environment a positioning system that
monitors the location of workers to indicate working hazards (e.g. red and green
zones) should be highly accurate (i.e. with sub-meter accuracy) in order to provide
the workers with the necessary safety. The term “accuracy” here indicates the dis-
tance between the estimated and true locations/trajectory. Many applications (e.g.
location-based advertising) require meter level accuracy and even sub-meter accu-
racy (e.g. for indicating working hazards in construction sites). In this thesis we in-
vestigate whether it is possible to design systems with sub-meter accuracy that make
use of multiple sensor modalities which are already deployed in many environments

(e.g. museums, construction sites, etc)

e Robust: To date, the majority of positioning systems have been designed to oper-
ate within environments that have long-term stable macro-structure with potential
small-scale dynamics. These assumptions allow for stable maps to be produced and
gradually aged with the incorporation of minor variations. However, in many en-
vironments the aforementioned assumption is invalid. In highly dynamic industrial
settings the environment evolves over time, and thus a good positioning system must
be able to adapt to these environmental changes. The term “robustness” indicates the
ability of a positioning system to operate equally well under different conditions and

this is a fundamental requirement for a variety of applications.



e Scalable: A practical positioning system should be able to handle a variable num-
ber of tracking objects without significant performance drop. The system should be
able to track and identify multiple people inside the camera field of view by utilising
multiple sensor modalities. The requirement here is to be able to track and identify a
variable number of objects (usually 1-10) inside areas which are covered by CCTV
cameras (i.e. areas with sizes approximately 10m x 10m). In addition, it should be
easy to extend the system to larger areas and to incorporate additional infrastructure
without significant effort and cost. Positioning systems that require dedicated infras-

tructure are usually less scalable than systems that re-use existing infrastructure.

1.2 Illustrative Examples

The problem of designing a low-cost, accurate, robust and scalable positioning system is
very important because it is the core component in many applications including location-
based triggered information in museums, location-based advertising in shopping centres,
coordination in hospitals and asset management in industrial settings. In what follows we
present illustrative examples that outline the challenges above and motivate further this

work.

1.2.1 Construction Sites

The construction industry is one of the most complex businesses. A report published in
2009 by the US National Research Council [6] found that construction lags behind other
industries such as manufacturing in terms of productivity, and blamed the situation on
problems with planning, coordination, and communication. The main reason for this is due
to the fact that monitoring activity and tracking assets across a large, complex construction
site is particularly difficult because there are so many moving parts, and because the jobs
that are being performed change frequently. In addition, construction sites exhibit rapid
large-scale changes in structure, the environment evolves over time, and the workers usually
wear similar uniforms which makes them indistinguishable and thus hard to identify.

In order to understand better the challenges and why positioning is important in con-
struction sites we have partnered with the Laing O’ Rourke construction company in order
to identify the problems the industry faces, its key requirements and how we can design a
practical system that can help to improve their businesses. More specifically, the benefits

of a positioning system in construction sites are as follows:



Figure 1.1: The figure shows the Blavatnik School of Government, University of Oxford
construction site on two different days (left image taken on day 1 and right image taken
on day 36). The site changes rapidly from day to day, precluding the use of positioning
systems which rely on stable, long-term maps.

e Productivity: An accurate positioning system can be used to improve productivity
by identifying bottlenecks and by locating personnel and equipment. In addition,
it can be used to provide key insights on the daily operations and infer important
statistics about the workers such as activity, frequent visited locations, energy expen-
diture, etc. This technology will allow manual work to be monitored and evaluated

automatically.

e Safety: By having a system which is able not only to track but also identify individual
workers (i.e. by their device/tag ID) we can improve the safety on site. For instance,
we can deploy virtual geofencing and we can monitor the location of workers to

indicate working hazards which can be individually tailored.

Currently, there is no system that allows for workers to be tracked reliably and robustly in
construction sites and in similar environments. There is no system that can fully utilise the

existing infrastructure and at the same time provide the required accuracy.

1.2.2 Museums

Positioning systems can also be used in museums with the aim of improving both the mu-
seum’s management and the experience of the visitors. For instance, an accurate position-
ing system can be used to provide location triggered-based information to the visitors in
order to offer additional history and facts about the exhibits. In addition, a system that can

monitor the position of individuals can be used as a virtual guide and also provide useful



statistics (i.e. most popular artefact, etc) to the museum management. The latter can be
used to resolve bottlenecks, plan-ahead, and improve scheduling as well as the visitor’s ex-
perience. Furthermore, a positioning system can provide coordination and communication
between the visitors and the museum guides. It can be used to help visitors find certain

locations and navigate easily throughout the building.

Figure 1.2: The Pitt Rivers Museum in Oxford

However, despite all the above-mentioned benefits, there is currently no positioning system

that can cope with the challenges in museums namely:

e Cost requirements and limited infrastructure: Investing in bespoke positioning in-
frastructure is not effective. Moreover, making use of the existing infrastructure is

tricky as it was not designed for positioning purposes.

e Environmental challenges: The number of people varies significantly over time, the
room is usually not well lit, and the museum exhibits create occlusions, thus making

maintaining tracking very challenging.

e Accuracy requirements: In order to be able to make use of the services discussed

above, room-level accuracy is not adequate and sub-meter accuracy is required.

In this thesis we have partnered with the Pitt Rivers Museum (Fig. (1.2)) in Oxford in order
to see all the above challenges first hand and be able to propose solutions and evaluate the

proposed systems accordingly.



1.3 Overview of Existing Techniques

As we have explained above, in today’s large buildings (e.g. museums and airports) and
complex industrial environments (e.g. construction sites) the need for advanced planning
and scheduling, careful coordination, efficient communication and reliable activity moni-
toring is essential for productivity and safety purposes. Accurate and cost effective posi-
tioning are the two main key requirements in order to meet all the above goals. Unfortu-
nately, no adequate solution exists for providing accurate positioning services across these
environments. Motivated by these challenges and by the importance of positioning for
some applications we see a great need for positioning systems that, while using existing
infrastructure, are able to obtain high accuracy. We first outline existing solutions and their

relative merits, before motivating our research questions and direction.

Existing high-cost and high-accuracy solutions: Currently the state-of-the-art position-
ing systems that attain high accuracy require the use of expensive specialised equipment
and substantial deployment effort. Systems based on Ultra-Wideband (UWB) [2, 7, 8, 9]
for example can usually achieve centimeter-level positioning accuracy. However, due to the
requirement for expensive dedicated transmitter-receiver infrastructure, this technology has
never reached the mass market except for only few industrial implementations. Ultrasound
(US) based techniques [10, 11, 3, 12, 13] can also achieve centimeter-level accuracy. How-
ever, these systems usually require the deployment of large fixed-sensor infrastructure and
very careful sensor placement. In addition US-based systems are sensitive to temperature
variations and they usually have an operating range of about 10m due to the strong decay
profile of sound waves. Other positioning techniques that require the deployment of spe-
cialized infrastructure are based on active infrared (IR) and Radio-Frequency IDentification
(RFID). Active IR positioning systems [4] usually require infrared receivers to be placed
at fixed known locations (e.g. on the ceiling of a room) and mobile nodes transmitting IR
beacons. IR-based systems can provide high precision and accuracy but require several re-
ceivers to be deployed in each room with additional cost. Such systems are also limited by
the fact that IR signals cannot penetrate opaque materials (e.g. walls), thus LoS is required
between transmitters and receivers. RFID-based positioning systems [14, 15, 16, 17] do
not require LoS conditions and usually consist of several RFID active tags placed at fixed
known locations and mobile nodes equipped with RFID readers which scan for nearby tags.
Thus the accuracy and the cost of these systems highly depends on the density of the de-

ployed infrastructure.



Existing low-cost and low-accuracy solutions: On the other hand, in order to provide
cost-effective location services many indoor positioning systems and techniques exploit or
reuse existing infrastructure (e.g. WiFi) or even operate without infrastructure (e.g. inertial
tracking). These inexpensive, ubiquitous positioning approaches however cannot provide
the sub-meter accuracy that high-end, expensive solutions like UWB or ultrasound can. For
example, WiFi-based methods [18, 19, 20, 21, 22, 23, 24, 25] usually provide only several
meter-level or room-level accuracy, use a significant number of access points and often
require a very stable radio-map or a very accurate radio propagation model. Moreover,
methods based on Inertial Measurement Units (IMUs) [26, 27, 28, 29, 30] have become
quite popular given the wide spread of devices that include accelerometers, magnetometers
and gyroscopes. However, these approaches usually require the IMU to be mounted on feet

and/or a floor-plan in order to avoid large positioning errors.

Finally, as cameras are already deployed and available in a wide range of environments,
vision-based techniques [31, 32, 33, 34, 35, 36, 37] can be used to detect and track people
within their field-of-view (FOV) with high accuracy. However, in many scenarios visual
tracking becomes very challenging due to path discontinuities, poor visual features, occlu-
sions, etc. For example, although cameras (i.e. CCTV) provide relatively accurate position
information, they are poor at distinguishing among people, especially when the individuals
wear uniforms or helmets (e.g. in an industrial plant), when the room is not well lit (e.g. in
a museum), or when the camera is pointing down at them making it difficult to distinguish
facial features (e.g. bird’s-eye view cameras in large stations). In addition, environments
such as museums and airports are typically crowded with people crossing paths, and hid-
ing behind dynamically changing obstacles. These conditions create ambiguities and make

robust visual tracking a particularly challenging task.

We are now in a position to classify the aforementioned existing low cost solutions into
two types namely id-linked and anonymous. Sensor data originating from a personal device
(e.g. WiFi data from a smartphone) are called id-linked. Id-linked sensor modalities such
as WiFi and IMUs incorporate a form of identification that can be used to identify the target
that produced that data (e.g. WiFi MAC address), yet id-linked data typically provide poor
position accuracy. The converse is true for anonymous sensor modalities (e.g. cameras,
motion detectors) where the sensor data does not contain any form of explicit identification
that can be used directly to link measurements to targets (i.e. anonymous sensor streams).

This data, however, typically provides high positioning accuracy.



Our key hypothesis in this thesis is that we can use two types of sensor modalities
(i.e. id-linked and anonymous) in order to create a low-cost high-accuracy positioning
system. Our aim is to provide a practical system which would be able to operate robustly
in a number of different environments from large public buildings such as museums and
supermarkets to industrial settings such as construction sites. We believe that the fusion
of id-linked and anonymous sensor modalities can help us resolve numerous positioning
challenges and provide accurate positioning services.

The vast majority of existing work has only explored fusing id-linked sensor data (e.g.
WiFi+FM [38], WiFi+Bluetooth [39, 40], WiFi+Inertial [41, 42], etc.). Our hypothesis is
that in view of our requirements of high accuracy and low cost, fusing id-linked and anony-
mous data is a very promising research direction because it would allow us to combine the
unique strengths of each approach and mitigate their limitations (Fig. (1.3)). However this
area remains largely unexplored. Previous work (e.g. [43, 44, 45]) has recently unlocked
the great potential of combining id-linked and anonymous data, but it is still faced with fun-
damental research challenges. It cannot be applied in a practical and robust way because
it typically 1) requires significant training effort (for the id-linked data models), 2) is not
robust to noisy anonymous data, 3) is not robust to changing environmental conditions and

4) none of the solutions has been tested and shown to be effective in any realistic setting.

1.4 Research Problem

As we have already discussed positioning systems that take advantage of id-linked and
anonymous sensor modalities are under-explored. In addition, existing positioning systems
that utilise id-linked and anonymous sensor data are tailored for specific applications and
they do not provide a flexible framework which can be used in a variety of application

scenarios. Therefore the main motivating question of the thesis is:

“How can we harness the power of id-linked and anonymous sensor data in order to
build a positioning system that only relies on existing infrastructure, and yet is

practical, cost-effective, robust and highly accurate ?”’

In this thesis the term “positioning” indicates mainly continuous tracking i.e. we would
like to design a system that provides the continuous trajectories of all objects being tracked.
Before going further we outline our assumptions and key objectives in designing a practical

positioning system.
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Figure 1.3: Our aim is to design positioning systems that combine the positioning accuracy
of anonymous sensor modalities (e.g. cameras) with the identification accuracy of id-linked
sensor modalities (e.g. WiFi). By doing so, our hypothesis is that we can design low-cost
positioning systems with high-accuracy.

The main assumption we make in this thesis is the use of the existing infrastructure, which
can be found in large buildings like museums, airports and industrial settings. Position-
ing systems that rely on the deployment of expensive, dedicated infrastructure have never
reached the mass market. This is mainly because of the high deployment and maintenance
costs. In addition, a dedicated fixed positioning infrastructure is not a viable solution for
certain settings such as construction sites, where the environment changes significantly
over time. From our interactions with our industrial partners we have realised that despite
the fact that positioning systems could benefit their operations and organisation, investing
heavily in stand-alone positioning infrastructure is not a viable option. Moreover, nowa-
days the majority of buildings and industrial settings are equipped with CCTV cameras and
WiFi networks. In addition, people carry the ultimate positioning device, i.e. the mobile
phone, which is equipped with cameras, WiFi/BTLE radios and inertial measurement units
(IMUs).

In summary, in this thesis we will show how to utilise id-linked and anonymous sensor

modalities (Fig. (1.3)) to design a practical positioning system that is low-cost, accurate,
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robust and scalable. Below, we discuss the main research challenges that we have identified

in addressing our research problem:

1.5 Research Challenges

Over the past few years we have understood very well that designing a positioning system
which is low-cost, accurate, robust and scalable is a very challenging problem. Below are

the main challenges we have faced during this time:

e Limitations of existing infrastructure:

For many businesses investing in bespoke positioning infrastructure is not a viable
option. Positioning systems that require the deployment of expensive specialised
equipment never became widely adopted because of the scalability factor. These
systems require substantial deployment effort and since the cost of deployment and

maintenance is very high, it renders then impractical and difficult to scale.

In addition, we should note here that in many scenarios we cannot install additional
positioning equipment to aid the positioning task nor do we have the freedom to
tune and alter the existing infrastructure for the same purpose (e.g. like in museums,
construction sites). For instance, we might have a WiFi network which can provide
reliable internet access but not enough WiFi access points that can be used for the
task of positioning. Secondly, we have to make use of equipment that has been
designed for purposes other than positioning. For example, we can use WiFi signals
for positioning but unfortunately this method alone is not reliable enough since WiFi
was designed for communication and data transfer purposes. The bottom line is that
in large buildings and industrial settings the sensing infrastructure is limited and the
sensors that can be used for positioning purposes are not ideal for this task. We
cannot equip the construction sites with a dense WiFi infrastructure. WiFi access
points can in fact be found only at the perimeter of the site and their distribution is
not uniform providing only limited coverage. Additionally, most security cameras
are installed to provide a large field of view, typically resulting in a birds eye view of
the scene. This top-down perspective makes it difficult to distinguish facial features

which can be easily used for identification and positioning (Fig. (1.4)).

A practical positioning system should be ubiquitous and blend seamlessly in our ev-
eryday life. Thus, the positioning systems should be able to rely opportunistically on
the available existing infrastructure but at the same time provide accurate position-

ing, be scalable and cost effective. We see a big need for positioning systems that
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easily scale according to the available infrastructure without requiring additional cost

and significant maintenance effort.

Environmental variability: A big problem with the existing techniques is the as-
sumption of environmental stability i.e. they have been designed for specific en-
vironments and they assume stable macro-structure with potential small-scale dy-
namics which allows them to use stable maps and use dedicated sensor infrastruc-
ture to provide positioning services. Unfortunately, these assumptions are not valid
in many situations. Take for instance construction sites which are characterised by
rapid large-scale changes in structure which greatly affect the sensor measurements
(e.g. WiFi RSS). Furthermore, within periods of a few weeks the environment can
change significantly as staircases and entire floors are added making positioning a
very challenging task. So we need to design a system that can cope with changing
conditions and adapt accordingly by making use of the different sensor modalities
available. For instance, when there is an occlusion due to the addition of a new wall
and visual tracking cannot be carried out, a good system can potentially switch to in-
ertial tracking using sensor tags or mobile phones carried by the workers to provide
a location estimate. In a museum the distribution of people changes significantly
over time making visual tracking challenging. In addition the existing WiFi infras-
tructure is not adequate for positioning and furthermore the exhibit stands create
occlusions and multi-path which makes positioning very challenging in these envi-
ronments. Additional challenges come from noisy sensor measurements, changing
lighting conditions, occlusions, path discontinuities due to people crossing paths, etc
(Fig. (1.1)).
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A : WiFi access point 4 : CCTV field of view

Figure 1.4: (a) The image of a museum and the available WiFi access points (yellow trian-
gles). Due to the building topology, the WiFi access points are installed at fixed locations
on the perimeter of the room and provide limited coverage. There are not enough access
points to provide accurate positioning using fingerprinting techniques. (b) The image shows
the CCTV view from a construction site. Security cameras are sparse and are installed to
provide a large field of view. This top-down view makes it difficult to distinguish facial
features which can be used for identification and positioning.

1.6 Contributions

With this thesis we aim to enable accurate and low-cost positioning services in challenging
environments. For this purpose we propose novel positioning techniques that can be used
in large public areas, buildings and industrial settings with no additional infrastructure. As
of today positioning systems that can operate in such environments remain under-explored.

Concretely, the technical contributions of this thesis are as follows:

e We have motivated the positioning problem in a wide range of real-world scenarios
and applications. We have also identified the main challenges that exist in these
scenarios and applications and why existing techniques are not adequate to solve

these problems.

e We provide a fresh perspective on the problem of low-cost high-accuracy positioning
in large open-plan indoor spaces such as museums and airports. We show that we
can leverage anonymous visual data and id-linked radio data to solve positioning

challenges in these environments achieving low cost and high accuracy at the same
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time. We propose a deferred decision logic (i.e. we generate historic tracks over a
period of time) multi-hypothesis probabilistic approach (RAVEL), in Chapter 3, to
fuse radio and camera data that is robust to noisy and incomplete measurements. We
leverage the discriminative power of WiFi RSS signature over a period of time and we
show that although WiFi measurements are not by themselves sufficiently accurate
for positioning services in these environments, when they are fused with camera data,
they become a catalyst for pulling together ambiguous, fragmented, and anonymous
visual trajectories into accurate and continuous paths, yielding typical errors below

one meter.

We have investigated the problem of real-time tracking in highly dynamic indus-
trial settings and we propose a flexible positioning architecture for these rapidly
changing environments. In Chapter 4, our Rao-Blackwellized particle-filter track-
ing framework, as opposed to RAVEL which is an off-line tracking system, utilises
three different sensor modalities (i.e. vision, radio and inertial) to allow for accurate
real-time tracking in challenging conditions and environments such as construction
sites which are characterised by rapid large-scale changes in structure. Moreover, we
show that the addition of inertial measurements in combination with visual and radio
observations gives us additional benefits, i.e. we completely bypass the problem of

occlusions and we show how we can maintain tracking under long term occlusions.

We demonstrate the impact of applying the social force model to improve real-time
tracking in dynamic environments (Chapter 4). Human motion is not always pre-
dictable. In fact in certain situations is very challenging to model and predict accu-
rately the human motion. More specifically, human motion is affected by the envi-
ronment (i.e. walls, obstacles) and from the motion of other people. In this thesis we
show how we can integrate and use social forces to improve the prediction of human
motion, as well as the overall tracking accuracy. This is very important in a lot of
scenarios (e.g. industrial settings) where high accuracy and real-time operation is of

essence.

We propose a technique for cross-modal sensor parameter learning in Chapter 5. The
proposed system is able to automatically tune the parameters of its sub-systems (e.g.
radio model, visual detector, step-length estimator) by making use of the tracking
output and a subset of sensor modalities. We show how to make our system adaptive
and suitable for real-time tracking in dynamic environments by learning for instance
the radio model and operate robustly in the presence of occlusions and sensor mea-

surement noise. We further observe that in industrial settings (e.g. construction sites)
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the environment changes rapidly with the addition of new walls, corridors, etc. and
we show how to take advantage of these environmental changes to learn maps of the
environment which can then be used in combination with social-forces to improve

the prediction of human motion.

We have conducted extensive experiments in a real construction site and in a museum
with the help and guidance of our industrial partners. We have evaluated the proposed
systems in real world conditions, we have observed the real world problems and we
have refined our techniques in order to meet the real world challenges. In addition,
we have compared the proposed systems against the competing techniques that are
currently used in similar environments and we show that our proposed methods out-

perform these competing methods.
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1.7 Publications

The main contributions of this thesis have been published in the following international

peer-reviewed conferences and journals:

e Savvas Papaioannou, Hongkai Wen, Andrew Markham and Niki Trigoni. “Fusion
of Radio and Camera Sensor Data for Accurate Indoor Positioning.”, In Proceedings
of the 11th IEEE International Conference on Mobile Ad Hoc and Sensor Systems
(MASS’14), pp. 109-117. IEEE, 2014.

e Savvas Papaioannou Hongkai Wen Zhuoling Xiao Andrew Markham and Niki Trigoni.
“Poster: WiFi Sensors Meet Visual Tracking For An Accurate Positioning System.”,
In the 11th European Conference on Wireless Sensor Networks (EWSN’14), 2014.

In these two papers, we propose a novel positioning system which fuses anonymous
visual detections captured by widely available camera infrastructure, with radio read-
ings. We show that although radio measurements are not by themselves sufficiently
accurate, when they are fused with camera data, they become a catalyst for resolving

visual ambiguities. This method is discussed in Chapter 3.

e Savvas Papaioannou, Andrew Markham and Niki Trigoni. “Tracking People in
Highly Dynamic Industrial Environments”, in IEEE Transactions on Mobile Com-
puting, 2016.

In this paper we present a novel multiple-target tracking framework suitable for
highly dynamic industrial environments. More specifically, we show that the fu-
sion of radio, inertial and WiFi observations and the use of social forces increase
the tracking accuracy in challenging environments which are characterised by rapid

large-scale changes in structure. This work is discussed in Chapter 4.

e Savvas Papaioannou, Hongkai Wen, Zhuoling Xiao, Andrew Markham and Niki
Trigoni. “Accurate Positioning via Cross-Modality Training.”, In Proceedings of the
13th ACM Conference on Embedded Networked Sensor Systems (SenSys’15), pp.
239-251. ACM, 2015.

In this work we are exploiting the fact that different sensing technologies have un-
correlated failure modes which we use to provide a robust and adaptive positioning
framework. We propose a cross-modality learning technique to deal with the envi-
ronmental dynamics and we use it to learn the internal parameters of our system.

This work is discussed in Chapter 5.
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I would like to thank Dr Hongkai Wen and Dr Zhuoling Xiao for their help during the ex-
perimental setup in a museum and a construction site and my supervisors for their valuable
feedback and help.

1.8 Thesis Structure

The rest of this thesis is organised as follows. Chapter 2 provides an overview of related
work and outlines limitations of existing systems. The following three chapters present our
proposed approaches. Chapter 3 presents RAVEL (Radio And Vision Enhanced Localisa-
tion), which fuses anonymous visual observations with radio readings in order to increase
the tracking accuracy. Chapter 4 focuses on the problem of on-line multi-target tracking
using inertial, WiFi and visual observations. Chapter 5 presents a cross-modality learning
approach, which we use to learn the internal parameters of the positioning system. Finally,

Chapter 6 concludes this thesis and outlines areas for future work.
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Chapter 2

Background

Accurate, practical and cost-effective positioning systems are very important for a variety
of applications and services. Hospitals can use location information to track expensive
equipment and provide navigation services to patients. Construction sites can benefit from
cost-effective positioning systems by providing safety to their personnel whereas museums
and shopping malls can use positioning systems to build rich location services that would
provide the visitors with location-based triggered context-aware information.

In this chapter we will give a high level overview of existing positioning systems and
techniques. Then we will focus on state-of-the-art positioning systems which are more
relevant to this thesis outlining the advantages and limitations of each method. More ex-
tensive surveys covering a variety of positioning systems and technologies can be found in
[46, 47, 48, 49].

First, we give a brief introduction on tracking techniques and discuss fundamental posi-
tioning that relies on a single id-linked sensor modality. We then proceed to describe more
sophisticated positioning systems that use more than one sensor modality to aid and im-
prove the positioning results. These systems use sensor fusion in order to combine one or
more sensor modalities into the positioning task and can be divided into two categories: a)
systems that use only id-linked sensor modalities for sensor fusion and b) systems that fuse
id-linked and anonymous sensor modalities. Because in the systems of the first category
the association of measurements to the targets is known, these systems do not require any
special procedure for knowing which target emits each measurement. On the other hand,
systems that use anonymous sensor data require to solve the data association problem, oth-
erwise known as motion correspondence in visual tracking in order to figure out which
measurement originates from which target.

Table (2.1) gives an overview of the advantages and limitations of positioning systems

that are based on particular sensor modalities, including typical accuracies and costs.
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Overview of Existing Positioning Systems

Technology Cost Accuracy | Advantages Limitations
id-linked sensors
WiFi Low m Ubiquitous inexpensive po- | Requires manual training to
([18, 50D sitioning build the radio map.
Inertial Depends on | m No infrastructure needed Usually requires a floor-plan
([28, 27]) the quality of and the IMU to be body
the IMU mounted.  Over time the
location estimates diverge
from the true location i.e.
drift.
RFID Varies (low to | cm - m For specific applications it | High accuracy comes at high
([17, 16]) high) can achieve good price/per- | cost. Range is low.
formance ratio.
Ultrasound High cm High accuracy Requires dedicated hard-
([13, 12]) ware and careful deploy-
ment.
UWB ([9, 2]) | High cm High accuracy Expensive transmitter-
receiver infrastructure.
Fusion of id-linked sensors
WiFi + | Usually low | m It can avoid manual finger- | Accuracy depends on var-
Inertial (i.e.  smart- printing. It can resolve fin- | ious factors (i.e. number
(41, 42]) phone IMU) gerprinting ambiguities. of APs, availability of floor-
plan, magnetic disturbances,
etc.)
WiFi + | Low m Does not require extra | Requires extensive site sur-
FM ([38]) infrastructure, more robust | veying.
than WiFi.
anonymous sensors
Cameras Varies (low to | cm Passive multi-target track- | Often targets cannot be iden-
([51]) high) ing. tified. Poor visual features,
occlusions and people cross-
ing paths cause problems.
Fusion of id-linked and anonymous sensors
Camera+Radio| Varies (low to | cm-m Accurate tracking and iden- | Requires radio calibration or
([43, 52]) high) tification can be achieved. uses expensive UWB equip-
ment. Radio is not used to
resolve visual ambiguities.
Camera+IMU | Varies (low to | cm-m Accurate tracking and iden- | Typically the IMU must be
([44, 45]) high) tification can be achieved. body mounted.

Table 2.1: Overview of the advantages and limitations of positioning systems that are based
on particular sensor modalities.
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2.1 Tracking

In this section we provide a brief overview of target tracking techniques. The main purpose
of a target tracking algorithm is to estimate the trajectory of one or more targets by correctly
assigning them a specific label which must be propagated over time. Targets are usually
modelled as time-varying systems using state-space models and the purpose of tracking is
to estimate at each time step the state (e.g. position, velocity, etc) of every target through
noisy measurements. In the probabilistic approach the evolution of each target can be

described using a sequence of conditional probability distributions:

T ~ p(Tk|Th-1) 2.1)
Y ~ P(Yk|Ts) (2.2)

where x;, € R" is the state of the system at time step k, y, € R™ is the measurement of the

target at time k and

o p(xk|zk_1) is the dynamic model of the target which describes the stochastic dynam-

ics and uncertainties (i.e. process noise) of the target states over time.

e p(yx|z,) is the measurement model, which describes the distribution of measure-

ments given the state of the target accounting also for the measurement noise.

The above model is assumed to be Markovian which means that x; given x;_; is inde-
pendent of anything that has happened before time step &k — 1 i.e. p(zk|T1.6-1,Y1:6-1) =

p(zg|rp—1) and also we assume the conditional independence of measurements, that is

P(Yk| 1k, Y1—1) = P(Yk|Tk)-

2.1.1 Optimal Filtering

The purpose of optimal filtering [53] is to recursively compute the marginal posterior dis-
tribution of the state x;, at each time step given the history of measurements up to time £ i.e.
p(zk|y1.x). The Bayesian recursive solution to the filtering problem is computed through a

sequence of prediction and update steps as follows:
e Initialisation: The recursion starts from the prior distribution of target states p(z).

e Prediction: In the prediction step, the Chapman-Kolmogorov equation is used to

calculate the predictive distribution p(xy|y;.,—1) i.e. the predicted pdf of x; based
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on the measurements up to time £ — 1. Given the dynamic model of the system

p(zg|rg—1) the predictive distribution is given by:
p(rrlyie—1) = /P(iﬁk\l'kl)p(mkﬂyl:kl) dzgq (2.3)

e Update: At time step k, a new measurement y; becomes available and the Bayes rule
can be used to obtain the posterior distribution of the state x;, using the measurement
model p(yx|z,) as:

1
p(xk\y1;k) = Zp(yk’%)p(flﬂqu) (2.4)

where the normalisation constant Zj, is given by Z;, = [ p(yx|z.)p(@r|y1.6—1)dzy.

If this problem of recursively calculating the posterior distribution is solved exactly, the
optimal Bayesian solution is obtained. However, this optimal solution only exists in certain
cases since it involves the evaluation of complex high-dimensional integrals. In such cases

approximate suboptimal solutions can be obtained.

2.1.2 Kalman Filter

The Kalman filter [54] is the closed form solution to the optimal filtering problem dis-
cussed above. The exact solution that the Kalman filter provides is due to the following
assumptions: First the Kalman filter assumes that the dynamic and measurement models
are linear and second that the process and measurement noises are drawn from zero mean
Gaussian distributions. This means that the resulting posterior distributions calculated by
the Kalman filter are Gaussian. The main advantages of the Kalman filter are the optimal
Bayesian solution and the low computational complexity and memory requirements. How-
ever, when the target dynamics and measurement model are not linear Gaussian, Kalman

filter cannot be used, which is the main drawback of this method.

2.1.3 Extended Kalman Filter (EKF)

As we have already mentioned often when the dynamic and measurement processes in prac-
tical applications are not linear and the Kalman filter cannot be applied. In such cases alter-
native sub-optimal methods can be applied. A popular technique is the extended Kalman
filer (EKF) [55, 56] which first approximates the non-linearities with a first order Taylor
expansion and then uses the standard Kalman filter equations. In the EKF the process
and measurement noises are also assumed to be Gaussian, thus the EKF approximates

the posterior distribution of the target states with a Gaussian density. If the system under
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consideration has weak non-linearities only, this suboptimal algorithm can be very effec-
tive. However, if the non-linearities become severe, the performance of the filter decreases
rapidly.

2.1.4 Unscented Kalman filter (UKF)

For highly non-linear systems, the extended Kalman filter can give very poor performance
due to the linearised covariance propagation of the underlying non-linear system. An alter-
native option in this case is the unscented Kalman filter [57, 58]. As opposed to the EKF
which tries to approximate the non-linear functions of the system, the UKF approximates
the probability distribution of the non-linear system instead with a Gaussian density. The
unscented Kalman filter uses a deterministic sampling technique (i.e. the unscented trans-
formation) to pick a minimal set of points that best represent the state distribution. This
set of points is then propagated through the non-linear functions from which both the mean
and covariance of the state estimate are recovered. Compared to the EKF which provides
a first order Taylor series approximation of the non-linear system the UKF captures the
posterior mean and covariance accurately to the 3rd order thus is more suitable for severe
non-linearities. The disadvantage of UKF is that the posterior distribution is approximated
by a Gaussian density as well, which means if the true density is non-Gaussian, the UKF
fails to converge.

2.1.5 Particle filter (PF) methods

For many filtering problems the Gaussian approximations of the UKF work well. However
in certain cases the filtering distributions can be non-Gaussian, multi-modal or some of
the state components might be discrete, in which cases the Gaussian approximations of
the UKF are not appropriate. A more general way to approximate the filtering equations
is to use particle filter (PF) methods [59]. These methods are also known as sequential
Monte Carlo, sequential importance (re)sampling, bootstrap filter. Their main advantage is
their ability to approximate complex high dimensional densities, i.e. they can be used to
approximate states of non-linear dynamical systems and non-Gaussian noise.

In this paragraph we will give a brief overview of the sequential importance resampling
technique (SIR) [60] which is the most widely used particle filter method. The SIR method
is used to approximate the posterior distribution p(xy|y,.;) by a set of N weighted particles
(finite set of samples), i.e. {z7, wy}_, where the large weights indicate the states with

high posterior probability. The weights are normalised such that ) wj = 1. Therefore,
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the posterior distribution at time £ can be approximated with a sum of N weighted Dirac

deltas as:

N
p(Te|y1k) = Z w,(cn)é(xk — xggn)) (2.5)
n=1

The weights are chosen using the method of importance sampling. According to this,
instead of sampling directly from the posterior distribution which can often be difficult,
we use an approximate distribution called importance distribution 7 (zy|z1.5_1, y1.4) from
which we can easily draw samples. In many target tracking problems the transition prior
distribution which is used to model the target dynamics is often used as the importance
distribution i.e. 7(x|r1.4_1, Y1.) = p(xk|xr_1). Ateach time step the weights are obtained

from the following recursion:

w = " (2.6)
R a1 @M ™, )

where the dynamic and measurement models have been used to compute the quality of each
particle, which is similar to the prediction and update steps of the Kalman filter.

Finally, particles with very low weights are eliminated and new ones are generated based on
the particle distribution, a process called re-sampling which greatly improves the stability

of the algorithm.

2.1.6 Rao-Blackwellized Particle Filtering

Particle filtering i.e. sequential Monte Carlo (SMC) [59] has become a very popular and
practical numerical technique for approximating the Bayesian recursion in many tracking
problems. This is because particle filter techniques make no assumptions about the system
dynamics or the distributions that govern the states and the measurements. They can be
used to approximate high dimensional densities and the states of non-linear dynamical
models and non-Gaussian noise. Their adoption in a wide range of problems is also due to
their simplicity, efficiency and ease of implementation.

Many tasks that require real-world data analysis involve estimating unknown quantities
from given observations. In certain scenarios these observations arrive sequentially in time
therefore one is interested in performing inference in real-time. Particle filtering meth-
ods however can be inefficient and computationally expensive since in high dimensional
state-spaces a large number of samples is needed in order to represent the joint posterior

distribution.

23



In certain cases however there are more efficient ways to use particle filters and this is
by marginalising out some of the variables analytically which reduces the size of the state-
space that needs to be sampled. In other words, it is possible to calculate some of the vari-
ables analytically and approximate others by sampling. This is called Rao-Blackwellisation
and the derived filter that combines these two techniques is called Rao-Blackwellized par-
ticle filter (RBPF) [61, 59].

More specifically in Bayesian inference, the objective is to compute the posterior dis-
tribution P(z1.|y1.;) where 2. are the hidden states at times 1 to ¢ and ., are the received
measurements up to time ¢. Suppose we can decompose the hidden state z; into two parts:

a root variable )\, and a leaf variable z; as shown below:

P<x1:t>)\1:t|y1:t> = P($1;t|)\1:t,y1:t)P()\1:t|y1:t) (2.7)

If we can compute the conditional posterior distribution P(z1.4|\1., y1.¢) analytically, then
we only need to sample from P(\q,|y;.) using the particle filter. Thus, the main idea of
Rao-Blackwellized particle filtering (RBPF) [61, 59] is to reduce the number of variables
that are sampled by evaluating some parts of the filtering equations analytically. This reduc-
tion makes RBPF computationally more efficient than the standard particle filter, especially

in high dimensional state-spaces.

2.2 Positioning with one id-linked sensor modality

2.2.1 WiFi

WiFi localisation techniques are becoming quite popular nowadays due to the wide avail-
ability of WiFi access points (APs) in indoor environments. In addition, for many applica-
tions these methods are considered a very good choice due to the price-performance ratio.
The most popular WiFi based localisation techniques can be divided into two categories:
a) attenuation-based and b) fingerprinting-based.

2.2.1.1 Attenuation-based

Attenuation-based techniques use the received signal strength (RSS) at the user’s position
to estimate his/her distance from various APs of known locations using a radio propagation
model. Given the distance estimates from various APs the user’s position can be calculated
using techniques like lateration. The authors in [62] use the Friis transmission equation
to convert the RSSs of a mobile node to distances from three APs of known locations

and then use lateration to find the location of the mobile node. More sophisticated radio
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propagation models have been proposed [63, 64, 65, 66] which take into account the type
of the environment and the structure of the building (i.e. walls, floors) in order to provide
more accurate distance estimates. The authors in [50] use a radio propagation model that
takes into account the walls in the building. Before using the radio model for distance
estimation they use multiple regression analysis to learn the wall attenuation coefficient
from training data. The technique in [67] follows a different approach by learning the radio
model parameters on the fly using a maximum likelihood estimation technique, avoiding
thus the off-line calibration.

The main drawback of these methods is the inaccurate distance estimation often caused
by multi-path effects and non-line-of-sight (NLOS) conditions which cannot be modelled

precisely by the radio propagation models.

2.2.1.2 Fingerprinting-based

The main positioning technique that is used by the majority of WiFi-based systems is RSS
fingerprinting.

Fingerprinting approaches can be divided in two categories namely deterministic and
probabilistic. Deterministic techniques build the radio map by representing the signal
strength of an access point at a specific location with a scalar value (i.e. mean RSS value).
On the other hand, probabilistic approaches represent the signal strengths at the various
locations as probability distributions. A detailed survey describing the different finger-
printing methodologies can be found in [68]. Radar [18, 19] is probably the most well
known positioning system which demonstrates the idea of fingerprinting. The system uses
WiFi APs from the infrastructure and operates in two phases. In phase-one (training phase)
a radio map is built by collecting RSS data with a mobile node at known locations with
respect to three base-stations. In phase-two, nearest neighbours techniques are being used
to infer the node’s location from the radio map given its signal strength readings from the
unknown location. The initial RADAR system was able to locate a user within a few meters
of his/her actual location. More recent probabilistic approaches [21, 22] report improved
accuracy by statistically modelling the signal strength as Gaussian distribution.

Although fingerprinting-based localisation methods have become quite popular they
usually require extensive and labour intensive training and a large number of APs in order
to provide high positioning accuracy. In addition, the fingerprint database usually requires
re-training when spatial environmental variations occur. Depending on the density of cal-
ibration points, the number of APs and the type of the environment WiFi fingerprinting

techniques usually reach accuracies of 2 to 10 meters.
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2.2.2 Inertial

Inertial tracking techniques use inertial measurement units (IMUs) containing accelerome-
ters, gyroscopes and magnetometers to estimate the user’s trajectory relative to his/her ini-
tial position (i.e. pedestrian dead reckoning). Such techniques assume that the user’s initial
position at a specific time ¢, is known or can be accurately estimated. Then the user’s posi-
tion at time ¢ + &t can be calculated by integrating their velocity, or twice-integrating their
acceleration, during the time interval §¢. Popular techniques in this category [29, 26, 28]
use foot mounted IMUs. This is convenient since it allows the use of zero velocity updates
(ZUPTs); the velocity inference is set to 0 m/s every time the IMU detects the foot on the
ground and thus the accumulating integration errors can be significantly reduced. Other
authors including [27, 30] explore more realistic scenarios where the IMU is assumed to
be embedded in a smart-phone device. The work in [27] investigates the case where the
IMU is in hand whereas the authors in [30] develop an adaptive motion sensing algorithm
to cope with the IMU’s position and the different walking profiles. Various sources of error
(e.g. calibration inaccuracies, external magnetic disturbances, etc.) can quickly cause the

location estimate of these techniques to diverge from the true location.

2.2.3 Radio Frequency Identification (RFID) and Infrared (IR)

RFID is an automatic wireless identification technology in which RFID tags can commu-
nicate with RFID readers and transmit their serial numbers (IDs). The RFID reader is then
capable of knowing the identity and the approximate location of a tag (via proximity or fin-
gerprinting). RFID tags can be either passive (i.e. they operate without batteries) or active
(i.e. they operate with batteries). Passive tags are less expensive than active tags but they
have a limited range of about 1-2 meters as opposed to active tags which typically exhibit a
much longer range (i.e. 10-30 meters). The early LANDMARC system [14] uses the RFID
technology to locate mobile users carrying active RFID tags in a 4m by 9m room. The
RFID readers are used to scan periodically for nearby tags. Based on the received signal
strength information k nearest-neighbors techniques are used to find the location of each
tag. More recently Seco et al. [17] conducted a more extensive experiment where 71 active
RFID tags were distributed in a building covering a total area of 1600 square meters (55
different rooms). A system calibration phase was performed by collecting RFID RSS mea-
surements from different locations in the building in order to build a radio-map. Finally, a
user equipped with a RFID reader could localise him/herself using the radio-map and RSS
measurements received from the infrastructure. The median positioning accuracy of this

system was 1.5 meters.
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Infrared based positioning works in a similar way. More specifically, the Active Badge
system [4] illustrates how the IR technology can be used for room level localisation. In
Active Badge each person to be localised is wearing a small IR badge which emits a unique
code every 15 seconds. These signals are picked up by an IR sensor network around the
building. A central server collects this data and provides the location of people in semantic
form (i.e. Kitchen).

As we have already mentioned the main disadvantage of these systems is that they
require extensive infrastructure to be deployed in the building. Thus their accuracy and

cost highly depends on the density of the deployed hardware.

2.2.4 Ultrasound (US) and Ultra Wideband (UWB)

Ultra-Wideband [2, 7, 8, 9] and Ultrasound [10, 11, 3, 12, 13] methods were briefly dis-
cussed in the introduction and we are not going to go into more details in this chapter. These
methods typically utilise time-based measurements to accurately estimate the distances be-
tween sensor nodes. They require expensive dedicated transmitter-receiver infrastructure

which makes them non ubiquitous and impractical for a lot of applications.

2.2.5 Discussion

In this section we have outlined systems that rely on one id-linked sensor modality to pro-
vide positioning services. These systems have changed the way we see the world and
helped us understand the unlimited potential of positioning technologies. In certain scenar-
ios some of the above systems can still provide an acceptable positioning solution. How-
ever, as we move forward to a future where positioning is ubiquitous and completely hidden
from our lives relying on just one sensor modality is not sufficient. In addition, augmenting
our environment with specialised equipment is not very practical nor cost-effective. The
next generation of positioning systems must be able to utilise a variety of sensor modalities
and utilise the existing infrastructure in order to become truly ubiquitous. The systems in
this category provide the back-bone of the more advanced and accurate positioning systems

that we are going to discuss next.

2.3 Fusion of id-linked Sensor Streams

Using ubiquitous technologies like WiFi for localisation has received a lot of attention from
the research community over the past years. In particular, WiFi fingerprinting provides a

reasonable solution for many applications that require low-cost and room-level accuracy.

27



However, the main disadvantage of fingerprinting is the labor-intensive survey required
for building the fingerprint database. Because of this problem many techniques have been
proposed [69, 41, 42] that can automatically build the fingerprint map using sensor fusion.
More specifically, the recent LiFS system [42] uses the accelerometer on a user’s mobile
phone and a floor-plan to automatically build the fingerprint database. In the training phase
LiFS collects WiFi RSSI measurements from various locations as users walk inside a build-
ing carrying smart-phones where their step count is also recorded using the accelerometer.
LiFS then exploits the number of steps between two endpoints along a user’s trajectory in
combination with the floor-plan to establish the geographical relationship among the ra-
dio fingerprints in order to build the radio map. During the online phase LiFS uses the
radio map generated in phase one to perform fingerprinting localisation. LiFS reported an
average localisation error of 5.8 meters and a room-level localisation error of 11%.

Seitz et al. [70] use a Hidden Markov Model (HMM) to combine WiFi fingerprinting
with dead reckoning in order to provide more precise and robust localisation. Given the fin-
gerprinting map, this algorithm models the locations of the WiFi fingerprints as the hidden
states of the HMM and the RSSs as the observations. Given an initial probability distribu-
tion of the user’s location the algorithm uses step length and heading information obtained
from the IMU to hop among the HMM states. The RSS measurements are then compared
to the ones stored in the fingerprinting map to recover the hidden state and thus find the
location of the user. The authors reported a localisation accuracy of 5 meters during their
experiments in indoor environments.

Other techniques [71, 38] augment the WiFi fingerprint database with information from
FM signals to improve the localisation accuracy. Most recently Chen et al. [38] combined
WiFi and FM signals to built robust and discriminative wireless signatures for indoor lo-
calisation. These authors observed that the FM signals compared to the WiFi ones are
less susceptible to human presence, multi-path and fading while they exhibit exceptional
indoor penetration. The internal structure of the building greatly affects the propagation
of FM radio signals and by exploiting this fact more accurate localisation can be achieved.
The authors designed multi-dimensional fingerprints based on FM-RSS, FM-SNR and FM-
multipath and WiFi RSSI and reported a room-level accuracy of 98%.

2.3.1 Discussion

In this section we have presented some of the most popular fusion-based positioning sys-

tems that utilise id-linked sensor modalities. It is obvious that by using more that one sensor
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modality we can build more accurate positioning systems and reduce the tuning and main-
tenance effort. However, these systems cannot be applied in all the application scenarios
and environments. For instance, not all buildings provide adequate WiFi infrastructure thus
WiFi based approaches cannot be used reliably. On the other hand the techniques discussed
above are designed to use id-linked data only and cannot be applied in cases where anony-
mous data (i.e. camera feed) are available. In fact many environments i.e. public spaces,
large buildings and industrial settings are equipped with CCTV infrastructure for security
purposes which can also be used for positioning tasks. Systems that leverage id-linked and

anonymous sensor streams are under-explored as of today.

2.4 Data Association Methods for Multi-Target Tracking

The objective of multi-target tracking (MTT) is to collect sensor data from a field of view
(FOV) containing multiple targets of interest and potential background clutter and then find
the trajectory of each target and filter out the clutter.

If the sequence of measurements associated with each target is known (i.e. id-linked
sensor modalities are used) then the MTT reduces to a state estimation problem (e.g.
Kalman/particle filters can be used to follow each target). However, when the target-to-
measurements association is unknown (i.e. anonymous sensor modalities such as cameras,
radars and sonars are used) the data association problem must be solved in addition to state
estimation. Essentially the data association problem seeks to find which measurements
correspond to each target. In this section five data association methods are discussed which

are commonly used in MTT systems.

2.4.1 Nearest-Neighbour Data Association Filter (NNDAF)

NNDAF [72, 73] is probably the simplest solution to the problem. Using this filter each
measurement is associated with the target whose predicted position is closest. After that the
filter uses the assigned measurement to update the target’s state. Since a single measure-
ment may be the nearest neighbour to more than one target certain NNDAF implementa-
tions allow this measurement to be used to update more than one track. Other implementa-
tions follow a greedy approach where assignments are ranked and processed sequentially.
These approaches do not allow a single measurement to be used more than once. The
advantage of this filter is obviously its simplicity both conceptually and computationally.
However, this filter is only applicable to simple scenarios and it can break down easily in

cases with ambiguities and clutter.
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2.4.2 Global Nearest-Neighbor Data Association Filter (GNNDAF)

A method closely related to the previous one is the GNNDAF [56, 55]. This method de-
termines a unique assignment so that at most one observation can be used to update a
given track by considering all possible measurements-to-track pairings. A cost or likeli-
hood function is used to evaluate all possible measurement-to-track combinations which
are then used as input to the well-known assignment problem. The best assignments can be

then calculated efficiently with the Hungarian algorithm [74, 75, 76].

2.4.3 Probabilistic Data Association Filter (PDAF)

The two previous methods allow at most one measurement to be used to update a given
track and they usually do not permit a measurement to be used more than once. Such meth-
ods are termed unique-neighbour methods. In addition, they use cost or likelihood func-
tions to evaluate the measurements-to-track pairings. However, in cases of densely moving
targets and severe clutter many measurements-to-track combinations may have similar like-
lihoods which leads to many association errors from which these methods cannot recover.

In order to compensate for this problem the all-neighbours data association methods
update the track’s position by using all the measurements within a specific region (called
gate) about the predicted track’s location.

The PDAF [77], is an all-neighbours method which assigns probabilities to the mea-
surements found within a track’s gate and then performs averaging to update the track’s
position based on all measurements. Given N measurements within the gate of a track,
PDAF forms N + 1 hypotheses (i.e. Hy: none of the measurements is valid, H;: the j,
measurement is valid, etc.). For each hypothesis (i.e. association) a probability is being
assigned governed by the hypothesis quality with respect to the track’s predicted location.
The filtering algorithm uses these probabilities in a weighted sum to update the position of
the target. The PDAF has shown to be very effective in situations with severe clutter for
one target outperforming both NNDAF and GNNDAF.

2.4.4 Joint Probabilistic Data Association Filter (JPDAF)

Despite the great success of PDAF in cluttered environments, later results showed that this
filter breaks in dense target environments and so it was extended to JPDAF [78]. JPDAF
has the same principle of operation as PDAF however the association probabilities are
calculated using all observations and all tracks. Essentially, JPDAF assumes that each
target generates only one measurement and thus enumerates all possible measurements-

to-track associations and computes association probabilities. Similarly to PDAF, given an
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association the filtering algorithm estimates the state of the target and then this estimate
is weighted by the corresponding association probability. The final target position is then
calculated as the weighted sum of all estimates. Even though JPDAF performs significantly
better that PDAF both filters have a tendency towards track coalescence for closely spaced

targets that share measurements in their gates.

2.4.5 Multiple Hypothesis Tracking (MHT)

The multiple hypothesis tracking (MHT) [79, 80] is another popular data association method.
MHT is a deferred decision logic method which maintains multiple track hypotheses asso-
ciating past measurements with targets. In MHT alternative data association hypotheses are
formed whenever there are measurement-to-track ambiguities. Similarly to NNDAF and
GNNDAF, MHT is also a unique-neighbour method. However, the measurement-to-track
association decision is postponed until enough measurements are collected that can be used
to resolve the association ambiguities. The performance of MHT is superior from all the
techniques discussed previously. However, the main disadvantage of MHT is its computa-
tional complexity since the number of hypotheses grows exponentially over time. Various
techniques including the formation of only the £—best hypotheses, hypothesis pruning and
hypothesis merging have been developed in order to avoid the combinatoric explosion.

2.5 Positioning with Anonymous Sensor Streams

As we have explained in the previous section when the measurements-to-targets associa-
tion is not known (i.e. the system uses anonymous measurements for tracking) the data
association problem must be solved prior to the state-estimation (i.e. tracking). Systems
that use anonymous sensor streams from cameras, sonars, passive IR use data association
techniques to find the association of measurements to targets. In this section we will give
a brief overview on visual tracking (i.e. the anonymous observations are camera measure-
ments such as visual coordinates) which is more relevant to this thesis.

The basic task of visual tracking is to estimate the trajectories of one or more interact-
ing targets from a sequence of images. Visual tracking algorithms [81, 82] typically consist
of two components: a) an object detector and b) a tracker. The purpose of the detector is to
detect the objects of interest within a given frame. The tracker on the other hand is respon-
sible for establishing the correspondences of the detected objects across all frames. Kalman
filters, in particular, have been widely applied in visual tracking scenarios where the pro-

cess and measurement models are linear and noise sequences are Gaussian [83]. When the
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process and measurement models are nonlinear, but the posterior state density is still mod-
elled as Gaussian, extended / unscented Kalman filters are used instead. Hidden Markov
models (HMMs) [84] are typically applied when the state space is discrete and we have
known transition probabilities between states. Particle filters are also very popular for tar-
get tracking [85], and represent a more general class of filters, in which the current density
of the state is represented by a set of random samples with associated weights. In multiple
target scenarios the data association problem must be solved prior to the position estimation
thus the Joint Probabilistic Data Association Filter (JPDAF) [78] estimates measurement to
target association probabilities across all targets. The Multi-Hypothesis tracking approach
(MHT) [79] estimates the conditional probability of a measurement given a target. Fur-
ther work aims at tackling the multi-target tracking problem in the presence of occlusions
and split merge conditions using track linking approaches [86]. To solve this problem effi-
ciently, in [36], the authors map the data association problem into a cost-flow network, and
solve it with a min-cost flow algorithm. The authors in [37] formulate the data association
as a generalised minimum clique problem (GMCP). More specifically, under the GMCP
framework the detections across all frames are first grouped into disjoint clusters and then
a complete weighted undirected graph between detections belonging to different clusters is
formed. The weights on the edges of this graph define the similarity between a pair of de-
tections according to appearance and motion features. To find the trajectory of one person
an optimisation problem must be solved to find the subset of detections with the minimum
cost (sum of weights) by selecting exactly one detection from each cluster. The found de-
tections are then removed from the graph and the optimisation problem is repeated until
all people’s trajectories are found. Also, multi-target data association with higher-order
motion models has been proposed in [87]. Poor visual features, crowded environments and

occlusions greatly affect the accuracy of the above methods.

2.6 Positioning using Id-linked and Anonymous Sensors

These positioning systems combine id-linked and anonymous sensor modalities. In this
section we will present the state-of-the-art positioning systems that use id-linked and anony-
mous sensor modalities.

2.6.1 Fusion of Camera and Inertial Data

A first technique that fuses accelerometer (entity-linked) and camera (entity-unknown)

traces for people identification and tracking is presented in [44]. This system fuses motion
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traces obtained from one stationary camera with motion information from wearable ac-
celerometer nodes to uniquely identify people in the FOV using their accelerometer node
IDs. Background subtraction is used to detect people from the video footage and then
their floor-plane acceleration is extracted by double differentiation. The camera accelera-
tion traces are then compared against the overall body acceleration obtained from the ac-
celerometer nodes using the Pearson’s correlation coefficient. The acceleration correlation
scores between all possible combinations of camera-accelerometer pairs are then used to
form an assignment matrix. Finally, the assignment problem is solved using the Hungarian
algorithm in order to find the association between camera and accelerometer measurements

and thus identify the people in the video with their accelerometer node ID.
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Figure 2.1: Overview of the algorithm in [44] that is used to identify and track people using
accelerometer and camera traces.

In order to handle motion ambiguities the authors use a data association filter containing
two modules as depicted in Figure (2.1). In the first step they use a tracker which is re-
sponsible of assigning visual detections to tracks. At each time-step k£ whenever there are
multiple detections within a track’s gate the tracker spawns multiple hypotheses. Then
the comparator module takes all hypotheses O, and the accelerometer measurements and
solves the assignment problem using the Hungarian algorithm. The output of the Hungarian
algorithm (i.e. assigned hypotheses to accelerometer data) is then passed back to the tracker
which uses this information to filter out the wrong hypotheses. To evaluate their method
the authors captured five 1-minute videos and the corresponding accelerometer traces of a
single person walking in a room. Then they used these data to emulate multi-target sce-
narios. The disadvantage of this method is that it cannot distinguish among people with

similar acceleration patterns. Finally, the authors have not tested their method in realistic
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and dense target environments and there is no indication of how this method will perform
in such cases.

Subsequent work [45] extends the previous method to a multi-camera system. The
authors fuse information from wearable inertial sensors (i.e. accelerometer and magne-
tometer) with camera traces to identify multiple people in the FOV. For each person in the
FOV the authors use a hidden Markov model (HMM) with two observations. The first ob-
servation (i.e. motion measurements) is obtained from the IMU and includes the person’s
ID but not his/her location. The second observation (i.e. user’s motion) comes from the
camera network and contains the person’s location but not his/her ID. Then an optimisation
problem is solved in order to find the best matching pairs between the two observations
among all possible combinations of IMU and camera measurements. Once the matching
pairs are identified (i.e. association between the IMU and camera observation) the HMM
state (i.e. location) can be recovered and thus the location and identity of each person are
obtained. The overall identification accuracy of this method was 90%, however the eval-
uation was done in rather ideal conditions. The authors captured 15 1-minute camera and
IMU traces from a single person walking in a room, and they used these data to create a
multi-target scenario consisting of 1 to 4 targets. The advantage of this method compared
to their later work ([44]) is that instead of using only acceleration data they also incorpo-
rated information from the magnetometer (i.e. yaw) which made it possible to distinguish
between similar acceleration patterns.

More recently the OPTIMUS system [88] uses a similar approach, where inertial mea-
surements from smartphones are used to identify visual trajectories. The algorithm uses
histograms of oriented gradients (HOG) descriptors to detect people in a scene covered
by one stationary camera and then optical flow is used to group consecutive detections to-
gether when there are no ambiguities forming tracklets. A track-level association procedure
is then performed to merge the found tracklets and create full trajectories. At the identifica-
tion stage accelerometer readings from the smartphones are converted into binary vectors
that indicate the user’s movement and are matched with movement vectors extracted from
the visual trajectories using the Hungarian algorithm.

Unlike our work, the methods described above use inertial data mostly for identification
purposes; they are not used for identification and positioning. In addition, these methods
are specifically designed having only one sensor modality in mind and thus they do not

provide a general multi-sensor multi-target tracking framework.
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2.6.2 Fusion of Camera and Radio Data

Given a number of people walking inside a scene with camera coverage the recent EV-Loc
[43] system showed how to localise and identify each individual by fusing WiFi signals
from their mobile devices with visual traces from the video footage. The architecture of
EV-Loc (Figure (2.2)) consists of four major modules namely data collection, signal pro-

cessing, electronic and visual signal matching and signal fusion.
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Figure 2.2: Overview of the EV-Loc architecture [43]

At each time step the EV-Loc system first collects synchronised electronic signals (i.e.
RSS WiFi measurements) from people’s mobile phones and visual signals (i.e. images)
from a stationary camera. In the next step the distance of each person from the WiFi access
points is estimated using both the electronic and visual signals. The signal processing
module uses object detection techniques to detect the people in the image and calculate
their distance from all APs. Also, a pre-trained radio propagation model is used in this step
to convert the RSS measurements to distances. After all electronic and visual signals have
been converted into distance measurements the algorithm calculates the Euclidean norm
between all pairs of visual and electronic distance estimates. Then the E-V match engine
uses this information to find the best matching between electronic and visual signals by the
Hungarian algorithm. Finally, when the associations between electronic and visual signals
are established the location of each person is calculated from the weighted average of the
corresponding electronic and visual distance estimates. The above procedure is used when
the targets are stationary. However, when the targets are moving inside the camera FOV,
EV-Loc first tries to establish the correspondences of the detected targets across all frames
(i.e. data association) using only visual signals and when this happens the visual trajectories

are converted into distance measurements and the previous procedure is applied.
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The authors performed 10 indoor and 10 outdoor experiments in order to evaluate their
system. In each case 15 visual and electronic frames were captured and five stationary
targets were present in the FOV. The system reported a 90 percentile distance error of
0.47m and 0.91m for the indoor and outdoor experiments respectively.

Compared to our proposed approach EV-Loc concentrates on the problem of matching
N wireless devices with N visual detections, rather than inferring the trajectory of a device,
using both the device’s radio data and anonymous camera detections from the scene. Unlike
our work, they assume a known, calibrated radio model, and have performed tests in rather
ideal conditions with static targets.

Also Mandeljc et al. [52] recently proposed a fusion algorithm that incorporates radio
data into the camera-based probabilistic occupancy map (POM) framework. The POM [89]
is a multi-camera framework for people detection and localisation in which the area of
interest (i.e. the ground plane as viewed by the cameras) is divided into a number of cells
forming a grid. Under this framework humans are represented as simple rectangles, and
detections are generated using background subtraction techniques. The algorithm then
models each cell of the grid as random variables representing the probability of a cell being
occupied by a person. Finally, the goal of the algorithm is to estimate the probabilities
of occupancy for each cell given binary images obtained from a background subtraction
process from multiple overlapping cameras.

In [52] the authors extend POM to non-visual sensor modalities providing an illus-
trative example using Ubisense’s ultra-wideband radio sensors. More specifically, time-
synchronised UWB receivers are deployed in the scene and transmitters (tags) are placed
on the objects to be tracked. Their algorithm estimates the probability of each cell being
occupied both with the cameras and with UWB using time-of-arrival measurements. They
performed an experiment in an office room where 4 cameras and 4 UWB receivers were
deployed and they evaluated the localisation performance of their system. A six-minute
experiment was conducted involving 3 individuals walking in a 7.1m by 6.9m room. The
distances between the estimated and ground truth positions were calculated and a 95 per-
centile error of 0.73 m, 0.48 m and 0.40 m was reported for UWB positioning, Camera
positioning and fusion positioning respectively.

Unlike our work, the radio measurements in [52] are only applied to the sub-problem
of estimating a ground plane occupancy model (that gives the probability of a cell being
occupied by any of the humans given sensor data) and they are not directly used for iden-
tification (i.e. to estimate the probability of a particular person being located in a cell

given that the cell is occupied). In addition, the authors claim that this framework can use
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arbitrary sensing modalities. However, sensors like WiFi do not possess the ranging capa-
bilities or the precision required to give meaningful information about the probability of
occupancy of a particular cell (i.e. 20x20 cm), and thus the sensor fusion with WiFi will
probably not improve the performance of the system.

More recent work [90] added a second fusion stage to [52], where anonymous detec-
tions are augmented with identity information from radio tags. The cost of mapping an
anonymous detection to a radio-based identified detection is evaluated based on the Eu-
clidean distance between the two, and the optimal assignment between two sets of detec-
tions in a frame is evaluated using the Hungarian algorithm. The systems presented in [52]
and [90] require multiple cameras with overlapping FOVs and expensive state-of-the art

ranging equipment which must be carefully deployed.
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Figure 2.3: Limitations of existing techniques

To conclude this section we summarise in Figure (2.3) the most recent work on positioning
which fuses id-linked and anonymous sensor modalities. In this figure we have outlined

the limitations of each method which motivates the work of this thesis.
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2.6.3 Discussion

In this section we have presented the state-of-the-art positioning systems that fuse id-linked
and anonymous sensor modalities. Currently the most promising and cost-effective posi-
tioning systems use ubiquitous sensors (i.e. WiFi, IMUs, etc.) that do not require the
deployment of additional infrastructure. Unfortunately, none of them can meet the accu-
racy capabilities of the high-end systems. Research that has tried to merge id-linked and
anonymous sensor modalities is still at its infancy and more investigation is required in this
direction to build a robust and accurate positioning system. The most relevant positioning
systems to this thesis are tailored for specific applications and they do not provide a general
multi-sensor multi-target tracking framework.

The recent positioning systems that fuse camera and inertial data (i.e. [44, 88]) con-
centrate on the problem of matching a set of camera observations with a set of inertial
observations in order to identify people. They do not use inertial measurements to improve
the overall tracking performance of their systems. For instance, inertial measurements are
not used to aid the prediction of human motion in real time or to maintain tracking under
long-term occlusions.

Moreover, the state-of-the-art systems than fuse radio and camera measurements lack
important features that are required for todays’ applications. For instance, step-by-step fu-
sion is lacking in [43]. In other words WiFi is used after the visual trajectories have been
created (i.e. post-fusion). As a result the WiFi measurements are not fully integrated into
the tracking framework thus they cannot be used to help resolve visual ambiguities and
make the system more robust to missing detections and people crossing paths. In addi-
tion, the system described in [90] uses expensive dedicated transmitter-receiver equipment
and multiple cameras with overlapping fields of view which makes it very difficult and
impractical for use outside the lab setting.

In addition, none of the systems mentioned above has been tested in real-world scenar-
10s. The most relevant positioning systems to this thesis have been evaluated in relatively
simple environments (i.e. office room) with weak assumptions (e.g. no occlusions, linear
human motion, etc).

Motivated by the limitations of the existing techniques we are going to show in this the-
sis how to use the existing infrastructure (e.g WiFi, cameras, inertial) to build an accurate
and cost effective positioning system for multiple-target tracking which is flexible and ro-
bust and can be used in a plethora of scenarios. In the next chapter we will show how radio
(e.g. WiFi) measurements can be integrated deeply into the multi-target tracking problem
and help to resolve tracking challenges such as visual ambiguities, occlusions and missing

detections.
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Chapter 3

Tracking with Camera and Radio Data

3.1 Introduction

In this chapter, we propose a novel positioning system, RAVEL (Radio And Vision En-
hanced Localisation), which fuses anonymous visual detections captured by widely avail-
able camera infrastructure, with radio readings (e.g. WiFi radio data). Our fundamental
observation is that many applications that require high positioning accuracy are in large
public or commercial spaces, such as airports, shopping centres, museums and industrial
plants. These large public spaces are typically extensively covered with CCTV cameras for
reasons of safety and security. We propose the use of existing camera infrastructure for the
originally unintended task of indoor positioning. However, although camera based tracking
can provide excellent position information in ideal conditions, the challenges provided by a
real deployment are numerous. In particular, most security cameras are installed to provide
a large field of view, typically resulting in a bird’s eye view of the scene. This top-down
perspective makes it difficult to distinguish facial features and accurate identification is
made even more challenging when the room is not well lit (e.g. in museums). Furthermore
maintaining tracking as people move behind obstacles, exit the field of view, or cross paths
is an exceedingly difficult task.

Instead of trying to overcome the limitations of camera-based tracking through increas-
ingly sophisticated vision-based algorithms, in this chapter we will show how we exploit
opportunistic and ubiquitous radio signals (e.g. WiFi/Bluetooth Low Energy). Although,
radio-based tracking is limited in terms of accuracy, it can be used to add context to trajec-
tories obtained from camera based tracking. At a coarse level, this provides an identifier,
which can be used instead of advanced video processing techniques like face recognition.
At a finer level, the sequence of radio signal strengths, albeit noisy, can be used to dis-
ambiguate between multiple possible trajectories, aiding to merge and split discontinuous

traces.
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Figure 3.1: The figure shows a high-level overview of the proposed system architecture.
Our system uses background subtraction techniques (denoted as foreground detector in
this figure) to detect moving people inside the camera’s FOV. The positions of detected
people are then fused with radio measurements (i.e. WiFi RSS signals) from people’s
smart-phones to guide the tracking process via a multiple-hypothesis tracking framework.
The "Positioning + Identification filter* provides the trajectories and identities of all people
carrying smart-phones.

Motivated by the noisy nature of both visual and non-visual sensor modalities, we
explore whether we can effectively combine them to overcome each other’s weaknesses.
We present a generic vision+radio tracking framework, RAVEL that can be used both in
receiver-centric (i.e. people carrying smartphones) and transmitter-centric (i.e. low-cost
tags in warehouse or industrial sites) applications. More specifically, we focus on the fol-
lowing questions: Can we make use of existing camera infrastructure to provide people
with an accurate positioning system? Can personal electronic data (i.e. WiFi data from a
person’s smartphone) be used to resolve tracking ambiguities in visual data? How should
we fuse anonymous visual and personal radio data to make the most of the two modalities?

What are the benefits of combining these modalities in practical settings?

3.2 Problem Definition

Let us assume the indoor environment is monitored by a calibrated (known extrinsic and
intrinsic parameters) stationary camera. For a given time window of size W, W € Z, the
camera captures a series of frames [f1, ..., fu/] within its field of view (FOV). We assume
that each frame f; contains a number of camera detections of moving objects within the
FOV, denoted as C; = {c}, ...,CZ, 1< <W,1<j<|C. A camera detection CZ is
represented as a bounding box of the detected object, or simply by box center’s coordinates,
ie. ¢ = (3:{, yf ). We also assume that at each time 4, the mobile device carried by a
m

particular user receives a set of radio measurements r; = {r}, ....r™ ..}, where 7 is

the Received Signal Strength (RSS) measurement of the m-th radio basestation at time 4.
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The problem is how to estimate the trajectory of a user given the sequence of anonymous
camera detections [cy, ..., cy| and personal radio measurements 11, ..., Ty|.

Figure (3.1) shows a high-level diagram of the problem we are trying to solve in this
chapter. The foreground detector module processes a series of camera frames [f1, ..., fi]
and extracts the locations of all moving targets within those frames (i.e. camera detections).
These detections along with the radio measurements of a particular user [rq, ..., 7y/| are
then fused inside the “Positioning + Identification filter”. This module is responsible for
the main tracking and identification process. In the following sections we highlight the
contributions of this chapter, describe the architecture of the proposed system and explain

the operation of each module.

3.3 Contributions

To the best of our knowledge, this is the first attempt that proposes a practical solution of
radio-aided visual tracking, and tests it in a truly complex and realistic scenario. Specifi-

cally, our contributions are:

e We provide a fresh perspective on the problem of low-cost high-accuracy positioning
in large open-plan indoor spaces, enabled by the fusion of anonymous visual data

and radio data.

e We formulate the problem of tracking people by combining visual- and radio-based
positioning modalities. We highlight the key challenges that we have encountered
in a complex indoor museum environment, and explain why existing approaches are

not designed to cope with reality.

e We design a novel multi-hypothesis probabilistic approach (RAVEL) to fuse radio

and camera data that is robust to noisy and incomplete measurements.

e We integrate the radio measurements into the visual tracking process as opposed to
the competing techniques which use radio measurements mostly for identification.
This allows us to resolve motion ambiguities when people cross paths and maintain

tracking as people move behind obstacles.

e We show how the radio propagation model for a particular environment can be learnt

online, requiring no site-specific surveying.

e We evaluate the proposed approach in a museum setting, and compare it with the

competing state-of-the-art approaches.
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3.4 System Architecture

We are now in a position to present in more detail the proposed Radio And Vision Enhanced
Localisation (RAVEL) system. The main components of RAVEL are: a) a visual-based
detector and b) a radio-aided tracker as shown in Fig. (3.2). The visual-based detector is
responsible for detecting all the moving people in the scene and for maintaining hypotheses
about their locations. On the other hand the radio-aided tracker uses the private WiFi
measurements of a person to select and merge the most likely location hypotheses in order
to create the complete trajectory of this person.

We should note here that these components can run in the same device (e.g. a server
collecting measurements from multiple transmitters) or across different devices (e.g. smart
cameras running the visual-based detector and disseminating traces to mobile devices, each
running their own radio-aided tracker). The rest of this chapter considers the latter, more
challenging case of distributed tracking, but the algorithms presented are equally applicable

to centralised tracking.

3.4.1 Visual-based Detector

The visual-based detector processes the captured camera footage as follows. For each
frame f;, a set of anonymous camera detections C; = {c!, ..., ¢}, ...} of the interesting ob-
jects (i.e. moving people) are firstly extracted. In our implementation, we use a lightweight
MoG-based background subtraction approach [91] to detect moving people, which does
not require heavy training and with some optimization it can run in real-time in embedded
camera networks [92]. However, the computed set of detections C; can be very noisy and
unreliable. Fig. 3.3 shows a frame with three typical cases of noisy detections observed
in our experiments, namely multiple detections from a single person (splitting); single de-
tections corresponding to multiple people (merging); and null detections (empty bounding
box, caused by a visual artifact such as a moving shadow). In this case, linking the detec-
tions into coherent trajectories is not a trivial task. Note that the visual-based detector only
links detections into short trajectory segments (referred to as tracklets hereafter) when they
unambiguously belong to the same target, as discussed in Sec. 3.5.1. The tracklets could be
broadcasted to phones in a number of ways, including overloading the WiFi beacon frames

(i.e. beacon stuffing) [93] which could preserve the user’s privacy.

3.4.2 Radio-aided tracker

The tracklets generated by the visual-based detector tend to be very short, and are still

anonymous: we have no knowledge of which tracklet should belong to a given user. There-
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Figure 3.2: RAVEL is composed of two modules: a visual-based detector and a radio-
aided tracker. The visual-based detector accomplishes two tasks. First it receives camera
frames from the CCTV infrastructure and uses background subtraction techniques to detect
the people in the scene. The problem is then to find the correspondence of detections
across all frames. To do that it generates hypotheses about the people’s locations across
frames i.e. when a set of locations has high probability originating from the same user it
generates small trajectories (called tracklets). Finally, the radio-aided tracker receives all
the generated tracklets within a time window. It then cross references the users’ private
radio footprint, to determine which tracklets should be selected and merged to produce the
full trajectory of this particular user.

fore, the proposed system broadcasts the generated tracklets (which are just streams of
two dimensional coordinates) to the radio-aided tracker, which runs on the mobile devices
carried by the users. With the received anonymous tracklets, the radio-aided tracker cross
references the user’s private radio footprint, i.e. radio measurements from the known bases-
tations, to determine which tracklets should be selected and merged to produce the com-
plete trajectory of this particular user. To achieve this, our tracker uses a multi-hypothesis
tracklet merging approach. In a nutshell, it builds tracklet trees that encode all hypotheses

of user paths. We are now in a position to present the details of the proposed algorithms.
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Figure 3.3: Three cases of noisy detections generated by our visual-based detector: a) mul-
tiple detections are generated for one moving target (D1 and D2), b) a detection contains
no moving targets at all (D4), and c¢) one detection contains multiple moving targets (D5).

3.5 Proposed Algorithm

In this section, we discuss the core algorithms of the RAVEL tracking system: the tracklet
generation algorithm (Sec. 3.5.1) used in the visual-based detector, and the tracklet merg-

ing algorithm (Sec. 3.5.2), which is the key competency of our radio-aided tracker.

3.5.1 Tracklet Generation Algorithm

Given a fixed window of frames [f, ..., fw], and extracted sets of camera detections i.e.
[C1, ..., Cw], the task of the tracklet generation algorithm is to link the elements of Cj-s
into unambiguous trajectory segments, referred to as tracklets. The proposed algorithm
leverages a realistic model of human motion to ascertain that a sequence of detections
from consecutive frames belong to the same person with high certainty, and can thus be
grouped together into a tracklet 7. It starts by considering detections in the first frame
and proceeds in chronological order until all detections are grouped into a set of tracklets
T={m,....,7n}.

More specifically, at the beginning, or when an existing tracklet cannot be further ex-
tended with new camera detections, a new tracklet is initiated with the first available (not-
visited) camera detection, say c;. To extend the tracklet with a second detection, we first
check if there is a detection ¢, in the next frame such that ||¢; — ¢;41|| < DT where DT
is the maximum displacement of a target in the period between two consecutive frames.

If there is no such detection, or if there are more than one such detections, ¢; becomes a
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Figure 3.4: Tracklet generation: The figure shows the tracklets that have been generated by
the proposed technique over a period of 120 frames. The squares indicate camera detec-
tions. Squares of the same colour indicate that these detections originate from one target
with high confidence and so are linked together.

singleton tracklet. Otherwise the two detections must belong to the same person, so they
are grouped together in the same tracklet.

Once we have at least two detections in the same tracklet, we can extend it with another
detection taking into account the fact that humans normally avoid abrupt changes of direc-
tion and speed [94]. For example, consider the last two detections in the tracklet (say, c;
and c; 1), and the potential to extend them with one of the available detections in the next
frame, say c;;o. In order to assess its suitability, we measure changes in the direction and
in the speed of motion, and combine them to obtain a metric of confidence that the three

detections concern the same person:

Q(Cita; Cis Cip1) = WaQq + wsQs 3.1)

where (), is the cost of direction change while (), is the cost of speed change, weighted by
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wy and w; respectively. In our case, (), and (), are defined as:

Q 1 (Ci—l-l - Ci) ) (CH—Z - Ci—l—l)
d _
civ1 — cillllciva — civtl]

(3.2)

Q.=1-2 \/||Ci+1 — cilllleire — cival|
’ lcivr — cill + lleire — cival|

From the above formula, we can see that (), is actually the cosine of the angle between the
displacement vectors (¢; 11 —¢;) and (¢; 12 —c;11), which accounts for changes in the motion
direction. On the other hand, (), is the ratio between the geometric and arithmetic mean of
the magnitude of the displacement vectors. It measures the variation in the speed of motion
and penalizes those detections that are very far away from the current tracklet (note that
(s becomes 0 when the lengths of the two displacement vectors are the same). As shown
above, the algorithm uses Eqn. (3.1) to evaluate the smoothness of motion between the last
two detections of the current tracklet and a candidate detection in the next frame.

If at most one detection is found with cost () less than a predefined threshold then we
include that detection in the tracklet and continue to the next frame; otherwise we stop
extending this particular tracklet. The above procedure is repeated until all detections are

grouped into tracklets. This is shown in Fig. (3.4).

3.5.1.1 A note on human motion modelling

In the previous paragraph we have exploited the fact that people often avoid abrupt changes
in their direction and speed and thus we have used Eqn. (3.1) to asses the smoothness of
their motion for the purpose of human motion prediction. We have observed this type of
human behaviour experimentally in a number of different scenarios (e.g. in museums and
shopping malls).

This type of human motion modelling however cannot be used in all scenarios. In
certain situations (e.g. in construction sites), human motion can be more complex and
follows highly non-linear patterns with abrupt changes in the direction and speed. People
are usually driven by an inner motivation towards some goal or task and their motion is
often influenced by obstacles along their path and by the motion of other people [95]. Thus,
motion models which make certain assumptions regarding the human motion [96, 94, 97]
(e.g. smoothness of motion, constant velocity, linear-dynamics, etc) cannot be used. In
Chapter 4 we investigate further the problem of human motion prediction and we show how
to design motion models that can be used in scenarios where the human motion appears to

be complex and non-linear.
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3.5.2 Tracklet Merging Algorithm

Given the generated tracklets, the tracklet merging algorithm, which is the core of our
radio-aided tracker, attempts to decide which tracklets should be merged together to pro-
duce the complete trajectory of the particular user. It first builds a set of tracklet trees that
encode all possible trajectory hypotheses, and then searches for the trajectory hypothesis

that 1s most consistent with the user’s radio data.

Camera FOV

(O Camera ¢;
@ Synthetic s;
A Empty e;

,@;@@
| &, &

-

.
~

Figure 3.5: (a) The tracklets generated by our algorithm, where the gaps are filled by
synthetic and empty detections. (b) The built tracklet tree with nodes containing camera
(circle nodes), synthetic (hexagon nodes), and empty (triangle nodes) detections. Each
camera node is also attached with a EOT node.

Build the tracklet trees: Let us denote the set of tracklets generated within a window of
frames [f1, ..., fw] as T = {m,...,7n}. We first define T+ as the subset of tracklets in
7T that start early (before a certain time threshold) and thus could be used to start a user’s
trajectory. For each of those candidate tracklets, the algorithm initiates a tracklet tree. The
algorithm then expands these trees as follows: for a given tree node (parent tracklet), its
children become all the tracklets that start soon after it finishes and for which their first
detection is at close proximity to the parent tracklet’s final detection. This spatio-temporal
threshold is a tuning parameter which constraints the size of the tracklet trees. Proper tun-

ing would allow this module to run in real time on mobile devices.
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Now the tracklets in 7 are topologically connected into paths, but these paths are still
incomplete. For example, consider tracklets T1 and T3 in Fig. (3.5a), which form a path
in the tree shown in Fig. (3.5b) (ignore the nodes other than T1 and T3 for now). For this
path, we can see that: a) it does not start from the beginning of time window (T1 starts at
time 10); b) it ends early (T3 ends at time 25 while the window size is 45); and finally c)
there is a gap of missing detection in between (the final detection in T1 is at time 15, and
the first detection in T3 is at 20).

To address this, we introduce two extra types of detections, synthetic detections s; € S
and empty detections e; € FE, in addition to the camera detections c¢; € C. The synthetic
detections are used to address the problem of missing camera detections when the user is
actually within the camera’s FOV, which are caused by occlusions or pauses of the user. On
the other hand, the empty detections are introduced to account for situations where the user
exits and possibly reenters the camera’s FOV, and temporarily has no known coordinates.

Concretely, our algorithm completes paths with synthetic and empty detections accord-

ing to the following rules:

o First tracklet rule: If the first tracklet of a path does not start at time 1 (of the win-
dow), then we precede it with empty detections if it starts at the boundary of the
scene, or with synthetic detections (positioned at the location of its first detection) if

it does not start at the boundary.

e Gap rule: 1f there is a gap between a parent and a child tracklet in the tree, we fill
the gap with synthetic detections positioned at interpolated points between the final
detection of the parent tracklet and the first detection of the child tracklet. In the
unusual case that the parent tracklet ends at the boundary of the FOV and the child
tracklet begins at the boundary, we fill the gap with empty (instead of synthetic)

detections.

e Last tracklet rule: If the last tracklet of a path does not end at the end of the window,
we extend it with empty detections if it ends at the boundary of the scene, or with
synthetic detections (positioned at the location of its last detection) if it does not
end at the boundary. We also add an end of trajectory (EOT) node to every node
containing camera detections, indicating that the user may stop there.

After applying these rules, every path of the built tracklet tree represents a possible tra-
jectory that contains W consecutive detections whether camera, synthetic or empty. For
example, the highlighted path in Fig. (3.5b) corresponds to the highlighted trajectory in
Fig. (3.5a), which indicates that the user moves from the bottom left corner of the FOV to
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the top middle. We refer to such a trajectory as a hypothesis, denoted as H = [hy, ...hw],
where h; e CUS U E.

Search the tracklets trees: Once we have identified all trajectory hypotheses, we proceed
to identify the most likely one. Specifically, the likelihood score of a hypothesis is defined

as the sum of two parts:
L(H,R,\)=L(H)+ L"(H,R,\) (3.3)

where LV(H) is the visual-based likelihood score of the hypothesis H, while L"(H, R, \)
is the radio-based likelihood score given observed radio measurements R and a radio prop-
agation model \. Therefore, our algorithm evaluates the likelihood score of a hypothesis
in two steps: 1) it firstly estimates the user trajectory X = [z, ..., x| based on vision
data in hypothesis 1, and evaluates the likelihood of vision data; 2) it then evaluates the
likelihood of the radio data given the estimated user trajectory X. The first step is already
applied by existing multiple hypothesis tracking approaches (e.g. [79, 80]), which neglect
radio data and select the hypothesis that maximizes L"(H ) only. We could of course derive
the overall likelihood score in one step, using a Bayesian filter to jointly fuse vision and
radio data. Our design choice to separate these steps stems from our desire to reuse existing
implementations of vision-only trackers and extend them flexibly with a new step that ad-
ditionally exploits radio data. Now we explain how LY(H) and L"(H, R, \) are evaluated
in detail.

Evaluate L'(H): For each hypothesis H, our algorithm maintains a filter, to estimate
the trajectory X of the user. This can be implemented using a variant of a Bayesian filter,
such as a Kalman filter [54]. Let x; be the estimated position (state) of the user given
the detections hy.,_;, with covariance P, . For a non-empty detection h,;, we define its

incremental visual-based score as:

lo v hl,.fle_,Pz_,e ,hiEC
AL“:{ glpo f( )]

i (3.4)
log[(1 = po) f(hiz i, B, 0)]  hi€ S

where p, is the constant likelihood of having a camera detection when the user is in the
FOV. f is a function that evaluates the likelihood of h; given the estimated x;, P, and the

parameters 6 of the filter, i.e. it assesses how h; agrees with the state estimated by the filter.
Then LY(H) is the normalized sum of all ALY:

w
L' =[H[T'Y AL (3.5)
=1
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where | H| is the number of non-empty detections in the hypothesis H.

Evaluate L (H, R, \): Let us assume that radio model )\ in the indoor environment can
be described with the log-normal shadowing model with parameters {P,,n,c}, and the
Received Signal Strength (RSS) r(a) at a point which is @ meters to the known basestation
is given by:

r(a) = Py — 10nlog;o(a) + xo2 (3.6)

where F, is the RSS measurement at a reference distance of 1 meter, n is the path loss fac-
tor, and x,2 ~ N(0, 0?) is the random shadowing variation. Let ;" be the state estimated
with detections hy.; from the previous step, which is the best guess on the location of a user
at time ¢. For a non-empty detection h;, we define its incremental radio-based likelihood
score as:

M
AL} =" log fulr(dist(x), B));r]", o) S
m=1

where dist(z;, B,,) is the distance between x; and basestation B,,, and r(dist(z], B,,))
is the expected RSS value at :vj (given by Eqn. (3.6)). * € r; is the received RSS mea-
surement of B,,, on the user’s mobile device. fxs is Gaussian probability density function.
Therefore, the score of h; is determined by how its corresponding state estimate z; fits
the measured r;. Then the score for the entire hypothesis H and radio model X is the

normalised sum of all AL!:

w
L"=[H[""Y AL +log Ly (3.8)
i=1
where L, is the likelihood of radio model A\ = {Fy,n} given prior distributions on these
two parameters. Our algorithm does not require perfect knowledge of A, but attempts to
learn the best model by a search through the parameter space. For simplicity, we assume
the parameter o is known, and only F}, and n vary. In our experiments, we assume F, and n
are independent, and follow the raised cosine priors governed by known hyper-parameters.
Sec. 3.6 will show how in practice our algorithm finds the best radio model that is very
close to the actual one.
To sum up, for each hypothesis H and possible radio model A, our algorithm evaluates
the likelihood score L(H, R, \) as shown above, and finds the best solution { H*, \*} which
is given by: {H*, \*} = argmaxy , L(H, R, \).

50



Access Point 1 Access Point 2

+ Prior model
Learned model
(% Fitted model

N

@ A Rt ~

-02 0 02 04 06 -02 0 02 04 06
log-distance (m) log-distance (m)

Figure 3.6: (a) Fitted radio model from 4 APs. (b) Learning the radio model parameters by
searching the parameter space.

3.6 System Evaluation

3.6.1 Experimental Setup

We have conducted a real world experiment in a three-storey museum building to evaluate
the performance of the proposed approach. In our experiment we placed the camera (i.e.
off-the-shelf webcam) 10m above the ground in the third floor of the building facing down
covering a 1 1m x 12m area. All people to be tracked were walking on the first floor while
looking at the museum exhibits. The duration of our experiment was 40 minutes with the
camera taking video at 2fps with a resolution of 960 x 720 px. The total number of people
in the scene was varying as the museum visitors were entering and leaving the scene. The
minimum number of people in one frame was 8 and the maximum 20 with 4 of them
having WiF1 enabled smartphones. The objective of the experiment is to determine the
accuracy with which a person with WiFi data can track themselves in a busy environment
with several other people. The WiFi measurements were taken by smartphones receiving
beacons from 4 APs at a default rate of 2 samples/sec.

In order to obtain accurate ground truth trajectories from the video footage we supplied
all four people carrying WiFi smartphones with hats of different colours. Then we used
a mean-shift tracker [98] to track the coloured hats and label the ground truth trajectories
of all 4 people for our entire 4800 frame dataset. The colour features were only used to
acquire accurate ground truth; and both our approach and the competing approaches use
only grayscale images. We noticed that in the absence of these distinctive hats, appear-
ance features are not informative enough to tell apart one person from another, due to the

dim lighting and the fact that with the downward-facing camera we did not get a view of
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distinctive face/body features.

Algorithms: The competing approach, referred to as Vision-only tracker, only uses the
smoothness of motion to connect visual detections into trajectories; it is a multi-hypothesis
tracking approach widely used by the vision community [80, 79]. On the other hand, our
proposed approach, RAVEL (Radio And Vision Enhanced Localisation) ravels out ambigu-
ous visual threads by exploiting both the smoothness of motion and radio signal strength
data. The state-of-the-art EV-Loc system [43] which uses WiFi and visual observations for
positioning is also compared to the proposed approach next in the Evaluation section.
Performance metrics: We distinguish between two main operating contexts: 1) offline
case, in which the competing/proposed algorithms are given data over a time window of
size W, and are tasked to estimate the trajectory of a target during that period; and 2) online
case, in which the task is to estimate the current location of the target given a window of
historical data of size .

For the offline case, we use two key metrics to evaluate our approach - offline loca-
tion error and overlap error. Offline location error is an accuracy metric that reflects the
distance between the estimated trajectory (using the competing or proposed techniques)
and the ground truth trajectory (derived by using distinctive visual markers). In the re-
sults below, we measure it as the average Euclidean distance between the ground truth and
estimated detections over time - other commonly used distance metrics are MSE (mean
squared error), RMSE (root mean squared error), etc. In measuring the distance between
trajectories, we only use timestamps (frames) for which both the estimated and ground
truth trajectories report the target to be within the field of view.

The second offline metric, referred to as overlap error, measures the overlap between
the ground truth and estimated trajectories with respect to the camera’s field of view. Let
FP (false positives) be the ratio of frames in a window of size W for which the estimated
trajectory reports a detection in the FOV, whereas the ground truth trajectory suggests that
the target is outside the FOV. Let FN (false negatives) be the ratio of frames in which
the estimated trajectory reports an empty detection (outside the FOV), whereas the ground
truth trajectory includes a detection within the FOV. The overlap error between the two
trajectories is defined as the sum of false positive (FP) and false negative (FN) ratios, and
it reflects the percentage of time in which the estimated algorithm misclassifies the target
to be in the FOV when they are not or vice versa.

For the online case, our accuracy metric is referred to as online location error, and is
the Euclidean distance between the last pair of detections of the estimated and ground truth

trajectories (those at the end of the historical window).
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Figure 3.7: (a) Cumulative distribution function of the offline location error. (b) Impact of
the frame window size on the offline location error

3.6.2 Results
3.6.2.1 No a priori knowledge of the radio model

The first set of experiments is conducted to validate our assumption that we do not require
a priori knowledge of the parameters of the radio propagation model. Our proposed algo-
rithm allows us to learn the model from camera and WiFi data, by considering different
radio models (from a prior distribution) and choosing the one that maximizes the fitness
function described in Eqn. (3.3). This is in contrast to EV-Loc which assumes a priori
knowledge of the radio propagation model and obtains it by collecting training data from
the environment (WiFi signal strength data at known distances from the access points). We
refer to the radio model learnt from our proposed approach as Learned model and the model
derived from training data as Fitted model.

Our proposed algorithm, RAVEL, assumes a non-environment specific raised cosine
prior distribution on the two parameters (F, and n) of the radio propagation model (see
Eqn. (3.6)), with a generous variance for each parameter. The prior distributions for F, and
n are based on smartphone-based WiFi specs and a number of studies on typical values of
n, e.g. [65]. Fig. (3.6a) shows the received signal strength measurements (600 samples are
shown) as we vary the log-distance from four access points and the fitted ground truth radio
propagation model. The fitted model (Fy = —64 and n = 2.2) is obtained by averaging the
Py and n values derived from the training data of the four access points.

Fig. (3.6b) shows that the fitness of the best hypothesis (given by Eqn. (3.3)) as we vary
the parameters of the radio propagation model. Note that the Learned model, derived from
the proposed RAVEL algorithm by maximizing the fitness of the best hypothesis, is very
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Figure 3.8: Impact of the WiFi sampling rate on the offline location error.

close to the Fitted model obtained from a wealth of training data (an expensive survey).
More importantly this Learned model only assumes a rather broad and uninformative prior,
the mode of which (referred to as Prior model) is quite far from the Fitted model. Hence,
with very little prior knowledge of the radio propagation model, we are able to accurately
infer it and avoid the time consuming step of environment-specific training. However,
reliable prior knowledge of the radio model would constraint the search space thus reducing
the power requirements of our algorithm making it more suitable for mobile devices and

real-time processing.

3.6.2.2 Offline location error

The second set of experiments focuses on the offline case, and aims to compare the offline
location error of RAVEL and the competing Vision-only tracker. We first use default values
for the window size (120 frames taken over 60 secs) and for the WiFi sampling rate (2
WiFi signal strength values per sec), and plot the CDF of the offline location error over
160 windows (40 windows for each of the four people carrying a smartphone with WiFi).
Fig. (3.7a) shows that RAVEL, which leverages WiFi information, achieves a median error
of 0.56 m and a 90 percentile error of 1 m, significantly outperforming the competing
Vision-only tracker, which has a median error of about 1 m and a 90 percentile error of 4.6
m. Note that to give a fair chance to the Vision-only tracker, we initialise it with the correct

visual detection corresponding to the person that we are tracking. However, even with a
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Figure 3.9: (a) Cumulative distribution function (CDF) of the overlap error. (b) Online
location error.

correct start the Vision-only tracker diverges from the correct path due to crossing, splitting
and other ambiguities. These ambiguities are typically resolved by RAVEL with the help
of WiFi data; illustrative examples of how this happens are provided later in the evaluation.

We then proceeded to examine the impact of the window size on the offline location
error. We kept the WiFi sampling rate to the default value of 2 samples per sec, and varied
the window size (10-60 secs corresponding to 20-120 frames). Fig. (3.7b) shows that the
proposed RAVEL approach improves its accuracy as the window size increases. This is
reasonable since different people will most likely walk different paths over long periods of
time resulting in unique WiFi sequences which act as powerful discriminative signatures
for each person. Thus as the frame window size increases the accuracy tends to increase.
In Fig. (3.7b) we compare our approach with the best configuration for the Vision-only
algorithm, i.e. the Vision-only algorithm achieves the best accuracy for the window size of
10s. This is because for long periods of time a lot of ambiguities are introduced especially
in crowded environments which degrades the performance of Vision-only tracking.

The next step was to explore the impact of the WiFi RSS sampling rate on the offline
location error of RAVEL with a default window size of 120 frames. As expected, Fig. (3.8)
shows that the performance of RAVEL improves as we increase the sampling rate. Note
that no significant benefits are observed by sampling above 1 WiFi RSS per second, which
means that radio sampling does not need to be intensive (i.e. the algorithm can run on
battery operated devices) to obtain accurate trajectories. This however may be also due to
the fact that people walk relatively slowly in museums; it is possible that different environ-

ments may benefit from higher sampling rates.
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3.6.2.3 Offline overlap error

The third set of experiments aims to compare RAVEL with Vision-only tracker in terms of
their ability to correctly determine whether a target is inside or outside the camera’s FOV.
To do so, we use the overlap error metric defined above as the percentage of frames in
which the estimated trajectory incorrectly places the user inside or outside the FOV when
compared to the ground truth. Fig. (3.9a) shows the CDF of the overlap error of the two
algorithms over 160 windows (40 non-overlapping windows times four people). Observe
that up to 70% of these windows have no overlap error for RAVEL, as opposed to 50%
for the competing approach. The maximum overlap error of RAVEL is 40% as opposed to
100% for Vision-only tracker. This shows that RAVEL’s superior performance in resolving
ambiguities that result from people entering and leaving the FOV and re-appearing into
the FOV from different entry points. Illustrative examples of such cases will be examined

below.

3.6.2.4 Online location error

The last set of experiments focuses on the online case, where we are interested in the most
recent location of a target. We still assume that we have access to a historical window
of visual and WiFi detections, and we investigate the impact of the window size on the
online (most recent) location error. As expected, Fig. (3.9b) shows that the online location
error decreases as we increase the window size. This behavior is similar to that of the
offline location error (also shown in Fig. (3.7b)), which measures the average error across
all positions of the window. Notice in Fig. (3.7b) that the online location error is always
slightly higher than the offline location error for a given window size, because the last

position estimate in a given window has no future detections to benefit from.

3.6.2.5 [Illustrative examples

In Fig. (3.10) we present three illustrative examples showing the performance of the pro-
posed and competing (i.e. vision-only) algorithms: In the first example (Fig. (3.10a)), the
person stops at particular museum exhibit, and stays there for a long period of time. Then
she starts walking again, and performs a U turn. While the person is looking at the ex-
hibit without moving, no camera detections are generated. Once she starts moving again
it becomes difficult to distinguish in which direction she actually moves using camera de-
tections due to ambiguities with other people’s trajectories. One hypothesis is that her path
merged with a second person’s path moving north as illustrated in Fig. (3.10b); another hy-

pothesis is that she makes a U turn as in Fig. (3.10c). By taking into account her radio data,
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Figure 3.10: Illustrative examples showing the performance of the proposed and competing
algorithms.

RAVEL can identify the correct trajectory. Another interesting case where WiFi measure-
ments are beneficial is illustrated in Fig. (3.10d). In this case the person leaves the camera’s
FOV and after some time he re-enters. Fig. (3.10f) shows that RAVEL can re-establish the
identity of the person when he re-enters the FOV and provide the correct trajectory. Finally,
Fig. (3.10g) illustrates the situation of two targets splitting paths which is quite common in
crowded environments. More specifically, two people start walking together (i.e. one de-
tection contains two targets) moving south when at some point they split following different
paths. In this case the Vision-only tracker has a 50% chance of following the wrong path,
whereas RAVEL can use radio data to select the correct path. Although RAVEL allows us
to resolve a number of common ambiguities, it is by no means a perfect tracking system;
we have observed certain cases in which ambiguities are not correctly resolved either due to

a very limited window size, or to a highly crowded and complex scene. In addition, if there
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are regions where either WiFi or vision are unavailable, in its current implementation no
positions are returned. In the future this could be solved by incorporating other modalities
such as inertial sensing.

Our qualitative and quantitative results though suggest that RAVEL is significantly
more accurate and robust than existing Vision-only tracking systems, requiring only a neg-

ligible overhead to extend their implementation.

3.6.2.6 Comparison with EV-Loc

Finally, we close our evaluation by comparing RAVEL with the state-of-the-art EV-Loc
system [43] which also uses visual and radio signals for positioning. More specifically,
EV-Loc system assumes that people carrying WiFi-enabled mobile devices are moving
inside an area which is covered by CCTV infrastructure. The workflow of this technique is
as follows: In each time-step the visual and WiFi signals of all people in the scene are first
acquired and converted to distances from known locations (i.e. WiFi access points). The
log-normal radio propagation model is being used by Eqn. (3.6) to convert the WiFi RSS
readings to distances from the access points.

In the next step a cost matrix which corresponds to the similarity between each pair of
converted distances from the visual and WiFi signals is built. The Hungarian algorithm [74]
is then used to find the best matching pairs i.e. given the cost matrix it finds the associations
between visual and WiFi signals, thus it identifies a person by their mobile device id. More
formaly, let the set of visual signals (converted to distances) denoted by x = (z1, ..., x,)
and the set of WiFi signals (converted to distances) denoted by y = (v, ..., y,) Where n is

the number of people in the scene EV-Loc aims to solve the following:

argmin Z llzi — Y, || (3.9)
T =1

where 7; is a permutation of the vector y = (¥, ..., y,) and ||.|| is the Euclidian distance.
Once the above optimisation problem is solved with the Hungarian algorithm the two sig-

nals (i.e. the matching visual and WiFi signals) are fused into a new signal z; given by:
2 = ax; + BYr, (3.10)

where the parameters o and (3 reflect the measurement confidence of the visual and WiFi
signals respectively. This new signal z; provides the location estimate using both visual
and WiFi signals. In practice, however, the authors state that the accuracy of visual signals
is far better than the accuracy of the WiFi signals and so the parameter (3 is usually close to

0 and they take the visual localisation result alone as the final fusion result. In other words
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in EV-Loc WiFi signals are primarily used for tagging a visual trajectory with a mobile id
in order to identify a user.

In addition, EV-Loc first performs visual object matching, i.e. first it finds the corre-
spondence of objects across frames using visual tracking techniques and then applies the
fusion method described above. To do so it relies on appearance features and it generates
similarity matrix between every pair of consecutive visual frames. Then it uses the Hun-
garian algorithm to find the best match between every pair of neighbouring visual frames.
In other words EV-Loc uses a global nearest-neighbour data association technique which
accounts for the visual appearance of objects. After this step, it uses fusion technique to lo-
calise an object as discussed in the previous paragraph. Compared to the proposed system

EV-Loc differs in the following points:

e The fusion of WiFi and visual signals happens after the visual trajectories are formed
(i.e. post-fusion method) instead of using WiFi signals to guide the tracking process
like RAVEL.

e The fusion technique of EV-Loc (Eqn. (3.10)) practically does not help improve the

positioning accuracy and it is used mainly for target identification.

e The visual tracking is done on a frame-by-frame basis and requires the use of vi-
sual (i.e. appearance) features. Instead RAVEL provides a multi-hypothesis tracking
framework which incorporates WiFi signals into the tracking process and it does not

require visual features.

To compare with EV-Loc, we have implemented a frame-by-frame data association tech-
nique and more specifically the global nearest-neighbour data association filter (GNNDAF)
to deal with the visual object tracking part. More specifically, we assume that people are
moving according to a constant velocity model, thus they can be tracked using a Kalman
filter. Unlike in the original EV-Loc, in this implementation no appearance features have
been used so that we can compare it with RAVEL which does not make use of any appear-
ance features. The GNNDAF uses the measurement likelihood from the Kalman filter to
form a similarity matrix between all pairs of objects in two consecutive frames and then
it finds the associations between tracks and measurements using the Hungarian algorithm.
Once we form the visual trajectories we convert them into distances and together with the
distances obtained from the WiFi signals we use again the Hungarian algorithm to find the
association between visual and WiFi signals as described by EV-Loc. Finally, we use Eqn.
(3.10) with = 0.7 and 8 = 0.3 to estimate the position of the target.
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Figure 3.11: The figure shows tracking problems associated with the EV-Loc system, (a)
The ground truth trajectories of two people walking north, (b, c) Tracking problems as-
sociated with the EV-Loc system. The yellow circle indicates id-switches due to visual
ambiguities. (d) RAVEL is able to resolve these visual ambiguities and maintain tracking
which is very close to the ground truth.

Before comparing RAVEL and EV-Loc in terms of accuracy we first outline the tracking
problems associated with the EV-Loc system. These are shown in Figs. (3.11a)-(3.11c).
More specifically, Fig. (3.11a) shows the ground truth trajectories of two people (red and
green) moving north. As we have already mentioned EV-Loc applies first visual tracking
techniques on a frame-by-frame basis to create visual trajectories and in a second step it

uses WiFi and vision to localise the targets. This method however is prone to association
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errors as shown in Fig. (3.11b) and Fig. (3.11c). As we can see once the wrong association
is made at a particular point (indicated by the yellow circle) the tracking process diverges
significantly from the ground truth and it can never recover as opposed to RAVEL which
keeps track of multiple hypotheses. Moreover, it is very interesting to note here that the
WiFi signals cannot be used to separate close spaced targets. In the illustrated scenario,
even if we had used the EV-Loc system with tracks of length one (i.e. in each time-step
we use the Hungarian algorithm to associate single visual locations and not trajectories
with their corresponding WiFi signals) still these associations could not be made because
the WiFi signals are not accurate enough to distinguish among close spaced targets. From
our experience we have observed that WiFi signals become discriminative enough over
a given period of time (e.g. 10-60 sec). This is because people will most likely follow
different paths resulting in different WiFi signatures over those paths. For this reason we
have designed RAVEL to use multi-hypothesis tracking in order to create long enough and
distinct enough visual trajectories so that WiFi signals can be used to glue these trajectories
together. This is the main reason why RAVEL works best on long time windows, because
WiFi is discriminative enough to stitch fragmented trajectories together and identify people.
The RAVEL output for the example in Fig. (3.11a) is shown in Fig. (3.11d). As we can see

RAVEL successfully identifies the two people and manages to maintain tracking.
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Figure 3.12: Accuracy comparison, RAVEL vs EV-Loc vs Vision-only.

Finally, Fig. (3.12) shows the off-line error CDF of RAVEL and EV-Loc over 160 time

windows, of 120 frames each of our museum dataset. Compared to RAVEL’s sub-meter
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accuracy, EV-Loc has a 90 percentile error of about 2.1 meters. EV-Loc is error prone to

association ambiguities and it does not use WiFi signals efficiently as opposed to RAVEL.

3.6.2.7 A note on computational complexity

The main factor which determines the computational complexity of the proposed algorithm
is the number of possible hypothesis generated (i.e. number of branches of the tracklet
trees) that need to be evaluated. All possible path hypotheses of a single target are encoded
in a tracklet tree. Thus as the number of targets increases the number of tracklet trees that
we need to process and maintain also increases (linearly with respect to the number of
targets). In essence the proposed approach maintains a tracklet forest which encodes all
possible path hypotheses for all targets. Now, as the number of tracklet trees increases the
total number of tracklet tree branches also increases. The total number of tree branches
can very quickly become very large due to simple combinatorial explosion especially in
crowded environments. In essence, as the number of visual ambiguities increases the num-
ber of tree branches also increases in order to account for the possible path hypotheses. In
challenging environments with false and missing camera detections, close spaced moving
targets, etc. we expect to have an increase in the total number of tree branches. On the
other hand, in ideal scenarios where no visual ambiguities arise, the tracklet trees are being
reduced to linear lists.

In order to reduce the computational complexity it is necessary to reduce the number
of possible hypotheses generated. This however is a tradeoff between accuracy and com-
putational cost. To reduce the number of generated hypotheses a number of heuristics and
techniques can be applied [99, 56] including deleting unlikely hypotheses, merging similar
hypotheses and maintaining only the M most likely hypotheses.

3.7 Discussion

A large class of applications that require high positioning accuracy are typically deployed
in large public or commercial buildings with open plan architecture, such as museums,
airports, stations and shopping centres. The idea is that by knowing the exact location of
a person, it is possible to provide them with useful information about the object they are
currently focusing on, whether this is an exhibit in a museum, a tool in an industrial plant,
or an item that they are interested in buying. Such environments are typically outfitted with
camera systems, which were originally installed for safety and security purposes, and their
output is manually handled by security personnel. In addition, in many scenarios such envi-

ronments are equipped with WiFi infrastructure which is used for communication purposes.
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Combining these two sensing modalities has the great potential in providing accurate and
cost effective positioning without the need of investing in bespoke infrastructure.

In this chapter, we propose the use of existing camera infrastructure for the originally
unintended task of indoor positioning. We show that the challenges in visual (camera
based) tracking are numerous: cameras are poor at identifying people, especially when
the room is not well lit (in a museum), or when the camera is pointing down at them
making it difficult to distinguish facial features (bird’s-eye view cameras in large stations).
In addition, environments such as museums and airports are typically crowded with people
crossing paths, and hiding behind dynamically changing obstacles. These conditions create
ambiguity and make visual tracking a particularly challenging task.

On the other hand, radio-based systems, which also rely on existing infrastructure have
their own limitations. For example, the strength of received WiFi radio signals fluctuates
over time at a given position, due to multi-path signal propagation that is hard to model in
busy and dynamically-changing environments. Thus radio signal strength is not an accu-
rate enough indicator of location. Therefore, in open-plan indoor environments, existing
solutions based on radio also fail to satisfy the accuracy requirements needed for a practical
positioning solution.

Motivated by the noisy nature of both visual and non-visual sensor modalities, we have
explored whether we can effectively combine them to overcome each other’s weaknesses.
More specifically, in this chapter we have introduced RAVEL, a new positioning system
that integrates anonymous visual tracking with radio measurements to provide accurate
tracking information. Although noisy radio measurements are inadequate for positioning
on their own, we demonstrated how they can greatly enhance the performance of a rela-
tively simple visual tracker by handling challenging cases like occlusion, trajectory splitting
and entry/exit from the camera field-of-view. The additional advantage of our approach is
that it automatically learns the radio propagation model, thus not requiring site-specific
calibration.

As we have already mentioned RAVEL is an off-line tracking system i.e. the tracking
is postponed until all measurements inside a time window have been observed. We have
chosen to design RAVEL as an off-line tracking system in order to take advantage of the
discriminative power of WiFi RSS signals over long periods of time. This allows us to use
WiFi signals to resolve motion and visual ambiguities and connect together anonymous and
fragmented visual trajectories. In the Evaluation section we have shown that the accuracy
of RAVEL increases as we increase the window size. This is because the WiFi signals
of multiple people become distinct over long periods of time, which help us identify and

track more accurately. On the other hand as we decrease the window size the accuracy of
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RAVEL approximates the accuracy of Vision-only tracking (Fig. (3.7b)). This is because
the WiFi signals over short periods of time cannot be used to differentiate among close
spaced moving targets. Thus, in this case RAVEL reduces to visual tracking.

Depending on the application scenario a moderate amount of delay can be tolerated.
However, for many applications this is not possible. In the next chapter (Chapter 4) we will

show how to design an on-line tracking system by incorporating more sensor modalities.
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Chapter 4

Tracking with Camera, Radio and
Inertial Data

4.1 Introduction

In the previous chapter we presented RAVEL, a new low-cost positioning system that inte-
grates anonymous visual measurements with radio observations to provide accurate posi-
tioning in large public or commercial spaces. We have shown that although the WiFi mea-
surements are not by themselves sufficiently accurate, when they are fused with camera
data, they become a catalyst for pulling together ambiguous, fragmented, and anonymous
visual tracklets into accurate and continuous paths, yielding typical errors below one meter.
As we have shown in the previous chapter RAVEL provides off-line tracking i.e. the
trajectory of each person is reconstructed after all camera detections and WiFi measure-
ments for a period of time have been observed. This architecture however, is not suitable
for all types of applications. In certain scenarios real-time tracking of multiple people is
required. To motivate this we consider the scenario of tracking people in industrial settings
such as construction sites. For example, we would like to have a system which can monitor
the location of workers to indicate working hazards (e.g. red and green zones), which can
be individually tailored (Fig. (4.1)). For example, a steel-worker has the training to operate
in areas which might not yet be poured with concrete whilst forming the steel rebar. Con-
versely, a general construction worker should not venture into regions where steel-work has
not been completed. This level of safety requires positioning precision beyond the majority
of indoor positioning solutions, with desired sub-meter accuracy and real-time operation.
Moreover in today’s large and complex industrial environments the need of advanced
planning and scheduling, careful coordination, efficient communication and reliable activ-

ity monitoring is essential for productivity purposes. The US National Research Council
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found in [6] that construction lags behind other industries in terms of productivity, and

blamed the situation on problems with planning, coordination, and communication.

Installation of
a new wall

Red zone
(danger)

Yellow zone

=) (use caution)
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(i.e. working hazards)
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(safe)

Figure 4.1: Monitoring the location of workers in real-time to indicate working hazards.
The figure shows the installation of a new wall during one of our experiments in a construc-
tion site. Our aim is to provide a system that can monitor the location of workers providing
them with notifications on working hazards (i.e. red and green zones).

Motivated by the above problems we will show in this chapter how to design a real-time
tracking system to be used in industrial settings and other challenging environments which
require real-time operation and at the same time high accuracy. Real-time operation and
high accuracy however are not the only requirements for a practical positioning system.
For such a positioning system to be used and adopted in the construction industry, it should
be low-cost as well and exploit existing infrastructure. We note that a pervasive feature
of construction environments is the use of site-wide closed-circuit television (CCTV) to
provide security. CCTV alone however is not useful for positioning, as we have to identify
what each object in the video sequence actually is. This is especially challenging for low-
resolution, grainy footage typically obtained from CCTYV, which is unable to accurately
distinguish between different people based on facial recognition.

In order to address all the above problems we propose a novel multi-modal multi-
hypothesis tracking framework. More specifically, we will show how we can use Rao-
Blackwellized particle filtering and the fusion of three sensing modalities (i.e. visual, radio

and inertial) to track and identify multiple construction workers in real-time accurately and
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robustly. We assume that the workers carry devices (i.e. smart-phones) which emit radio
signals (WiFi/BTLE) and capture inertial measurements. We use these measurements to
assign identities to the visual trajectories and improve the tracking accuracy as the visual
detector is affected by occlusions, changing light conditions and challenges in detection

when targets coalesce e.g. if workers are standing together.

4.2 Problem Definition

In this chapter we tackle the problem of tracking people in environments equipped with
one or more stationary calibrated cameras. We assume that people that desire to be tracked
carry a mobile device, such as a smart-phone or customised worker safety equipment, and
move freely in and out of the field of view (FOV). We divide time into short time intervals,
and at each time ¢ we receive a number of camera detections of the moving objects denoted
as Cp = {c},c2, ..., e, ..}, 1 <j <|Cy. A camera detection ¢! represents the bounding
box of the jy, object generated by a foreground detector. Note that at time ¢ we could be
receiving camera detections not only from people but also from other moving objects (i.e.
vehicles); false positive detections are also received due to illumination changes, shadows,
etc. In order to reduce the number of false positive detections and concentrate on detecting
only people we apply a head detector to the output of a foreground detector. A camera
detection c{ is projected into the ground plane via a projective transformation which will
be denoted as ¢/.
At time ¢ we also receive a collection of radio measurements R; = {rf}, 1 < k < K where
K is the total number of people with mobile devices who wish to be tracked and 7 =
[rss?, ..., rss™]F is a vector of received signal strength (RSS) measurements of the ky, device
from m access points. Additionally, we assume that each mobile device is equipped with
an inertial measurement unit (IMU) containing an accelerometer and a magnetometer. This
allows us to generate at time ¢ a collection of inertial measurements denoted as S; = {s¥}
where s = [bF, dF, 0F] is a vector that contains the step indicator, step-length and heading
of the ky, person respectively. Each index % uniquely identifies a person and corresponds to
a unique MAC address of the mobile device.

The problem to solve is the following: Given anonymous camera detections C', id-
linked radio measurements Ry., and id-linked inertial measurements Sy.; estimate the tra-

jectories of all users carrying mobile devices and moving inside the camera FOV.
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4.3 Contributions

The major contributions of this work are as follows:

1. We are investigating the problem of real-time tracking in challenging industrial set-
tings and we are proposing a positioning framework explicitly designed for these
environments. Our particle-filter based multi-hypothesis tracking framework utilises
three different sensor modalities (i.e. vision, radio and inertial) to allow for accurate
multi-target tracking in challenging conditions (e.g. long-term occlusions, missing

detections, noisy measurements, etc.)

2. We proposed a CCTV and smartphone based positioning system. We show how to
combine anonymous measurements from CCTV with id-linked measurements from
smart-phones; thus leveraging the positioning accuracy of visual measurements with

the identification accuracy of radio/inertial measurements.

3. We demonstrate the impact of applying the social force model to improve tracking.
In a construction site the environment changes rapidly with the addition of new walls,
corridors, etc. These changes define the walkable area by restricting human motion in
certain locations. In this work we show how to take advantage of these environmental

changes with social forces to significantly increase the tracking accuracy.

4. We have conducted extensive experiments in a real construction site with the help

and guidance of our industrial partners.

4.4 System Architecture

An overview of the proposed system architecture is shown in Fig. (4.2). Our system

consists of the following modules :

e Foreground Detector: In order to detect the moving people in the scene we use
the Mixture of Gaussians (MoG) [91] method. This is one of the most popular fore-
ground detection techniques used by many object detection systems. This is because
itis lightweight and capable of running in real-time embedded camera networks [92].
Additional improvements (e.g. [100]) to the original algorithm allow for shadow de-

tection and more efficient real-time detection.
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e Radio Model: Similarly to RAVEL, in order to model the WiFi received signal
strength at a specific distance from the transmitter we make use of the log-normal
path loss model [65, 101]. According to this model the received signal strength

Pr(d) at distance d from the transmitter is given by the following equation:

d
PR(d) = PT — PL(do) — 10’)1[0910— -+ Xo.z =
do
d 4.1)
PR<d) = Po(do) - 1071[0910(1— + X02
0

where Pr is the transmit power, PL(dy) is the path loss for a reference distance
dy, n is the path loss exponent, F is the received power at the reference distance
do and X, 2 ~ N(0,0?) is a Gaussian random variable which models the path loss
variations due to shadowing. Our choice of using a radio propagation model over
fingerprinting is because: a) the above radio model is linear with just 2 free variables
which can be easily learned and b) the proposed system uses WiFi, inertial and cam-
era measurements for positioning thus the accuracy of the radio model is sufficient
for the problem that we are trying to solve. On the other hand, fingerprinting usually
requires intensive surveying of the environment to built radio maps and systematic

recalibration to account for temporal changes.

Foreground Detections Position
Frames ............ » Detector Positioning o
Emmmmmad !dentification I:>
filter .
, Radio RSS » Identity
Radio  ===reereeses > Model
Inertial  -seseseeeees » | Inertial | Heading
Tracking | Step-length

Figure 4.2: Overview of the proposed system architecture.

o Inertial Tracker: This module takes as input the accelerometer and magnetometer
data from a user’s smart-phone and uses them to predict the user’s motion. Compared
to the traditional motion models (e.g. constant velocity/acceleration) the inclusion of
inertial measurement for motion prediction allows us to achieve higher tracking ac-
curacy and maintain tracking behind obstacles and occlusions. The fusion of camera

and inertial measurements in our system provides robustness in situations where we
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Figure 4.3: Graphical models for the multiple target tracking problem. Shaded nodes in-
dicate observations and clear nodes indicate hidden variables. Nodes with dashed lines
use particle filtering estimation. Dashed arrows indicate that the association between tar-
get states and measurements must be recovered before updating a target with a specific
measurement. (a) Standard particle filter: uses sampling to estimate the joint posterior
distribution of states and data associations (P(Z;|C1.)), (b) In Rao-Blackwellized particle
filter (i.e. RBMCDA) the data-association is decoupled from the state estimation. The filter
samples only from the data-associations distribution P(\;|C}.;). The distribution of target
states conditioned on the association P(X;|\;, C.) is calculated analytically. (c) Proposed
approach: id-linked radio (R;) and inertial (5;) measurements are incorporated to RBM-
CDA in addition to the camera detections (C}). The data association problem is changed
compared to (a) and (b) as now we need to recover the association between id-linked mea-
surements and tracks in addition to the anonymous measurements-to-tracks association.

have missing detections and allows us to maintain tracking for all targets even with-

out any camera observations.

e Positioning and Identification filter: This module obtains anonymous camera de-
tections, radio and inertial measurements from multiple people and is responsible
for solving three problems. Firstly, it establishes the correspondences of camera
detections across frames, that is, links together anonymous camera detections that
correspond to the same person. Secondly, it finds the mapping between anonymous
camera detections and id-linked smartphone (radio and inertial) measurements. Fi-

nally, it identifies and estimates the positions of multiple targets.

4.5 Rao-Blackwellized Monte Carlo Data Association

Traditional multi-target tracking methods such as MHT [79], JPDA [78] and derivatives
[56, 55] have certain limitations which makes them impractical for specific applications.
For instance, the MHT has not been designed for on-line tracking (i.e. it uses batch pro-

cessing), on the other hand JPDA suffers from track coalescence for closely spaced targets
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and because it does not maintain multiple hypotheses this method is unable from recovering
upon tracking errors.

In contrast, particle filtering fits better to the tracking problem that we tackle in this
chapter. It provides a more general and flexible framework for the problem of online multi-
target tracking and it can be considered as a generalisation of MHT. Instead of maintaining
N most probable data association hypotheses, the joint tracking and data association prob-
lem is modelled as a Bayesian estimation problem and the posterior distribution is estimated
with Monte Carlo methods. Sequential Monte Carlo based multiple target tracking meth-
ods have been presented in [102, 103, 104, 105]. These methods use particle filtering to
approximate the joint posterior distribution of states and data associations. However, this
type of particle filter modelling for the MTT problem can be inefficient and computation-
ally expensive since in high dimensional state-spaces a large number of samples is needed
in order to represent the joint posterior distribution.

Rao-Blackwellization can be used in certain scenarios in order to reduce the compu-
tational complexity of these methods. The Rao-Blackwellized Monte Carlo Data Asso-
ciation filter (RBMCDA) [106, 107] is a sequential Monte Carlo MTT method that uses
Rao-Blackwellized particle filtering (RBPF) to estimate the posterior distribution of states
and data associations efficiently. More specifically, instead of using a pure particle repre-
sentation of the joint posterior distribution of states and data associations (see Fig. (4.3a)),
RBMCDA proceeds by decomposing the problem into two parts: a) estimation of the data-
association posterior distribution and b) estimation of the posterior distribution of target
states. The first part is estimated by particle filtering and the second part is computed an-
alytically using Kalman filtering (Fig. (4.3b)). The aforementioned decomposition is pos-
sible, since in RBMCDA the dynamic and measurement model of the targets are modelled
as linear Gaussian conditioned on the data association and can thus be handled efficiently
by the Kalman filter.

A high level overview of the RBMCDA algorithm is shown in Alg. (1). The algorithm
maintains a set of /V particles and each particle corresponds to a possible association of
anonymous measurements (y;) to tracks. Each particle maintains for each target its current
state z; (e.g. location) and state uncertainty (i.e. posterior distribution p(z;|y;.)). In the
first step (line 4), a Kalman filter is used to predict the next state of a target based on its
previous state (p(z|y14—1)). Then, the algorithm considers associating each anonymous
measurement with each one of the targets in the particle and estimates the probability of
each candidate association event (lines 5-6). The association events are modelled with the
association indicator \; (e.g. (\; = 0) == clutter association at time t, (\; = j) =

target j association at time ¢, etc). The association probability 7; for target j is computed
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from the measurement likelihood p(y;|\;) and the prior probability of data associations
p(Ae|\i—1). By sampling the resulting importance distribution, the algorithm selects only
one of the candidate associations (line 7) and updates the state of the respective target with
the anonymous measurement (line 8). This is repeated for each anonymous measurement
(e.g. for each camera detection in the camera frame). The particle’s weight is then updated
taking into account its previous weight and the probabilities of selected associations (line
9). Once all particles have been updated and their weights normalised (line 11), they are
re-sampled based on their normalised weights (line 12). At the end of each iteration, the
positions of the targets are estimated as a weighted average (i.e. mixture of Gaussians)
across all particles (line 13).

Note that the algorithm above allows us to enforce data association constraints. For
instance, we can express that each track is updated by at most one visual measurement, by

suitably modelling association priors in line 5.

1: Input: N particles, a measurement vector ;.
2: Output: p(xy, \|y1.¢): the joint distribution of target states and target-to-measurement
associations at time ¢ given measurements up to time ¢.
3: for each particle i € (1..N) do
For all targets run Kalman filter prediction step.
5. Form the importance distribution as:
For all association events j calculate the unnormalized association probabilities:

79 = prA? = 5 y1an, AP = 5N

6:  Normalize the importance distribution.
7 Draw new )\gi) from the importance distribution.
8:  Update target /\Ei) with y; using Kalman correction step.
9:  Update particle weight.
10: end for

11: Normalize particle weights.

12: Resample.

13: Approximate p(z;, \¢|y1.¢) as:
p(ze Myre) & S w6 — NN (@M, P where (M7, P") are the
means and covariances of the target states of the iy, particle.

Algorithm 1: A high-level description of the RBMCDA filter
The existing RBMCDA algorithm is designed to work with anonymous observations. In the

next section we point out how we extend it in order to exploit radio and inertial observations

that are inherently linked to unique device IDs (i.e. MAC addresses).
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4.6 Proposed Approach

We are now in a position to describe how we extend the RBMCDA framework to address
the identification and tracking problem in a construction site setting. The key difference
here is that we introduce id-linked observations in addition to the anonymous camera ob-
servations (Fig. (4.3c)). This impacts a number of steps in the algorithm above as explained

in this section.

4.6.1 State Prediction and Update

As in the original algorithm, each particle uses a set of Kalman filters to track targets.
However, in our case, we are not interested in tracking all targets within FOV; we only
track people equipped with mobile devices and we continue to do so when they temporarily
come out of the FOV. We extend the framework in [106, 107], in order to use id-linked
observations in the prediction and correction steps of the Kalman filter. In particular, we use
inertial sensor measurements to predict the next state of a person (instead of only relying on
the previous state as in line 4). Furthermore, we use WiFi/BTLE and camera measurements
to correct the person’s state (instead of only anonymous camera measurements as in line
8). More specifically, the target’s dynamics in our system are modelled by the following

linear equation:

4.2)

B das cos(Oay)
Ty =2x41 + By {dm sin(6a,) + wy

where ¢ denotes the time index, x; = [z, y]" is the system state i.e. a 2-D vector of the tar-
get’s position on the ground plane and the pair (da;,0a¢) represents the target’s step-length
and heading respectively calculated within the tracker’s cycle time (At). The control input
B; is the output of a HMM-based step classifier which takes as input the accelerometer
data from the user’s device and returns a step indicator that shows whether a step has been
taken or not. A more detailed description regarding our step detection approach is dis-
cussed in Appendix A. Finally, w; is the process noise which is assumed to be normally
distributed with mean zero and covariance matrix A (i.e. wy ~ N(0, A)). In order to calcu-
late the step-length of a person we use an empirical model that takes into account the step

frequency obtained from the accelerometer data and is given by the following formula:
s =h(d fsep + ') + ¢ 4.3)

where s is the estimated step-length, i denotes the user’s height, fy., is the step fre-
quency obtained from the device’s accelerometer and (a’, ¥, ¢') are the model parameters.

The model above describes a linear relationship between step-length and step frequency
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weighted by the user’s height. The height value is set to the country’s average for men of
ages between 25 and 34 years old.

In addition, as we mentioned in Section 4.2, our objective is to track all people that
carry mobile devices. Thus, once we associate a camera measurement to a person ID (i.e.
device ID), Eqn. (4.2) is used as the predictive distribution of a Kalman filter to model the
motion of the identified person using his/her inertial measurements.

Compared with existing techniques (i.e [108]) that use heuristics to model the human

motion, we will show in the evaluation section that the use of inertial measurements in
our approach results in more accurate tracking. In addition, we have observed that in a
construction site workers do not walk regularly, instead they often make big, small and
irregular steps depending on the task performed. This makes motion prediction even more
challenging since it makes it harder for the step detector/classifier to detect some of the
steps correctly. It is worth noting here that the proposed system can correct these step mis-
classification errors in many situations with the help of visual observations. For instance,
when our step classifier predicts wrongly for a specific target that a step has been taken, our
system can still correct the final estimated position using the location of the camera mea-
surement. Under the assumption of unambiguous tracks the proposed technique can handle
similar situations very efficiently. Figure (4.4) illustrates the scenario discussed above.
We should note here that Eqn. (4.2) is event-based (i.e. based on step events) and events
among the different targets are inherently not synchronised. In other words, the steps of
different people do not take place at the same time. However, because we need to know the
predicted locations of all targets at a specific time, we process Eqn. (4.2) in a time-based
manner. We run the prediction equation for all targets on fixed intervals (i.e. every second)
and during that time we find the number of steps taken by each person and we calculate the
step-length accordingly. Incomplete steps are handled by accounting only for a percentage
of the step-length. In other words, d; is not necessarily the length of a single step. However,
throughout this paper we are going to refer to d; as step-length.

Unlike the original RBMCDA filter that only uses anonymous observations to update
the target’s state (line 8), in our system a measurement y; at time ¢ is a vector containing an
anonymous location measurement (2D image coordinates transformed to the world plane
via a projective transformation [109]) from the camera system and multiple id-linked radio
signal strength measurements from people’s mobile devices. More formally, the measure-
ment vector is defined as y; = [¢;, rss}, ..., rssi|T where ¢ is a camera observation
which contains the 2D target coordinates on the ground plane and rss;, ...,rss? denote

the received radio signal measurements from m access-points of a particular mobile device.
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Figure 4.4: Fusing camera and inertial measurements. The dotted circles show the pre-
dicted location using inertial measurements (i.e. a step classifier, shown in the top picture,
indicates if a step has been taken or not.) Square boxes indicate a camera detection (i.e. the
location of a person). When a step is classified correctly the predicted location is collocated
with the camera detection (picture on the left). The tracking accuracy can be decreased sig-
nificantly when the step detector misclassifies a step. However, in the proposed system, the
fusion with camera measurements allows to navigate towards the right path in cases where
we have unambiguous trajectories (picture on the right).

Thus, the state vector x; of a target is related to the system measurements ¥; according to

the following model:

X

RSSl (l’t))
ye = flz) + v, = | RSSa(m)) | 4o, (4.4)

| RSS,, (x4)) |
where f is a non-linear function that translates the true system state vector to the measure-
ment domain and v, is the measurement noise which follows a normal distribution with

zero mean and covariance matrix R (v; ~ N(0, R)). The function RSS; is given by:

where m is the total number of WiFi/BTLE access points and RSS;(z;) is the expected
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signal strength at location z; with respect to transmitter A;. P; is the received power at
the reference distance of one meter and n; is the path loss exponent. In order to meet the
requirements of the RBMCDA filter, i.e. calculate analytically the posterior distribution of
the target states with a Kalman filter, Eqn. (4.4) must be linear Gaussian. The non-linearity
of the measurement model in our case is handled via the unscented transformation [57, 58].
Thus, the state estimation can be computed analytically using the unscented Kalman filter

(UKF) and each particle contains a bank of UKFs; one filter for each target.

4.6.2 Tracking and Identification

In this section, we show how we modified the association steps in lines 5-7 to leverage
id-linked measurements.

Suppose for instance that at time ¢ we receive camera detections C; = {cg}, 1< <
|C;| and radio measurements R; = {rf}, 1 < k < K where K is the number of people
with a mobile device. Each one of the |C;| anonymous camera detections could be one
of the following three types: (a) a person with a device, (b) a person without a device
or (c) clutter (e.g false camera detection caused by illumination changes). Our objective
is to associate the type (a) camera detections with the correct radio measurements. In
order to do that we use the following procedure. We enumerate all possible combinations
2 = |Cy| x K between the camera detections and the id-linked measurements and we create

new measurements y;, i € [1..Q] with the following structure:
yi = {&" i}, m e [L|G], j € [1.K] (4.6)

where ¢;" is the camera measurement c;"* projected into the ground plane. Now, a measure-
ment 3! which contains a correct association will have the following property RSS(¢/") ~
7 for the correct (m, j) pair, where RSS() is the function in Eqn. (4.5). In other words,
if a person is detected by the camera, then his/her radio measurements (i.e. received sig-
nal strength) at that location should match the predicted radio measurements at the same
location. Camera detections of type (b) and (c) would normally not exhibit the same prop-
erty. From our experiments in a real construction site, we have observed that the radio
measurements are reasonably stable but only for short periods of time depending on the
environmental dynamics. As we discuss in Chapter 5 by periodically re-learning the radio
model, we make our system adaptive to the changing environment and thus we can use the
procedure above to track and identify the people in the scene.

Moreover, the proposed algorithm can handle the creation and termination of tracks.

For instance, when a new person (i.e. a new mobile device) is entering the FOV, we initiate
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a new track by initializing the system state with the camera location that best matches the
received radio measurements. Additionally, we allow a target to die when for a fixed period
of time no camera observation has been used to update its state. The above procedure runs
continuously thus new tracks are created and others are terminated dynamically as people
enter and leave the FOV.

As we have already mentioned the association probability is computed as the product
of the measurement likelihood and association prior. The measurement likelihood of asso-
ciating y! with target j, p(yi|\; = j) is computed as p(yi|\: = j) = N(y}; 9, Vi) where
U; 1s the expected measurement of target j at the predicted state and V; is the innovation
covariance obtained from the UKF.

Given m simultaneous measurements within a scan the predictive distribution of data
associations can be defined as an my, order Markov-chain p(A7*| A", ..., A}) which allows
us to enforce certain association restrictions. In our system this predictive distribution is
defined (i.e. assigns zero probability to unwanted events) so that the following conditions

are met:

1. A track can be updated with at most one measurement.
2. A measurement can only be used to update at most one track.

3. An already established track (with a specific sensor ID) can only be updated with a

measurement of the same sensor ID.

4. Once a camera detection is assigned to a track all other measurements which include

the latter camera detection are classified as clutter.

5. A new target is not born if there is an existing target with the same sensor ID as the
newborn target. This means that each particle maintains only targets with unique

sensor IDs.

Some of the above restrictions can be relaxed depending on the application scenario. For
instance, when two people are close to each other they can be detected as one object. In
this case the 4th restriction can be relaxed in order to allow two tracks (i.e. two people with
different sensor IDs) to be updated with the same camera detection.

To summarize, a particle represents states only for people carrying mobile devices - not
for all people in the field of view. Inertial data of each person’s device are used to predict
their next state. Anonymous camera data are associated with a person’s track only if they

agree with both their inertial and radio data.
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Input: N particles, camera (Cy), radio (R;) and inertial (S;) measurements.
Output: p(z, Ae|yi)-
Apply Eqn. (4.6) to C; and R; to create y;.
for each measurement m € (1..|y;|) do
for each particlei € (1..N) do
For all targets in ¢ run prediction step (Eqn. (4.2)).
Form the importance distribution and draw new association event ()\y)).
Update target )\ii) with m using UKF correction step. Update particle weight.
end for
end for
: Normalize particle weights.
: Resample.
. Approximate p(x;, \¢|y1.) as in Algorithm (1)

R AR

—_— = = =
W N = O

Algorithm 2: A high-level work-flow of the proposed system.

First a foreground detector is used to detect the moving people in the scene and then
the 2D image coordinates of the detected people are projected into the world plane (i.e.
ground plane) via a projective transformation (i.e. homography). More specifically, given
a set of points p; in the projective plane IP? and a corresponding set of points p; likewise
in IP? we would like to compute the projective transformation that takes each p; to p;. In
our case we consider a set of point correspondences p; <+ p; between the image plane
and the world ground plane and we need to compute the projective transformation Hs 3
such that Hp; = p; for each 7. The matrix H can be computed using the Direct Linear
Transformation (DLT) algorithm [109] which requires at least 4 point correspondences.
Additional points can improve the estimation by minimizing a suitable cost function such
as the geometric distance between where the homography maps a point and where the
point’s correspondence was originally found, i.e. we would like to find the matrix H which
minimizes Y, d(p;, Hp;)* where d(., .) is the Euclidean distance between the two points.

Once we calculate /I we can use it to project the targets from the image plane into the
ground plane and obtain their location on the ground plane. We can then use inertial and
radio data using Eqns. (4.2) and (4.4) as explained earlier in this section.

Finally, we should note here that when at some time-step a particular target does not
receive radio measurements then if the target is a new target the identification and creation
of a new track is postponed until radio measurements are available. Otherwise, if the target
is an existing target, tracking proceeds by only considering the motion model of the target

(Eqn. (4.2)). A high-level work-flow of the proposed technique is shown in Alg. (2).
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4.7 Integration of Social Forces

Traditionally, tracking systems use motion models to predict human motion [96, 97]. Ex-
amples of these models include the constant velocity and acceleration model, the Brownian
model, the Gauss-Markov model, etc. These motion models however, make weak assump-
tions on human motion. For instance, the Brownian motion model makes no assumptions
about the target dynamics and the constant velocity model assumes linear target motion.
Such assumptions however are not suitable for all types of scenarios (i.e. tracking the
workers in a construction site). Moreover in the case of long term occlusions and missing
detections these motion models fail to maintain tracking which causes divergence from the
true trajectory and significant losses in the tracking accuracy. In the previous section we
have introduced a measurement-driven motion model based on inertial observations which
helps us increase the accuracy of motion prediction and mitigate some of the challenges
mentioned above. Although the motion prediction has been improved significantly by the
fusion of inertial observations in the motion model of our system, there is still room for
improvement. More specifically, we have observed that in a construction site workers do
not walk regularly, instead they often make big, small and irregular steps and they change
their speed and direction significantly depending on the task performed.

In this section we describe how we have modified our system to make use of the social
force model (SFM) [95, 110] in order to improve motion prediction and achieve higher
tracking accuracy in real-world and demanding scenarios. In the social force model the
interactions between people are described with social forces. These forces model different
aspects of motion behaviours, such as the motivation to reach a goal, the repulsive effect on
walls, etc. In other words the social force model assumes that the behaviour of human mo-
tion is affected by the motion of other people and also by obstacles from the environment.
Thus the SFM aims to describe and predict the behaviour of human motion with the intro-
duction of repulsive forces exerted on people by modelling the interactions between people
and the influence of the environment on human motion. Figure (4.5) shows the architecture
of the proposed system with the inclusion of social forces. In addition to the inertial obser-
vations we have now introduced the use of social forces in the target dynamics. The rest of

this section explains in more detail how we have augmented social forces to our system.

4.7.1 The Social Force Model

In the Social Force Model a person p; with mass m, aims to move with a certain desired
speed 7; in a desired direction ¢;. In our system the desired direction is taken from the

IMU measurements (i.e. heading) so that ¢; = 0 and the desired speed 7; is calculated as
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Figure 4.5: The proposed system architecture with the integration of social forces. We
utilise inertial measurements and social forces in the target dynamics. We use social forces
to account for the interactions between people and the effect of the environment on human
motion.

da¢/ At where d, is the step-length from the IMU and At the tracker’s cycle time. At each
time step the motion of people is described by the superposition of repulsive and physical

forces exerted from other people and the environment.

4.7.1.1 Repulsive Forces

Human motion is affected by environmental constraints (i.e. obstacles) and the motion of
other people. Thus in the presence of other people or obstacles a person might not be able
to maintain the current heading and speed. These disturbances are described by repulsive
forces which prevent a person from moving along the desired direction. More specifically,
the repulsive force F* is modelled as the sum of social forces [i% exerted by other people

or obstacles according to:
B Y e Y @
JjEP\{3i} jeo

where P = {;Uj};\[:’“1 is the set of all people (i.e tracks) and O = {oj}jy:"l is the set of all
environmental constraints (i.e. obstacles). The above social repulsive forces are described
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as:

Ti,j —%,j

SOC:aje( g )m,ﬂ()v@',j) (4.8)

)

where j € P U O and a;, b; denote the magnitude and range of the force respectively.
People and obstacles are assumed to be circular objects with certain radii, thus r; ; denotes
the sum of radii of entities 7 and j and d; ; is the Euclidean distance between their centers.
The term n; ; describes the direction of the force, (normalised vector ) pointing from entity
J to entity 7. Finally, the social forces are limited to the field of view of humans, therefore
the anisotropic factor (A, ¢; ;) is added to the model and is given by:

YN i) = A+ (1 - A)H#S(d)m)

where A denotes the strength of the anisotropic factor and cos(gzﬁi,j) = —n; ;- € is the cosine

4.9)

of the angle between the desired direction and the direction of the force.

4.7.1.2 Physical Forces

Environmental constraints (i.e. walls, obstructions, etc) define the walkable area by restrict-
ing human motion in certain locations. These hard constraints can be modelled as physical

forces exerted from the environment onto people and can be defined as follows:

FPe = pee (4.10a)
j€eO
P =cig(ri; — dij)ni; (4.10b)

where ¢; denotes the magnitude of the force and g(z) is defined as g(z) = x if + > 0 and 0
otherwise, making g(x) a contact force. We should note here that physical forces can also
be applied between people if desired (i.e. so that different people would not occupy the
same space). This can be done by adding an additional term in Eqn. (4.10a) to account for

forces between people as we did in Eqn. (4.7).

4.7.2 Social Forces for Motion Prediction

We are now in a position to describe how we model the target dynamics in our system to
make use of social forces and inertial measurements. More specifically, the total force F*
exerted on a particular person p; is the superposition of all repulsive and physical forces
given by:

Ff'=Fr + FZPhYS (4.11)
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We can now include F*' to our motion model (Eqn. (4.2)) by making use of Newton’s

dv;

dt

second law given by I = m,; <t so that Eqn. (4.2) becomes:

d 9 1 Ftot
Ty = T4 + By [ At COS( At)} 5

dus sin(an) | —— A+ wy (4.12)
As we can see from Eqn. (4.12) the predicted motion of a person is calculated by taking
account the previous position, inertial measurements (i.e. step-length and heading), and
the forces exerted to this person by other people and the environment. Equation (4.12) can
now be used in our tracking framework as the predictive distribution of the Kalman filter.

This predictive distribution is given by:

p($t|1’t—1, S;; P, Ot) = N(xt; 1/1(%—1, St,a P, Ot)u JdJZt—lJi + A) (4.13)

where S; = [dascos(0a;), dassin(fa;)]" is a vector that contains the step-length and head-
ing at time ¢, P, is the set of all people tracked and O is the set of all obstacles from the

environment. The function ¢ (z;_1, S}, P, O;) = x4—1 + B:S; + %P;: ' At? is the mean of the

predicted location, >3;_; is the covariance matrix of the estimate, A is the covariance matrix
of process noise and .J,, = 815—;) is the Jacobian of ¢ (-).

Finally, with the above motion model, in each time step in addition to the inertial mea-
surements we can now use repulsive and physical forces exerted on targets in order to
improve the predicted location estimates. We will show in the evaluation section that the
integration of social forces in our motion model allows us to make better motion predic-
tions and improve the accuracy of our tracking system. We should note here that the set of
all people P = {p; }jvz”l (i.e. the location of people) that is required in order to calculate
repulsive forces is already maintained and provided by our tracker and the only additional
piece of information needed is the set of environmental constraints O = {o; j-vgl. For this
it is necessary to build and maintain a map which contains the location of these constraints
(e.g. obstacles, inaccessible areas, walls, etc). We will show in the next chapter (Chapter
5) how these environmental constraints can be learned in real-time.

Figure (4.6) shows the application of social forces during the tracking of one person.
The red squares indicate the presence of obstacles (e.g. walls, equipment, etc.). At this
stage these obstacles have been manually set. However, we will show in Chapter 5 that
we can automatically learn this obstacles in real-time. When the target is not near any
of these obstacles in the scenario depicted in this figure social forces have no effect (i.e.
no forces from the environment affect the motion of the target). This is shown in Fig.
(4.6a). However, we can see from Fig. (4.6b) that in the presence of obstacles the forces

acting on the target push the target away from the obstacle, illustrated by the blue arrow,
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Figure 4.6: The figure shows the use of social forces as a person walks through the area.
Forces are exerted by the environment to the targets and affect their motion. Red squares
indicate obstacles, green squares indicate the obstacles which exert forces to the target
shown in the above figure. The total force is shown with a blue arrow. Purple dots show
the estimated trajectory.

in order to avoid collisions with the obstacles. The rest of the figures, Figs. (4.6¢)-(4.6f),
show with green rectangles which of the environmental constraints exert forces onto this
target at each time instance. The use of social forces allows us to achieve more accurate
motion prediction (e.g. by avoiding obstacles, going through walls, etc.) and the predicted
locations are more aligned with the actual observations which improves the final position

estimates.

4.8 Evaluation

In this section we will show through a real-world setup the performance of the proposed
system. In particular we will show how the fusion of camera, inertial and radio measure-
ments and their integration into the Rao-Blackwellized particle filter allows us to achieve

high accuracy with a relatively low cost system which uses only existing infrastructure and
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smart-phones. We will demonstrate that the proposed system outperforms existing tech-
niques and finally we will demonstrate its robustness in challenging conditions such as

occlusions, missing detections and sensor noise.

Figure 4.7: We have conducted real-world experiments in a construction site in order to
evaluate the performance of the proposed system. (a) The construction site on day 1, (b)
the construction site on day 36, (c) floor-plan of the site.

4.8.1 Experimental Setup

In order to evaluate the performance of the proposed approach we have conducted two real
world experiments in a construction site (Fig. (4.7)). In both experiments we placed two
cameras with non-overlapping FOV at approximately 8 meters above the ground facing
down. In the first experiment the two cameras were covering an area of approximately
I1m X 9m each and in the second experiment an area of 14m x 4m each. The duration of
each of the experiments was approximately 45 minutes with the cameras recording video
at 30fps with a resolution of 960 x 720 px. We should also mention here that each camera
was processed separately (i.e. we do not consider the multi-camera system scenario). The
area of the site was outfitted with 12 WiFi access points and 5 workers were supplied with
smartphone devices. The total number of people in the scene was varying from 3 to 12 as
workers were entering and exiting the field of view. The objective of the experiment was to
identify and track the workers who were carrying a smartphone device using camera, radio
and inertial measurements. The radio measurements were obtained by their smartphones
receiving WiFi at 1Hz and 10Hz respectively. The inertial measurements (i.e accelerometer
and magnetometer) obtained from their smartphones had a sampling rate of 100Hz.

To obtain the ground truth of people’s trajectories we followed the same approach as
in RAVEL. We supplied all people to be tracked with helmets of different colours and
their ground truth trajectories were obtained using a mean-shift tracker [98] to track the

coloured helmets. We have decided to use the procedure above for obtaining the ground
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truth trajectories since with GPS we could not get the required accuracy (i.e. GPS achieved
a room-level accuracy during our experiments at the construction site) for this specific task.

In our implementation we have used RGB images as input to the MoG foreground de-
tector, however we have not used any colour features for people identification and our filter
tracks only the position of targets. Any target detector which outputs target coordinates
can be used with the proposed technique without any changes to the algorithm. It is also
worth mentioning that the proposed system can also be extended to utilise visual features
(i.e. colour) for target identification, however these features are not always available and

therefore cannot be relied on to uniquely identify the workers.

4.8.2 Results
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Figure 4.8: The figure shows the error CDF over over all targets in a construction site at
two different days.

Accuracy at different sites:

The first set of experiments evaluates the tracking accuracy of our system (i.e. how well we
can identify and track people with smartphone devices among all people in the FOV). Our
performance metric in this experiment is the root mean square error (RMSE) between the
ground-truth and the estimated trajectory. In all the experiments shown here we have used
100 particles to estimate the filtering distribution. For this test we have divided our dataset
into time-windows of one minute (i.e. 1800 frames) each. Figure (4.8) shows the error
CDF over over all targets in a construction site at two different days (Fig. (4.8)). As we

can see from Fig. (4.8) the proposed techniques show similar results in the two tests. More
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specifically, we were able achieve a 70 percentile error approximately below 1 meter in
both tests. Furthermore, the proposed technique has a 90 percentile error of 1.4 meters and
1.6 meters for the first and second trial respectively. We would like to note here that these
results were achieved with just 6 (out of the 12) WiFi access points and with one monocular
stationary camera which makes the proposed system highly accurate and practical given its
low-cost. The effect of the number of WiFi access points on the performance of our system

will be discussed later in this section.

Comparison with competing techniques:
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Figure 4.9: The figure shows the error CDF of the proposed system in comparison with
vision-based and WiFi-based system. Our multi-modal multi-hypothesis tracking frame-
work outperforms existing techniques.

Next we wanted to see how the proposed system performs compared to existing techniques
which nowadays are widely used. For this reason we compare the proposed approach with
the state-of-the-art visual tracking and fingerprinting techniques. The competing visual
tracking technique is the original RBMCDA algorithm (referred to as vision-only tracker
in this section) which uses Rao-Blackwellized particle filtering taking account only vi-
sual observations for multi-target tracking. For the competing WiFi-based positioning we
have implemented the continuous space estimator of the Horus [22] fingerprinting system
(termed as Radio only) by taking into account the 12 WiFi access points in the construction
site environment. We should note here the the vision-only tracker does not support target
identification whereas the proposed method does.

Figure (4.9) shows the results that we have obtained on our two trials in the construction

site. More specifically, whereas our system achieves a 90 percentile error of about 1.4
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meters, the vision-only tracker has an equivalent error of 2.3 meters and the WiFi-only
system has a 90 percentile error of 3.1 meters. This is shown in in Fig. (4.9a).

In our second trial, (Fig. (4.9b)), the accuracy of the vision-only system decreased fur-
ther achieving a 90 percentile error of 2.5 meters whereas the WiFi-only system has an
equivalent error of about 2.9 meters. In this test the proposed approach performs signifi-
cantly better. The sources of error for the vision-only tracker are due to the missing camera
detections which lead to loss of tracking after just few iterations. The algorithm uses a
constant velocity Kalman filter for tracking human motion which fails easily when we have
missing camera detections and occlusions. Additional sources of error are due to associa-
tion ambiguities such as when people cross paths. On the other hand our approach does not
have the above problems as it uses a more accurate motion model and WiFi observations to
identify and localise the targets which improves the tracking accuracy. Finally, the fusion
of camera, inertial and WiFi observations used by our approach significantly outperforms
the fingerprinting method. In these tests we have used just 6 WiFi access points for the

proposed approach whereas the WiFi only method uses all 12.
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Figure 4.10: The figure shows the accuracy of our Rao-Blackwellized multi-fusion tracker
compared to RAVEL for the two trials.

The next step is to compare the proposed technique with the RAVEL system which is also
a multiple hypothesis tracking and identification system. RAVEL exploits the smoothness
of motion and radio signal strength data in order to track and identify targets. Unlike
our technique proposed in this chapter, RAVEL is more of a reconstruction technique (i.e.
performs off-line tracking) as it requires to observe all measurements over a time window
(W) 1n order to provide the trajectories of each target. We have tested RAVEL using time
windows of sizes 10, 30 and 60 seconds in our construction site trials and we have compared
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it with the proposed online system. We should note here that both systems use the same

foreground detection technique and radio model with the same settings.
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Figure 4.11: (a) The figure shows the RMSE between the proposed technique and the
vision-only tracking for different amounts of occlusion. The use of inertial measurements
by the proposed technique improves tracking significantly in noisy scenarios. (b) Illustra-
tive example showing the difference between vision-only tracking (red line) and the pro-
posed approach (blue line) in the presence of occlusions (grey area). In cases of prolonged
missing camera detections (green squares) the constant velocity model of the vision-only
tracker is not sufficient enough to maintain tracking. On the other hand the proposed tech-
nique with the aid of inertial measurements is capable of closely following the target despite
the presence of long-term occlusions.

In Fig. (4.10) RAVEL(10s), RAVEL(30s) and RAVEL(60s) shows the accuracy of RAVEL
for window sizes of 10, 30 and 60 seconds respectively. Proposed denotes the proposed
system of this chapter which uses inertial measurements in addition to the camera and radio
observations that RAVEL uses.

In the first trial shown in Fig. (4.10a) the average error of RAVEL decreases from 1.5m
to 0.7m as we increase the window size. This is reasonable since it acquires more informa-
tion over time and it can use this information to solve visual and motion ambiguities. On
the other hand the proposed system is slightly less accurate from RAVEL(60s) however, it
operates in real-time. In our second trial, shown in Fig. (4.10b), the proposed technique
outperforms RAVEL(60s). The reason behind this is because the workers in this trial walk
slower or they do not walk at all (i.e. they perform a task in place) which makes them in-
visible to the foreground detector (i.e. they cannot be detected as moving objects and they
become part of the background). In these cases the motion model that RAVEL utilises is
not efficient enough since it relies heavily on camera observations. In contrast the proposed
technique does not have this problem as it used other sources of information (i.e. inertial)

for motion prediction.
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Robustness:

This set of experiments aims to demonstrate the robustness of the proposed technique. First
we wanted to see how our technique performs on difficult trajectories (i.e. various amounts
of occlusions and missing detections). In order to simulate occlusions we remove a specific
area of the field of view (FOV) by disabling the camera detections inside that area.

More specifically, we generated occlusions at random locations that occupy a rectangular
area of specific size inside the FOV. Then we evaluated the accuracy of the proposed ap-
proach compared to the vision-only tracker on 50 trajectories of variable length generated
from our ground truth data. Fig. (4.11a) shows the RMSE over all trajectories between
the proposed system and the vision-only tracker for different configurations of occlusions
(i.e. shown as the percentage of occluded FOV). For each configuration we run the test 10
times; each time the occlusion was positioned to a different location.

The two methods achieve a comparable performance when there are no occlusions.
However, the proposed approach significantly outperforms the vision-only tracking in sce-
narios with long-term occlusions and large amounts of missing detections. In the presence
of long-term occlusions the constant velocity/acceleration motion model utilized by most
visual tracking techniques fails and cannot be used to reliably model the inherently complex
human motion. On the other hand Fig. (4.11a) shows that the use of inertial measurements
by the proposed technique provides a more accurate model of human motion. An illustra-

tive example is shown in Fig. (4.11b).
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Figure 4.12: The RMSE of the proposed technique under different amounts of injected
heading error.
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Additionally in order to study how our approach can cope with variable noise from the
inertial sensors we followed a similar procedure as in the previous paragraph and we gener-
ated 50 trajectories from our ground truth data. At each time-step and for each trajectory we
inject a random bias error to the heading estimator. More specifically we sample a heading
error uniformly from a specific range of the form [a..b] degrees and we add it to the output
of the heading estimator. By doing this we can get an idea of how our approach performs
in environments with disturbed magnetic fields. Fig. (4.12) illustrates the results of this
experiment for different amounts of injected noise. As we can see the proposed technique
can cope with moderate amounts of inertial noise; achieving a sub-meter accuracy for bias
up to 30 degrees.

Moreover, we wanted to see how the number of people not being tracked in the scene
affects the performance of our system and in addition what is the impact of visual noise
on the tracking accuracy. In order to study this, we used 10 minutes worth of data (i.e.
18000 frames) from our construction site dataset. For each frame in this dataset we have
superimposed visual objects from future timestamps in order to increase the visual noise
and the number of people in the scene.

3-4 5-8 9-12 13-15
Visual noise/frame (number of objects)

() (d)

Figure 4.13: The RMSE of the proposed technique under different amounts of visual noise.
(a) Camera snapshot without visual noise where we track the people in red rectangles. (b)
Visual noise is injected in the scene (i.e. objects in blue rectangles). (c) Additional visual
noise is injected in the scene. (d) The impact of visual noise on the performance of the
proposed approach.

90



We have split the dataset in windows of 1 minute each (i.e. 1800 frames) and we recorded
the RMS error for different number of visual objects as shown in Fig. (4.13). It is worth
noting that the number of people that we track includes only the people which carry mobile
devices (i.e. 5 people). As we can see from Fig. (4.13) as we increase the number of visual
objects in the scene the accuracy drops. More specifically when we have relatively small
number of objects in the scene (i.e. 3-4 per frame) the error is approximately 0.7 meters
and increases to approximately 1.9 meters when the number of objects increases to 13-15
per frame. The reason behind this is due to the fact that the WiFi cannot distinguish close-
spaced targets and despite the use of IMU data for motion prediction a track can incorrectly
be updated with the wrong visual observation (i.e. visual noise). A possible solution to this
problem, is to consider the evolution of the WiFi signal over multiple frames as opposed to
the on-line filtering approach that we have currently implemented, this however precludes
the used of on-line tracking. Additionally multiple overlapping cameras can also help but
this will increase the system’s cost and complexity. It is also worth noting that since our
method only tracks the people with mobile devices the injected visual-noise (i.e. people
not being tracked) does not affect the time complexity of our method. In these scenarios
we only observe a slight processing overheat during the data association step since now
we have more visual measurements to process (i.e. decide to which track to assign each

measurement).
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Figure 4.14: The figure shows the impact of the number of access points on the accuracy
of our system.

Next, we investigate the impact of the number of WiFi access points on the accuracy.

Figure (4.14) shows that as we increase the number of access points the error decreases
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until it reaches a plateau at about 6 access points. As we can see from the figure, 1 to 3
WiFi access points are not enough in order to achieve sub-meter accuracy. This is because
we do not have sufficient radio information to distinguish the different targets. In other
words we cannot make reliable assignments between the id-linked (camera and inertial)
measurements with the anonymous camera detections. The accuracy increases significantly
with 4-5 access points reaching sub-meter level accuracy.

One of the requirements of this thesis is to design cost-effective positioning systems that
rely on the existing infrastructure. However, the amount of existing infrastructure found in
todays buildings varies depending on factors like location, building type, country, etc. Fig-
ure (4.14) provides us with useful insights on the performance of the proposed approach
with respect to the existing infrastructure. We believe that the requirement for 4-5 WiFi
access points in order to achieve sub-meter accuracy is reasonable for the building types
we target in this thesis (i.e. airports, shopping malls, museums, large construction sites).
Unfortunately, in environments with less infrastructure (i.e. 1-2 WiFi APs) we will not be
able to achieve sub-meter accuracy with the proposed system. This is a tradeoff between

accuracy and available infrastructure.

Impact of Social Forces:
The set of experiments shown in Fig. (4.15) aims to investigate the impact of social forces
on the performance of our system. For this experiment we are using our extended system
architecture as shown in Fig. (4.5) which includes the SFM module and uses the improved
motion model given by Eqn. (4.12). With this system we can now take into account the
interactions between people and the influence of the environment on human motion. Ac-
curate human motion prediction is required in our system mainly due to the missing and
noisy camera and inertial measurements.
Our intuition is that the addition of social forces will improve the motion prediction; thus
increasing the overall tracking accuracy. Social forces essentially help us avoid predictions
through obstacles (i.e. walls) and also help us model the interactions between people. In
these tests we assume that people have a mass of 70Kg and a radius of 0.2m. The rest of
SFM parameters are as follows a; = 50N, b; = 0.5m, A = 0.5 and ¢; = 250N/m. Figure
(4.15a) shows the impact of social forces on the accuracy of our system for our two trials.
As we can see the social forces improve the overall accuracy by approximately 20% on
both trials.

The reason behind these improvements is due to the more accurate motion prediction,

which more realistically models human behaviour. A second reason for these improve-
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Figure 4.15: (a) Impact of Social Forces on the performance of our system. (b) Tuning the
parameters of the social force model. The graph shows the impact of the force magnitude
(¢;) from Eq. (4.10a) on the accuracy of the system.

ments is that now the predicted locations are more closely aligned with the actual observa-
tions, which improves the final position estimates.

Finally, we should note that correctly selecting the parameters of the social force model
is very important if we would like the SFM to be beneficial and improve tracking accuracy.
Figure. (4.15b) shows the impact of the force magnitude parameter (c;) from Eq. (4.10a)
on the accuracy of the system in the case where an obstacle blocks the trajectory of a per-
son. More specifically, the graph shows that when ¢; = 0 N/m the social forces have no
effect on the human motion, as a result the predicted position goes through the obstacle
which results in an error of about 0.6 meters from the correct location. As we increase the
force magnitude social forces exerted onto this person which are opposite to his/her motion
direction prevent them from going through the obstacle. This results in an improved posi-
tion estimate as shown in the figure for ¢; = 250 N/m. However, when the force magnitude
is too large i.e. 450 N/m the repulsive forces push the person too far away from the correct
location which results in errors as shown in (4.15b). We have found experimentally that the
SFM works best if it is tuned so that it would point towards the right direction but without
causing significant repulsion. This strategy allows us to have improved location predictions

that align better with the actual observations.

Profile analysis:

Finally, we have performed a timing analysis of the proposed system in order to determine
if it is capable of real-time operation. We should note here that all tests were performed on
a mobile Intel CPU i.e. Intel Core M 5Y51 clocked at 1.10GHz with 4MB of cache. Our
system had 8 GB of DDR3 RAM clocked at 1600 MHz.
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Figure 4.16: Computational time with respect to the number of particles and number of
targets

All the analysis shown in this section concern our unoptimised Matlab implementation.

Before going through the tests we would like to remind here that in our Rao-Blackwellized

particle filter each particle tracks all targets thus each particle maintains & Kalman filters,
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where £ is the number of targets. In other words at each time step each particle encodes
a different realisation of the whole system which coexists with the others and progresses
parallel in time.

The first set of experiments shows the computational time of the proposed system with
respect to the number of particles and the number of targets. More specifically, Fig. (4.16)
shows the computational time of the proposed system over a period of 2500 steps with
respect to the number of particles and the number of targets. We should note here that the
number of targets shown in this figure is estimated based on the particle with the highest
weight, i.e. it is not necessary that all particles contain the same number of targets, still
however this provides us with an estimate for the number of targets with high probability.
As we can see from Figs. (4.16a)-(4.16f) the computational time spikes whenever the num-
ber of targets increases in all six plots. This is reasonable since the size of each particle
increases, with the addition of Kalman filters in order to track the new targets. In addition,
we observe that the computational time it takes for one iteration also increases as the num-
ber of particles increases. This is because the number of particles represents the number
of copies of our system which coexist at the same time, which makes each iteration of the

system computationally more expensive.

Profile Analysis
Number of Particles | Min time (s) | Max time (s) | Avg time/iteration (s)
10 1.37E-04 4.88 0.13
30 2.94E-04 12.79 0.33
50 4.24E-04 18.82 0.52
70 6.06E-04 33.03 0.76
100 8.43E-04 33.33 0.93
130 0.0011 56.48 1.41
150 0.0012 48.10 1.44
200 0.0016 79.91 1.74
250 0.0019 91.38 2.12
300 0.0020 183.03 2.84

Table 4.1: Profile analysis of the proposed system. The table shows the computational
time with respect to the number of particles over a period of 2500 steps. The first column
indicates the fastest iteration over this period, the second column indicates the slowest
iteration over this period and the last column shows the average time per iteration over the
2500 steps.
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Table (4.1) shows in a more compact way the timing results of this experiment. As the num-
ber of particles increases the average time per iteration increases. More importantly, we can
see that the slowest iteration can take 4.88 seconds to complete for the case of 10 particles
whereas in the case of 300 particles this number becomes as high as 183.03 seconds. This
behaviour is due to the large number of targets that need to be tracked during those itera-
tions (also shown in Fig. (4.16)). These numbers have been obtained on a low-frequency,
ultra-low-voltage mobile processor with our unoptimised Matlab implementation. In prin-
ciple, the proposed algorithm is highly parallelizable as we can compute each particle in
parallel. Each particle provides a complete realization of the system and tracks all targets
thus the particles are independent of each other and the computation can take place on a
different core/thread. This would reduce the computational time significantly and with the
appropriate system can achieve real-time operation. If we exclude the maximum iteration

time, we can see that we can run the system as is for 100 particles faster than 1Hz.
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Figure 4.17: The figure shows the impact of the number of targets and the number of
particles on the time it takes for our algorithm to complete one iteration.

Figure (4.17) shows more clearly the average time it takes for one iteration to be com-
pleted with respect to the number of targets and the particles used. For instance, when we
use 300 particles, each time the system tracks 12 targets it requires on average approxi-
mately 51 seconds to process the data. We can observe an increase in the computational
time with respect to the number of targets and the number of particles. This however is
an expected outcome that often appears in multi-target particle-based systems. A parallel
implementation of this system can help us to reduce the processing time and achieve real-
time operation in all circumstances, although the current implementation allows for a near

real-time operation for a moderate number of particles and targets.
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Figure 4.18: The figure shows the increase in processing time of the proposed technique as
the number of target increases.

Figure (4.18) provides more insight on the computational complexity of the proposed
technique and how this method scales as number of targets and number of particle in-
creases. As we can see from this figure the processing time for one iteration increases
significantly as the number of targets to be tracked increases. This trend is more clear
when the number of target increases from 9 to 11. Because, in the proposed system each
particle tracks all targets multiple copies of the same target co-exist in time and this in-
creases the computational complexity of this approach. In essence, when we need to track
X targets with N particles our approach creates X x N Kalman filters which run the time
update and measurement correction equations. This increases the computational time for
one complete iteration as shown in the graph. One additional reason for this increase in the
time complexity is due to the larger number of data associations that arise as the number
of targets increases. In other words as the number of targets increases the number of asso-
ciations that we need to enumerate increases. This adds an additional overheat as in each
time-step we need to enumerate all association events and create the proposal distribution
from which we sample association probabilities. As we have already mentioned a parallel
implementation of the proposed technique in which each particle is executed on a different

cpu/thread will make things more manageable. However, reducing the computational com-
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plexity of particle filter methods is an open research problem. In this study we have used
Rao-Blackwellized particle filters which allows us to perform some parts of the computa-
tion analytically and others by sampling. This is the state-of-the-art particle filter method

in terms of computational efficiency.
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Figure 4.19: The figure shows the impact of the number of particles on the accuracy and
the timing requirements of the proposed system.

Finally, we examine the impact of the number of particles on the accuracy of the sys-
tem. In order to do that we have tested the proposed system over the same 2500 iterations
and we measured the accuracy with respect to the number of particles. In addition we mea-
sure the average time per iteration with respect to the number of particles. Our findings
are presented in Fig. (4.19). As expected the number of particles improves the accuracy
whereas at the same time increases the computational time. It is however interesting to see
that we can achieve a sub-meter accuracy with just 50 particles. Moreover, the effect of
the number of particles reaches a plateau at approximately 150 particles. We should note
here that on a different dataset and/or problem the number of particles that are required
for optimal performance might be different. However, from the real-world experiments
we have conducted, our intuition says that the proposed system can reach near optimum

performance with approximately 100-150 particles in other tracking scenarios as well.

4.9 Discussion

In this chapter we proposed a multi-modal positioning system for multiple-target tracking.

We showed that it is possible to adapt Rao-Blackwellized particle filters - traditionally
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used to discern tracks using anonymous measurements - in order to both identify and track
people being monitored by CCTV and holding mobile devices. Additionally, we showed
that the use of social forces is highly beneficial and improves the tracking accuracy. We
have further investigated the feasibility of real-time operation through a profile analysis of
the proposed system. According to the timing analysis performed, the system is capable
of real-time tracking without requiring heavyweight modifications for a moderate number
of targets and particles. Our experiments showed that our online approach achieves similar
positioning accuracy to the existing offline RAVEL approach. We also showed that the
proposed technique is robust in scenarios with visual and inertial noise. Lastly, with the
integration of social forces we improved the accuracy by 10-20%.

In the next chapter we extend further our system with learning capabilities. More
specifically we are interested in robust and accurate tracking in challenging conditions and
environments. For this reason we have developed cross-modality training techniques to
automatically learn the internal parameters of our system and make it adaptive to changing

conditions.
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Chapter 5

Cross-modality Learning

5.1 Introduction

In the previous chapter we proposed a novel multi-modal multi-target tracking framework
for applications that require real-time tracking and high accuracy. Moreover, we have
shown how to improve human motion prediction with the fusion of inertial measurements
and social forces into the target dynamical model. Additionally, the proposed system is
capable of maintaining tracking under long term occlusions and it is robust to inertial noise
(i.e. heading bias).

However, during our experiments in the construction sites we have observed some addi-
tional challenges which make the problem of tracking in these kinds of environments even
more interesting. More specifically, tracking workers in a construction site and in similar
industrial settings is much more challenging compared to other environments (e.g. muse-
ums, parks, etc.) mainly due to the many moving parts and the fast large-scale changes that
occur in these complex environments. For instance, in most environments, the positions of
walls and floors remain constant over time. In construction sites however this is not true.
For example, Fig. (5.1) shows the effect of a wall being installed in the middle of one of
our tracking experiments. The received signal strength of a worker’s smartphone from one
of the access points dropped considerably after the installation of the wall, in a matter of
minutes. In addition to these short changes, during our experiments we observed signif-
icant long term changes within periods of a few weeks, the scene changed dramatically,
staircases or entire floors were added, obfuscating the view to the first floors and creating
additional layers where people needed to be tracked. Moreover, the radio and magnetic
maps proved unstable with the movement of large structures.

Existing positioning systems have been designed to operate within environments that
exhibit long-term stable macro-structure with potential small-scale dynamics. They lever-

age this environmental stability to provide accurate location services. In contrast, in highly
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Figure 5.1: The WiFi signal strength received by the worker in circle is affected by the
installation of a new wall (a) Before the installation there are direct WiFi signals from the
access point (shown as triangle) to the worker, (b) The worker is blocked by the new wall,
which affects the propagation properties of the WiFi signals as shown in the graph above.

dynamic environments these assumptions are not valid. Currently, there is no system that
can provide reliable and accurate tracking in such environments.

In this chapter we propose a cross-modality learning framework which extends our
system with learning capabilities and makes it suitable for highly dynamic industrial envi-

ronments.

5.2 What to learn

To make our system adaptive and robust in challenging and dynamic environments we have
looked further into the real-world problems to identify the major improvements needed in
order to build such a system. During our trials in construction sites we have identified the
following sub-systems in our proposed technique that need to be extended with learning

capabilities:

e Radio model: As shown in Fig. (5.1) the changing environment in a construction
site greatly affects the propagation properties of radio signals precluding the use of
systems which rely on stable, long-term maps or use pre-trained radio models for
positioning. Because of this we need to be able to learn the parameters of the radio

propagation model in our system so that it can be used reliably in all conditions.

101



e Visual detection: One of the most important components of our system is the fore-
ground detector which we use to detect the moving people in the scene. Without
reliable object detection all tracking systems fail miserably, ours as well. We looked
further into our foreground detector implementation and we have identified which
parameters play significant role on the object detection rate. It turns out that the
learning rate of the Mixture of Gaussians background subtraction technique is re-
sponsible for how well the algorithm learns to distinguish the foreground pixels from
the background i.e. segmenting out the moving targets from the background. This
parameter requires careful and labor intensive tuning in order to acquire its optimal
value. Thus we need to make our system be able to learn the MoG learning rate

automatically without relying on manual and time consuming tuning.

e Step-length: Human motion modelling and prediction is an essential component
of modern tracking systems. Our system uses inertial observations for the target
dynamics in order to achieve better motion modelling. This however depends on
how well we use our data. To be more specific we calculate the step-length of people
using a pre-trained empirical model. This model combines the user’s step frequency
and height with a set of three parameters for estimating the step-length. In our initial
implementation we use a pre-trained universal model (i.e. same parameters for all
users). We will show however in this chapter how we have extended our system
in order to learn automatically a personal step-length model for each person and

improve the motion prediction and accuracy.

e Maps: Finally, we have extended our approach to learn occlusion maps i.e. maps
that show inaccessible areas, obstacles and obstructions. These maps model the en-
vironmental constraints and can be used dynamically by our system to aid tracking

via the use of social forces.

5.3 System Architecture

Figure (5.2) shows the complete architecture of our system with the addition of the cross-
modality technique which we are going to discuss next in this chapter. At each time step
the final system receives as input camera, radio and inertial observations of all people to
be tracked (i.e. people with smart-phone devices). It has three pre-processing modules:
a) a foreground detector, b) radio model and c) an inertial tracker which it can be further

decomposed into a step detector, step-length estimator and heading estimator. The social
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Figure 5.2: The figure shows the proposed system architecture after the inclusion of cross-
modality learning. We use the output of our tracker to learn different parameters of our
system’s components.

forces module is responsible for modelling the interactions between people and the influ-
ence of the environment on human motion. Next, the Positioning and Identification filter
which we have described in Chapter 4 in detail obtains all input data and performs the core
process of tracking. The new addition in this revised architecture is the Adaptive Learner
module. This module uses the output of the filter as shown in Fig.(5.2), in combination with
the input observations, and performs cross-modality training. More specifically it performs

the following tasks:

e [t configures the foreground detectors’ internal parameters by taking into account

available motion measurements.

o It tunes the step-length estimation method by leveraging reliable camera measure-

ments.

e Finally, it exploits camera measurements to learn the radio model, occlusion and

magnetic maps which can be used to further improve the systems’ accuracy.
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5.4 Track Quality Estimation

As we have briefly mentioned the output (i.e. track) of our Positioning and Identification
filter can in certain cases be used to learn the parameters of various internal components of
our system. To motivate this we first consider the case of a single target moving inside the
field of view. If we assume that the visual detector has 100% detection rate we can obtain
the track of this target by simply taking the camera detections without even requiring the

use of a tracker (e.g. Kalman filter, particle filter, etc.).
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Figure 5.3: The figure illustrates the idea of cross-modality training. The output track of
our system can be used in combination with the input observations to learn the internal
parameters of our system. (a) In order to use cross-modality training we need to assess the
quality of the output track i.e. how close to the ground truth this track is, (b) the output
track cannot be used for cross-modality training if it diverges significantly from the ground
truth.

Under this assumption the “estimated” trajectory which we have obtained by looking
at the visual detector is an exact copy of the ground truth trajectory (assuming the camera
system provides accurate positioning). Now, since we have the track of this target we can
use it to train other parameters of our system. We should note here that the track of a target
has the radio and inertial measurements linked to it which are specific for this target. This
is however an ideal scenario since the visual detector is not 100% accurate. In addition in
the real-world we have sensor noise, occlusions and multiple targets which makes things
harder. The idea however remains the same that in certain situations the output track can be
used to learn other parameters of the system which we call cross-modality training. What

remains is to find a way to assess the quality of a track i.e. how close the output track is to
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the ground truth without requiring the knowledge of actual ground truth trajectories (Fig,
(5.3) illustrates this idea).
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Figure 5.4: Track quality estimation: The figure shows the quality score of 16 tracks along
with their RMSE. Tracks with quality score above the horizontal dotted line are considered
qualifying and can be used for cross-modality training

Our objective is to assess the quality of output tracks to make sure that they qualify for the
training process. Thus, the goal of the Track Quality Estimation phase is to find candidate
tracks which can be used for cross-modality training.

Let us assume that at time-step (or scan) ¢ we receive m measurements {y;, y2, ...,y }.
In addition ¢! is defined for each time-step to be a dummy variable indicating the possibility
of a missed detection. Then the incremental quality score of a track j during this time-step
is defined as:
log (%) yif3ie[lm]sth =3
log (1 — pg) , otherwise

ALl =

where the quantity p(y:|\; = j) is the likelihood of the measurement assigned to track
j. The term p(yi|\; = 0) = p(clutter) is the likelihood of the measurement originating
from clutter which has a uniform probability density over the measurement space of area S
(i.e. p(clutter) = S~1) and finally p, is the probability of detection. Then, the cumulative

quality score of track j is given by:

T
Qi => AL (5.1)
t=1

105



where T is the total length of the track. As we can see the quality score () of a track penal-
izes the non-assignments due to missing detections while favoring the correct measurement-
to-track associations. Fig. (5.4) shows that the quality score is negatively correlated with
the root mean square error. Finally, in order to mark a track as a high confidence track
that qualifies for cross-modal training its quality score is tested against a pre-determined
threshold Q. If Q; > Qr, then the track is qualified (i.e. high quality track) and it can be

used for cross-modality training, otherwise the track is rejected (Fig. (5.4)).

5.5 Foreground Detector Training

The mixture of Gaussians (MoG) [91] foreground detection which is used by our system is
one of the most popular approaches for detecting moving targets from a static camera. This
approach maintains a statistical representation of the background and can handle multi-
modal background models and slow varying illumination changes.

In the original algorithm the history of each pixel is modeled by a mixture of K (typ-
ically 3-5) Gaussian distributions with parameters (0, px, oxI) for the mixture weight,
mean and covariance matrix of the ky, Gaussian component. In order to find the pixels
that belong to the background, the Gaussian distributions are ordered in decreasing order
according to the ratio (fx/0y); background pixels exhibit higher weights and lower vari-
ances than the foreground moving pixels. The background model is obtained as B* =
arg minp (Zle Br > Pb> where P} is the prior probability of the background. The re-
maining ' — B* distributions represent the foreground model.

On the arrival of a new frame each pixel is tested against the Gaussian mixture model
and if a match is found the pixel is classified as a background or foreground depending on
which Gaussian component it was matched with. If no match is found the pixel is classified
as a foreground and it is added to the mixture model by evicting the component with the
lowest weight. When a pixel is matched, the weight of that k;;, Gaussian component is
updated using an exponential weighting scheme with learning rate v as f;,1 = (1 — )8 +
a, and the weights of all other components are changed to ;.1 = (1 — «)f;. A similar
procedure is used to update the mean and covariance of each component in the mixture.
The learning rate (<) controls the adaptation rate of the algorithm to changes (i.e. illumi-
nation changes, speed of incorporating static targets into the background) and is the most
critical parameter of the algorithm. Fast learning rates will give greater weight to recent
changes and make the algorithm more responsive to sudden changes. However, this can
cause the MoG model to become quickly dominated by a single component which af-

fects the algorithm’s stability. On the other hand slow learning rates will cause a slower
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adaptation change which often results in pixel misclassification. Over the years many im-
provements have been suggested by the research community that allow for automatic ini-
tialization and better maintenance of the MoG parameters [111]. More recent techniques
[112, 113] address challenges like sudden illumination variations, shadow detection and

removal, automatic parameter selection, better execution time, etc .
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Figure 5.5: The figure shows the cumulative quality score (CQS) over a period of time as a
function of the foreground detector learning rate (o). The optimum learning rate according
to RMSE maximises CQS; we can use this metric to train the foreground detector.

In this section we propose a novel method for obtaining the optimum learning rate o*
of the foreground detector using the high-quality (i.e. pseudo ground-truth) tracks of our
filter. Suppose we are given a track X7, = {z7, 2}, ..., 2J.} of length T where z], ¢ € [1..T]
denotes the state of the track at time ¢. Since, both camera and inertial measurements could
have been used to estimate track X f:T then its states x‘z, t € [1..T] are of two types: type (a)
states that have been estimated using camera and inertial measurements and type (b) states
that have been estimated only using inertial measurements. A high-quality track ensures
that X { . contains the right mixture of type (a) and type (b) states and thus does not deviate
significantly from the ground truth trajectory. This is possible, since propagating a track
by only using inertial measurements is accurate enough for short periods of time. This
key property of the inertial measurements allows us to use a high quality track as if it was
the ground truth trajectory to train the learning rate of the foreground detector. In other
words the type (b) states of a high quality track tells us that the target is moving to specific
locations and the foreground detector does not detect any target at those locations.

The quality score of tracks (Eqn. (5.1)) can be used to find the optimum learning rate

by solving the following optimization problem: Given a time window T find a learning
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rate o so that the cumulative quality score (CQS) > ; Q); of all high quality tracks j € T
is maximized.

Figure (5.5) shows how our approach can find the optimum learning rate («*) of the
foreground detector by solving the optimisation problem discussed in this Section. In this
example we used 5 minutes of data, running the foreground detector for different values of
(o) and calculating the cumulative quality score (CQS) for that period. Our intuition is that
the optimum learning rate will reduce the number of missing detections, thus increasing
the number of high quality tracks as well as their quality score. This is shown in Fig. (5.5)
where the optimum learning rates achieve a high CQS, also evident by the low RMSE.

5.6 Optimizing the Step Length Estimation

Similar to the foreground detector training procedure, high quality tracks can also be used
to learn the step-length model of each person being tracked. More specifically, the step-

length of a user can be obtained from the universal model proposed in [114] as:

s =h(d fstep + ')+ (5.2)

where s is the estimated step-length, & denotes the user’s height, fg., is the step fre-
quency obtained from the device’s accelerometer and (a’, ¥, ¢’) are the model parameters.
The model above describes a linear relationship between step-length and step frequency
weighted by the user’s height.

Since the heights of people that we need to track are not known a priori every time a new
track is initialized that contains a sensor ID which has not been recorded before, the step-
length estimator uses Eqn. (5.2) to provide an initial estimate of the target’s step-length.
At this point the height value is set to the country’s average for men of ages between 25
and 34 years old. The parameters (a’, ¥, ¢) have been pre-computed with a training set of
8 people of known heights using foot mounted IMUs.

As the tracking process proceeds high quality tracks are obtained periodically for each
target. From these tracks the following IMU data are extracted for each step: a) step fre-
quency, b) step start-time and c) step end-time. The start/end times of each step obtained
from the IMU data are then matched to camera detections in order to obtain the posi-
tion of the target during those times which are essentially the step-lengths measured from
the camera system. Thus, for each target we obtain a collection of n calibration points

{SV', fliep}ie) where Sv* is the visual step-length of the iy, step and f!,,, its frequency

tep
obtained from the IMU. The calibration set of each target is then used to train a personal

step-length model of the form Sv = g fep + 0o using the least squares fitting. Finally, the
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step-length estimator can switch to the trained model once the least squares goodness of fit

R2 —1— residual sum squares
- total sum squares

) exceeds a pre-defined threshold.

5.7 Radio Model

High quality tracks are also being used in order to learn the parameters of the radio propa-
gation model which our system uses as explained in Section 4.6.1. More specifically, from
a high quality track X f:T = {2, 2}, ..., xJT} of length 7', the type (a) states are extracted.
Let us call a type (a) state i‘{ ; this state has been estimated using camera, radio and inertial
measurements. Thus a collection of type (a) states S = {:ifi :j € K,t € T}, of length n
where K is the total number of people with smartphones and 7 is the running time of our
filter, contains n pairs of (location, RSS) measurements. Now, this collection of (location,
RSS) points can be used to estimate the parameters of the log-normal radio propagation
model [65] given by Eqn. (4.5) for each access point using least squares fitting. At regular
intervals we re-estimate the radio model parameters based on the most recent portion of
collected data. We should note here that the parameters of the radio model are initialised

empirically based on a number of studies for different environments [65].

5.8 Learning Maps

Additionally, we can follow a similar procedure to learn radio, magnetic and occlusion
maps (Fig. (5.6)). The radio and the magnetic maps can be combined and used for lo-
calisation in situations where the camera is occluded by an obstacle or they can be used
in conjunction with the radio model to improve the system’s accuracy. Additionally, the
occlusion map, which is derived from the camera detections provides statistics about the
environment (i.e. frequent visited areas, inaccessible areas, etc) which our system can use
to improve its performance. For instance, suppose that a particular person is not detected
by the camera during some time and our filter reverts to IMU tracking; the occlusion map
can help us filter out impossible trajectories.

In order to learn the occlusion map we use the following procedure: We first discretize
the world plane creating a 2D grid. During a time-window we then project the camera
detections into the world plane and we count the number of hits in each cell creating a 2D
histogram. The normalised histogram is then thresholded and the cells that are found to be
below a predefined threshold are marked as occlusions/obstacles; this is shown in Fig. (5.7).
The set of occlusions found O = {0, }jv:ol are also used to model repulsive forces exerted

from the environment onto people.
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Figure 5.6: Radio and magnetic maps of the construction site: (a) WiFi map learned during
the first day of the experiment showing the RSS with respect to one access-point (circle
denotes the position of the AP), (b) WiFi map learned 36 days later for the same AP which
was moved from its initial location because the ground floor had to been built, (c) magnetic
map on day 1, (d) magnetic map on day 36. The environment constantly changes which
makes the task of localisation and tracking very challenging.

5.9 System Evaluation

5.9.1 Experimental Setup

In order to evaluate the performance of our cross-modality technique we used the same
setup and dataset we have described in Chapter 4. Specifically, we split the dataset into
training and test sets. Each training set contains 20 minutes worth of data and the tests are
10 minutes long each. In total we have generated 5 training sets and 5 test sets for this
evaluation. We first use the training set to learn the parameters of our system using cross-
modality training and then we evaluate the performance of the learned parameters using the
test sets.

We should also mention that the ground truth trajectories were obtained with the help
of a mean-shift tracker [98] by tracking the colour helmets of the workers. In many cases
however we had to intervene with manual labelling since the above technique is not 100%

accurate.
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Figure 5.7: The figure shows the occlusion maps learned during a period of 10 minutes for
each map. (a) Areas that appear to have no human activity are marked as occlusions, (b) As
the construction site evolves new occlusions are created. In this case the installation of a
new wall creates a new occlusion. These changes are detected automatically by our system
and are used to improve the tracking accuracy via the use of social forces.

In addition, colour features where used only during the foreground detection phase and
we are not using any colour or other visual features in our tracking filter. The proposed
Positioning and Identification filter (Fig. (5.2)) maintains only the x-y position coordinates

of a particular target; it can however be extended to use colour features as well.

5.9.2 Results

Accuracy:

Figure (5.8) shows the accuracy of the proposed system after applying cross-modality train-
ing. The results where obtained by running our filter on the test sets for time-windows of
one minute (i.e. 1800 frames) for the two trials. Figure (5.8a) and (5.8b) show the effect of

the foreground detector training on the tracking accuracy as function of RMSE in meters.
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In the first trial the foreground detector training reduces the 70 percentile error of our sys-
tem from 1m to about 0.7 meters and the 90 percentile error drops to approximately 1.2m.
For our second trial the 90 percentile error after the foreground detection training improves
by approximately 26% and the 70 percentile error drops to 0.8 meters. This increase in the
tracking accuracy is due to the better background/foreground modelling which we achieve
after tuning the foreground detector learning rate parameter. This allows the foreground
detection module to give better object detection rate which in turn improves the overall
tracking accuracy of our system.

Next in Figs. (5.8c) and (5.8d) we observe the accuracy results once we have trained
the radio model as well. Figure (5.8c) shows that the 90 percentile error drops from 1.26m
to just below 1m. The same is true for the second trial where we achieve sub-meter accu-
racy. As we can see the error decreases significantly once both the foreground detector and
the radio model are learned. This is expected since our system requires both camera and
radio measurements in order to determine the correct measurement to track association and
update the target states. In the case of excessive missing camera detections, the trajectory
of a target is estimated only by inertial measurements which is the main cause of the low
accuracy. On the other hand, if the radio model was not trained, camera detections would
not be able to be linked with radio measurements, which would also cause identification
and tracking errors.

Finally, we show in Figs. (5.8e) and (5.8f) once the step-length estimator is also trained
the performance improves further. In the first trial the 70 percentile error is reduced by
approximately 18% whereas in the second trial this drops to about 13%. As we can see
from the figure the improvement on the tracking accuracy is less obvious in this case.
This however is reasonable, since once the foreground detector and the radio model are
both trained most of the time the targets are updated with camera observations which are
used to correct the IMU predictions. However, once the camera measurements become
unavailable, the difference in accuracy between a trained and a universal step-length model

is significant.
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Figure 5.8: The graphs show the performance evaluation of the proposed system after
applying cross-modality training on the construction site trials. (a, b) The foreground de-
tection module is trained which makes object detection more accurate leading to better
tracking accuracy. (c, d) In addition to the foreground detection the radio model is trained
as well. This allows us to make better associations between id-linked and anonymous ob-
servations. The plots show a significant boost in accuracy. (e, f) The step-length estimation
is trained, which improves the overall accuracy further.
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Comparison with RAVEL:

Figure (5.9) shows how the final system architecture (Fig. (5.2)) with cross-modality stacks
up against RAVEL. Proposed refers to the technique discussed in Chapter (4), +Vision is
the proposed technique with cross-modality training enabled with the foreground detector
trained, +Radio is the proposed technique where both the foreground detector and the radio
model have been trained. Finally, +Step refers to the proposed technique when all sub-

systems have been trained (i.e. foreground detector, radio model and step-length).

2.5 T T T T T T T

RAVEL(10s) RAVEL(30s) RAVEL(60s) Proposed +Visual +Radio +Step
(a) Trial 1

RAVEL(10s) RAVEL(30s) RAVEL(60s) Proposed +Visual +Radio +Step
(b) Trial 2

Figure 5.9: The graphs show the performance evaluation of the proposed system compared
to RAVEL after applying cross-modality training on the construction site trials. Proposed
denotes our approach where the foreground detector, the radio and step-length model are
not trained. + Vision is our approach after the foreground detector has been trained, +Radio
refers to our approach with the foreground detector and radio model trained and in +Step
the step-length model is also trained. RAVEL(10s), RAVEL(30s) and RAVEL(60s) is the
competing technique evaluated at window sizes of 10, 30 and 60 seconds respectively.

We should note here that RAVEL is also capable of learning the radio propagation
model however it cannot optimise the visual detector and it does not make use of inertial
observations which are the reasons for the lower accuracy. More specifically, in Fig. (5.9a)

we can see that even though RAVEL(60) beats the proposed technique, once the foreground
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detector is trained the accuracy improves beyond RAVEL. Furthermore, once the radio
model and the step-length is trained the proposed technique is more accurate than RAVEL
by approximately 35%.

Similar results are shown in Fig. (5.9b) as well for our second trial. In this case the
proposed technique performs better than the off-line RAVEL, in real-time. Once all the
sub-systems of the proposed technique have been trained the accuracy improvement over
RAVEL(60) is as high as 56% with a mean RMSE error of just half meter. This increase in

the accuracy over RAVEL is due to the following reasons:

e The proposed system utilises inertial measurements for motion prediction as opposed
to RAVEL which does not. This allows the proposed technique to be more robust and
accurate under long-term occlusions and maintain tracking without requiring visual
observations. In addition, when people stay still (i.e. not walking) they become part
of the background and so invisible to the foreground detector. This affects the accu-
racy of RAVEL because in those scenarios it goes “blind”, i.e. we are trying to track
something we cannot observe. The use of WiFi in RAVEL is used to mitigate this
problem but this is not as accurate as the proposed technique which utilises inertial
observations. Because we have acceleration data we can estimate the position of a
target even in cases where the target becomes part of the background. We do not

have the “blind” problem anymore.

e The proposed technique makes use of social forces to account for the interactions
between people. This allows improved target dynamics which makes the predictive
distribution of our filter more accurate. In addition, with social forces we can also
model environmental constraints with occlusion maps. Social forces exerted from
the environment onto people allow us to track targets more accurately and robustly in
the environment. As the environment is populated with more constraints (i.e. walls,

corridors) the gain from using social forces increases

e The proposed technique uses cross-modality training to optimise the parameters of
its sub-system. This leads to a significant performance improvement over RAVEL

while making the proposed technique suitable for highly dynamic environments.
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5.10 Discussion

Existing positioning systems have been designed to operate within environments that ex-
hibit long-term stable macro-structure with potential small-scale dynamics. They leverage
this environmental stability to provide accurate location services. In contrast, in highly dy-
namic environments these assumptions are not valid. Currently, there is no system that can
provide reliable and accurate tracking in such environments.

In this chapter we have proposed a novel positioning system to fill this gap. Specif-
ically, we have presented our complete system augmented with cross-modality learning
techniques which make this system suitable for highly dynamic environments. We showed
that there is significant scope for automatically training the various sensor modalities, and
this proved particularly useful in rapidly changing environments.

We have shown how the accuracy of our system improves gradually as the various com-
ponents are trained using the cross-modality learning techniques presented in this chapter.
We have observed in particular that the tracking error significantly decreases once both
the foreground detector and the radio-model are learned. This is because our system re-
quires both camera and radio measurements in order to determine the correct measurement
to track association and update the target states. In the case of excessive missing camera
detections, the trajectory of a target is estimated only by inertial measurements which is the
main cause of the low accuracy. On the other hand, if the radio model was not trained, cam-
era detections would not be able to be linked with radio measurements, which would also
cause identification and tracking errors. In addition we have gained further improvements
in the accuracy by learning a private step-length model for each person.

The learning techniques presented in this chapter make the proposed system adaptive
and able to operate in challenging and dynamic environments reliably and accurately.

Finally, our experiments in a real construction site showed that after training, in our

online approach the positioning error is decreased by a further 50%.
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Chapter 6

Conclusion and Future Work

In this thesis we have studied the problem of practical positioning and tracking in challeng-
ing environments for which traditional positioning systems fail to provide a practical and
viable solution. The need for practical positioning systems for various applications and en-
vironments, e.g. museums, shopping malls, construction sites, etc. strongly motivates this
study. Next we have explained what makes this problem challenging i.e. the lack of existing
positioning infrastructure, the limitations of the existing infrastructure and the environmen-
tal variability. We further described the key requirements which make a positioning system
practical. More specifically, a positioning system that can be used in the application scenar-
10s which we are targeting in this thesis should be low-cost, accurate, robust and scalable.
To achieve these goals, we have proposed two positioning frameworks which are based on
the fusion of id-linked and anonymous sensor streams. The proposed systems take advan-
tage of the positioning accuracy of anonymous measurements (i.e. camera observations)
and the identification accuracy of id-linked sensor streams (i.e. radio and inertial obser-
vations) in order to provide accurate positioning through the use of multiple-hypothesis
tracking architectures. Our first system RAVEL exploits the opportunistic and ubiquitous
radio signals (e.g. WiFi/Bluetooth Low Energy) in combination with CCTV measurements
to provide sub-meter accuracy while being able to be applied in both receiver-centric (i.e.
people carrying smartphones) and transmitter-centric (i.e. low-cost tags in warehouses,
industrial or construction sites) applications. On the other hand our Rao-Blackwellized
particle filtering system fuses radio, inertial and camera observations to provide accurate
real-time tracking in highly dynamic industrial environments. In addition, we have shown
how we can use social-forces and cross-modality training to address the challenges due to
the environmental variability in industrial settings. Finally, we have conducted real-world
experiments in two settings i.e. museum and construction site and we have showed through

these real-world evaluations the performance of the proposed approaches. This chapter first
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summaries the contributions of this thesis and the functionality of the proposed positioning

frameworks and then discusses ideas for improvements and future work.

6.1 Summary of Contributions

This section concludes the contributions of this work and explains how the proposed frame-
works meet all key requirements we have set in this thesis that make a positioning system
practical and applicable for the application scenarios we have described in this study. In
addition, we summarise the functionality and performance of the proposed systems. Con-

cretely, the novel contributions of this thesis are as follows:

6.1.1 Formulation of the positioning problem

We have motivated the problem of multiple target positioning from various real-world sce-
narios, such as tracking the visitors in a museum to provide location-based information
about the museum exhibits, improve navigation in airports, provide location-based adver-
tising in shopping centers and improve productivity and safety in industrial settings. We
have also described the key positioning challenges arising in these scenarios with illustra-
tive examples. For instance, in a museum most security cameras are installed to provide a
large field of view, typically resulting in a bird’s eye view of the scene. This top-down per-
spective makes it difficult to distinguish facial features and accurate identification becomes
even more challenging when the room is not well lit. In addition, the number of people
changes over time and tracking becomes very challenging when people move behind ob-
stacles, exit the field of view or cross paths. In other settings such as construction sites
the environment changes over time, the workers wear similar uniforms, the sensor readings
(e.g. WiFi) are noisy and the limited available infrastructure makes accurate tracking ex-
tremely difficult. We have explained the important concepts and assumptions and we have
shown how different types of sensor modalities (i.e. id-linked and anonymous) can be used
together to build accurate, cost-effective and robust positioning systems suitable for a wide
range of applications. In essence we have demonstrated how key concepts of state estima-
tion and data association can be used together to design positioning systems that operate in
environments with limited sensing infrastructure and how we can use this concept to make

a low-cost, high accurate positioning system from low-cost low-accuracy sensors.
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6.1.2 Radio And Vision Enhanced Localisation (RAVEL)

We have proposed a novel positioning framework (in Chapter 3), which provides an accu-
rate, low-cost and ubiquitous solution to the multiple target tracking problem, and which
can be used in a wide range of application scenarios. RAVEL fuses anonymous visual
detections captured by a stationary camera with WiFi readings to track multiple people
moving inside an area with CCTV coverage. The WiFi measurements of each person are
used to add context to the trajectories obtained by the camera in order to resolve visual am-
biguities (e.g. split/merge paths) and increase the accuracy of visual tracking. The two main
components of RAVEL are: a) a visual-based detector and b) a radio-aided tracker. These
components can run in the same device (e.g. a server collecting measurements from mul-
tiple transmitters) or across different devices (e.g. smart cameras running the visual-based
detector and disseminating traces to mobile devices, each running their own radio-aided
tracker) according to the application requirements.

The visual-based detector is responsible for the task of tracklet generation whereas the
radio-aided tracker is responsible for tracklet merging. RAVEL firstly uses the visual-
based detector to collect visual detections over a period of time and to form unambiguous
small trajectories (i.e. tracklets). Then these tracklets are used to create tracklet trees
for each person (i.e. probable trajectory hypotheses). Finally, the WiFi measurements of
each person are then used to search through the tracklet tree in order to find their most
likely trajectory. The most likely trajectory is the one that agrees the most with the WiFi
measurements. This deferred decision multiple hypothesis tracking approach allows us to
use the noisy and inaccurate RSS-based WiFi measurements from people’s smart-phones
in combination with the anonymous camera detections which are provided by a lightweight
object detector to create a highly accurate positioning system with sub-meter accuracy that

meets the application requirements set throughout this thesis.

6.1.3 Rao-Blackellized Particle Filtering

We have proposed a novel multi-target multi-sensor tracking framework based on Rao-
Blackwellized particle filtering (in Chapter 4), which is more suitable for on-line tracking.
In certain scenarios the task of tracking people is very challenging. For instance in a con-
struction site the workers are assigned different tasks and perform different activities which
translate in different walking speeds, sudden movements, etc. All these challenges in com-
bination with the noisy camera detections (e.g. missing detections, false detections, etc.)
make accurate tracking far harder compared to more stable environments like museums

and airports. In order to address the above problems we have designed an on-line tracking
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framework (as opposed to RAVEL) which utilises three sensing modalities (i.e. camera,
radio and inertial). Because inertial measurements are more informative and accurate they
allow us to build a sequential Monte-Carlo online tracking system. The proposed system
uses a foreground detector to detect the moving object in the field of view captured by a
stationary camera (i.e. CCTV footage). A step detector, step-length estimator and a head-
ing estimator are used to process the inertial measurements of each person and together
with the radio measurements, are fed into a positioning and identification filter in order
to provide the location estimates of all people in the scene. The Rao-Blackwellized par-
ticle filter is used to decompose the tracking problem into two parts a) estimation of the
data-association distribution which is performed using sequential Monte-Carlo and b) es-
timation of the posterior distribution of target states which is computed analytically. This
technique allows us to reduce the computational complexity of the tracking task and build
an on-line system. Finally, the proposed framework is robust to noisy measurements, oc-
clusions and intersecting paths. For instance, the state-of-the-art systems lose tracking of
targets in cases where we have long-term occlusions (i.e. no camera observations). In our
first system RAVEL we have addressed the problem of short-term occlusions using WiFi
measurements. However, WiFi measurements are not informative enough to be used in
cases where we lose visual tracking for a prolonged period of time. This is where inertial
observations come into play, since they allow accurate tracking in cases with long term
occlusions and make the proposed system significantly more accurate and robust compared
to the existing techniques. However, compared to RAVEL the proposed system requires all
measurements from all targets to be send to a central server for processing.

Additionally, in order to further improve the tracking accuracy we have incorporated
the use of social forces into our tracking framework. The behaviour of human motion is
affected by the motion of other people and also by obstacles from the environment. With the
integration of social forces we can model the interactions between people and the influence
of the environment (e.g. obstacles, walls, etc) on human motion. In order to do that we have
introduced repulsive forces into our motion model which helps us to improve the motion

prediction and achieve higher overall tracking accuracy.

6.1.4 Cross-modality Training

We have also proposed a novel learning approach which makes our Rao-Blackwellized
particle filtering-based approach suitable for dynamic environments (in Chapter 5). When
we have identified a target trajectory and linked a set of visual observations with a set
of radio and inertial measurements with high probability, we then use this trajectory to

learn the parameters of all the components in our system. In order to do that we have
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defined a track quality metric which we use to assess the quality of the estimated trajectory
i.e. how close is the estimated trajectory to the ground truth. Trajectories that qualify
can then be used for cross-modality training. Since the qualifying tracks consist of a set
of linked visual, radio and inertial measurements we use them to improve the step-length
estimation for each target, train the foreground detector learning rate in order to increase
the object detection rate and finally dynamically learn the radio model and different types
of maps such as occlusion and magnetic. We have shown in Chapter 5, how the accuracy
of our system improves gradually as we learn the different components of our system.
Significant improvements are observed once the foreground detector and radio model are
learned. In addition, we have shown that cross-modality training significantly boost the
tracking accuracy and enables robust and reliable tracking in dynamic environments. Our
experiments showed that the use of cross-modality training in the proposed system enables

us to achieve sub-meter accuracy in challenging environments.

6.1.5 Real-world Evaluation

Testing and assessing the performance of a positioning system is a big challenge itself. We
have talked about positioning and tracking of multiple targets/objects in highly dynamic
environments and buildings with limited infrastructure which makes the performance eval-
uation even more challenging. Existing positioning techniques have been tested only in
fairly simple and stable environments (e.g. offices, parks, etc) and do not capture real-
world dynamics. In challenging environments maintaining tracking as people move behind
obstacles, exit the field of view, or cross paths is an exceedingly difficult task. Industrial
environments such as construction sites are characterised by rapid-large scale changes in
structure and in combination with the changing lighting conditions and the many moving
objects make the problem of tracking even more difficult. In this work we have conducted
extensive real-world experiments in museums and construction sites in order to understand
exactly the performance and the limitations of the proposed techniques. Only under these
real world conditions we can truly understand the factors that affect the performance of our
system and gain key insights on how to improve our approaches. More specifically, we have
partnered with the Oxford Pitt Rivers museum and the Laing O’Rourke construction com-
pany in order to test the proposed system in real world conditions. With RAVEL we have
shown that the idea of fusing id-linked and anonymous sensor streams helps us achieve sub-
meter accuracy in a museum outperforming the state-of-the-art tracking systems. We have
further showed how WiFi signals help improve tracking in the presence of occlusions, when
people cross paths and enter/leave the field of view. For more dynamic environments such

as construction sites which require real-time and accurate tracking we have showed that the
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proposed Rao-Blackellized particle filter approach which utilises three sensing modalities
also achieves sub-meter accuracy and outperforms RAVEL with the use of cross-modality

training and the integration of social forces.

6.2 Future Work

In this work we have investigated in depth the problem of fusing together anonymous and
id-linked measurements to provide a general framework for multi-target positioning. In
addition, we have investigated learning techniques in order to make our systems adaptive
in dynamic environments and have demonstrated their performance through real-world ex-
periments. However, there are a number of limitations in the current systems that open

interesting new directions for future work.

6.2.1 Complex human motion

A state-of-the-art tracking system must have the ability to monitor and predict the mo-
tion of the people being tracked. People normally avoid abrupt changes of their direction
and speed and tend to have a linear motion pattern. Tracking systems take advantage of
this fact and it is very common to use a constant velocity or constant acceleration motion
model in order to model human motion. However, in certain situations human motion can
become highly complex and unpredictable. For instance, in a construction site we have
observed that there are cases where the motion of workers does not fit with traditional mo-
tion modelling techniques. For this reason we have incorporated inertial measurements (i.e.
accelerometer and magnetometer) into our motion prediction process and we further im-
proved motion prediction by modelling the interactions between people using social forces.
Unfortunately, there are still cases where the proposed system can lose track of the targets.
There are a number of things we can do in order to improve motion prediction. First,
we can incorporate measurements from a gyroscope into our system instead of using only
accelerometer and magnetometer and we can also use more sophisticated dead reckoning
techniques [115]. This however, will increase the power consumption of the system (i.e.
the smart-phone or sensor-tag which is used to sample the sensors) as the gyro sensors
consume up to ten times more energy than the accelerometer and magnetometer. To avoid
draining the battery we can use such techniques opportunistically and only when needed
i.e. in difficult situations where the target is occluded and no camera measurements are
available. As a second step we can incorporate deep learning techniques in our system
for motion prediction. Instead of using motion models and modelling the interactions of

people with the environment using social-forces we can use data-driven approaches like
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deep-learning. The Deep Tracking system introduced in [116] demonstrates how recurrent
neural networks (RNNs) can be used for object tracking without requiring any feature en-
gineering or sensor models. It would be very interesting to see if we can capture human
motion more accurately using deep learning techniques. However, this would require huge
amount of ground-truth data which in certain situations (i.e. like in construction sites) is

very hard to obtain.

6.2.2 A multi camera system

Another direction of future work is to incorporate additional non-overlapping cameras to
our system. Currently we assume that our system takes input for a single camera and multi-
ple copies of the proposed system can be deployed in different locations in order to provide
tracking in a wider area. Since the targets that are being tracked can be identified using
their device ID independently and still be able to track a unique target through different
locations (we can merge the output of each system since we know the target ID). How-
ever, we can improve the tracking performance further if we have a central system that
can take advantage of multiple non-overlapping cameras. For instance, since we know the
target ID and we can track the target through different locations we can incorporate and
learn transition probabilities between the different cameras of this system. We can then
use probabilistic graphical models like hidden Markov models (HMMs) and conditional
random fields (CRFs) to predict future target trajectories, better resolve motion ambigui-
ties and improve the overall tracking accuracy. We need however to consider how such a

system would scale, and what are the processing and cost requirements.
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6.3 Closing Remarks

Recent advances in sensor technology and wireless communications along with increas-
ingly faster and more power efficient mobile processors is changing the landscape of po-
sitioning services by creating a new post-GPS era. The next generation of positioning
services will be ubiquitous, completely hidden from our lives and highly accurate. In shop-
ping centers people would be able to know exactly where to find the item they are searching
for, in shopping malls people would be able to save time by not getting lost, in museums
they will be provided with location-triggered information about the exhibits and many busi-
nesses will improve their efficiency, lower their costs and provide safety to their workers.
We believe that the positioning systems designed during this study will take us a step closer

to the above vision by enabling a new-era of location-aware services.
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Appendix A

Step-detection

Using acceleration data from a smart-phone to detect steps is a very important process
of our system. In Chapter 4 the step detection is used by Eqn. (4.2) to model the target
dynamics and predict the human motion. Here we will give an overview of the most popular

step detection techniques and discuss in more detail our step detection approach.

A.1 Background

Over the years a wide variety of algorithms and techniques have been proposed to identify

steps from accelerometer readings [117]. Popular step detection techniques include:

e Peak detection: Walking patterns (i.e. heel-strike events) are usually associated with
sharp changes in the magnitude of the vertical acceleration. Peak detection algo-
rithms are trained to recognise these events in order to identify and extract individual
steps [118, 119, 120, 121].

e Zero-crossings: Another technique is to monitor the acceleration value for zero cross-
ings [122, 123, 124].

e Auto/cross correlation: These techniques take advantage of the strong periodicity of
the acceleration signal which occurs when someone is walking and apply auto/cross
correlation on the acceleration signal in order to detect this cyclic pattern and identi-
fy/extract steps [125, 126, 127].

e Spectral analysis: These methods are the equivalent of the auto/cross correlation in
the frequency domain. More specifically, the frequency spectrum of the acceleration
signal is computed and then the dominant peak of the signal in the frequency domain
is identified as the step frequency [128, 129, 130].
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The above techniques however have a number of limitations which deems them impractical
for certain applications. In a construction site for instance we have observed that the work-
ers do not walk regularly, instead they often make big, small and irregular steps depending
on the task performed. This behaviour often creates multiple peaks in the acceleration
magnitude which greatly affects peak detection based methods. On the other hand we have
observed that pure zero-crossing techniques are not satisfactory due to the false positive
zero crossings from various events other than walking. Finally, the last two techniques (i.e.
correlation-based and spectral analysis) depend on identifying periodicity in the accelera-
tion signal. With these techniques however it is very difficult to reject false positives caused

by any repetitive movement other than walking.

A.2 Proposed Technique

In order to mitigate some of the above problems we looked further into our data in order
to acquire key insights and design a robust step detection algorithm. We should note here
that in the proposed technique we have used 3-axis accelerometers sampled at 100 Hz
which are commonly found in smart-phones. From our experiments we have identified that
from all three axes the vertical acceleration contains the most informative data and so we
use this axis to detect the step patterns. Our algorithm is inspired from the step detection
techniques described above (i.e. peak detection, zero-crossing, etc) it is however extended
in order to handle our real-world construction site data. More specifically the proposed

technique includes four steps:
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Figure A.1: The figure shows the raw vertical acceleration input of a user for a period of
10 steps (blue line) along with the filtered acceleration signal (red line). The green circles
indicate the end of a step.
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e Pre-processing: In this step we process the raw acceleration input to remove sensor
noise and the influence of gravity on the measured acceleration. In order to eliminate
the force of gravity from the measurements we use a high-pass filter which removes
the DC component from the signal so that its offset is set to zero. Then we apply
a low-pass Butterworth filter (8th order) to reduce the noise of the signal. This is
shown in Fig. (A.1).

e Step segmentation: In this step we use the pre-processed data obtained from the
previous step as input to a finite state machine which aims to identify and extract
step events. This module aims to extract likely step events from the acceleration

waveform and pass them to the next modules for further processing.

e Step validation: The steps extracted are then validated based on a set of rules which
we are going to discuss in more detail next in this section. The objective here is to

filter out impossible steps and reduce measurement noise.

e Step classification: Finally, we use the symbolic aggregate approximation technique
(SAX) to capture and encode the shape characteristics of the step pattern and then

we use a hidden Markov model to classify the SAX output as a step or not.

Now we are in a position to describe in more detail the segmentation, validation and clas-

sification steps of the proposed technique.

A.2.1 Step Segmentation

In our experiments the users had their phone in the front pocket of their trousers. From the
accelerometer data obtained we have observed the following pattern. A step consists of two
distinct phases namely a swing phase, where the foot is brought forward indicating the start
of a step and a touch-down phase where the foot is placed on the ground which indicates the
end of the step. We have studied what happens to the vertical acceleration during these two
phases and we have found out the following pattern: (a) during the swing phase, the vertical
acceleration exhibits a negative peak with an absolute acceleration magnitude larger than
0.2 m/s?, (b) this negative peak is then followed by a positive peak with an acceleration
magnitude larger than 0.2 m/s? which then reaches 0 m/s? as soon as the heel touches the
ground and then again the acceleration moves towards a negative peak and so on and so
forth resulting in a repetitive pattern. This cyclic behaviour is shown in Fig. (A.1) for 10
steps, where the green circles indicate the end of a step (i.e. heel touch-down phace).

The aim of the step segmentation module is to look at the acceleration data and identify the

cyclic pattern described above. In order to do that we have designed a 5-state finite state
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Figure A.2: Step segmentation: We use a finite state machine to identify and extract the
acceleration characteristics of a step. (a) The acceleration pattern of a step, (b) we use a
S-state FSM to identify the step pattern. The figure shows in (a) what acceleration patterns
we are looking in each FSM state. Step validation: We use heuristics, such as the total
duration of a step (indicated by the dotted green lines in (a)) to validate a step and filter out
impossible steps.

machine (FSM), shown in Fig. (A.2), which takes as input the low-pass filtered acceleration
data and looks for step patterns. First, in state A, our FSM looks for a zero crossing in
the acceleration magnitude from positive to negative which indicates the possibility of the
beginning of a step. When this happens we transition to state B where we wait for a negative
minimum which indicates the swing phase described above. Once we have identified the
negative peak we transition to state C waiting for a positive peak. Finally, we move to state
D where we wait for a zero crossing which indicates the possibility of the end of a step.

The FSM then transitions to state E where the step validation phase is performed.

A.2.2 Step Validation

In this phase we conduct a sanity check of the extracted acceleration pattern before sending
it to the step classifier. More specifically we expect a step to obey the following general

guidelines:
e The total duration of a step should be between 400 and 800 milliseconds.

e The negative and positive peaks should be separated by an amount of time in the
range of 200 and 400 milliseconds.

e The absolute magnitude of the negative and positive peak should exceed 0.2 m/s?.
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The above rules were obtained experimentally from our dataset. A step is sent for further
processing if and only if all three rules are met. Otherwise, the extracted step pattern is
discarded.

A.2.3 Step Classification

This is the core module of our proposed step detection technique. This module takes as
input a valid acceleration step pattern and classifies it as a step or not. More specifically

the operation of this module can be divided into two parts encoding and classification.
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Figure A.3: The figure shows the application of the symbolic aggregate approximation
(SAX) method to the extracted accelerometer step data. We use SAX to reduce the di-
mensionality of the data to symbolic vectors of length 10 using an alphabet of length
16. For instance, in (a) the shape of the step waveform is encoded into the vector
(S11, S10, S4, S2, S1, S14, S13, Ss, S13, S13). We use this symbolic representation to classify the
acceleration pattern as step or not.
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Encoding:

The aim of the encoding process is to find a high-level representation of the acceleration
time-series step pattern which captures all the important step characteristics in a compact
way so that it can be then used efficiently as an input to a classifier. Many high level
representations of time series have been proposed, including Fourier transforms, wavelets,
piecewise polynomial models, etc. Most of these techniques however suffer from two ma-
jor problems: (a) the dimensionality of the symbolic representation is usually the same as
the original data and (b) the distance measures on the symbolic data have little correla-
tion with the distance measure on the original time series. One technique that overcomes
these problems is the Symbolic Aggregate Approximation (SAX) [131] which allows for
dimensionality reduction of the original time-series and also allows distance measures to be
defined on the symbolic approach that lower bound corresponding distance measures de-
fined on the original series. Finally, the symbolic representation (as opposed to real value
representation) allows us to use simpler modelling techniques such as Markov models to
define probabilities over discrete sequences.

In this work we use SAX to discretise, tokenise and reduce the dimensionality of the
extracted acceleration step patterns and then with this representation train a step classifier.
The details of SAX can be found in [131] and in this section we provide a brief overview
of the method. SAX allows a time series of length n to be reduced to a string of length w
(with w < n) using an alphabet s of arbitrary size. To transform the time series from n
dimensions to w dimensions, the data is divided into w equal sized “frames”. The mean
value of the data falling within a frame is calculated and a vector of these values becomes
the dimensionality reduced representation. This representation is also known as Piecewise
Aggregate Approximation (PAA). The PAA coefficients are then mapped to symbols given
predetermined equiprobable breakpoints. Figure (A.3) shows the application of SAX to the
extracted acceleration pattern. We should note here that SAX is applied to the acceleration
data before the application of the low-pass filtering. This allows us to capture better the
shape characteristics of the waveform. In our system the extracted waveforms are reduced
to symbolic vectors of length 10 with an alphabet of size 16 (i.e. the number of unique
symbols). The aforementioned parameters were chosen experimentally and different con-

figurations give similar results.
Classification:

Finally, we assume that the sequence of SAX symbols e.g. S = (s11, S10, S4, ...) are gen-

erated from an unobservable Markov chain and so we use a collection of these sequences
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Figure A.4: We use a left-right hidden Markov model (HMM) to classify a given symbolic
acceleration representation as being a step or not. We assume that the observations i.e.
symbols (s;) are emitted from unobservable states (x;). We train the HMM, we find emis-
sion (e;;) and transition (a,;) probabilities given a collection of true steps and then we use
the trained HMM to find the likelihood of a new sequence of observations given the trained
model.

which represent positive steps to train a hidden Markov model [84, 132, 133]. More specif-
ically, we use a left-right HMM with 8 hidden states (X;) as shown in Fig. (A.4) to calcu-
late the likelihood of an observation sequence (S5) given the trained model () i.e. p(S|©)
which is the sum of joint likelihoods of the observation sequence over all possible state

sequences allowed by the model.

p(S18) =Y p(S|X,0) p(X|O) (A.1)

X
where p(S|X, O) is the likelihood of an observation sequence given a state sequence and
the model and p(X|©) is the probability of a state sequence given the model. Once we cal-
culate p(S|©) we can then make a final hard decision whether to accept the given sequence
S as a step or not.

Figure (A.5) shows the overall step detection accuracy of the proposed technique on a
sample of 900 steps from 4 people. In this figure, the first two diagonal cells show the
number and percentage of correct classifications by the proposed technique. For example,
567 steps were correctly classified as true steps. This corresponds to 63.0% of all 900
acceleration patterns. Similarly, 264 cases were correctly classified as not steps. This
corresponds to 29.3% of all samples. 27 of the acceleration patterns that are not steps were
incorrectly classified as steps and this corresponds to 3.0% of all 900 samples. Similarly, 42
actual steps were incorrectly classified as not steps and this corresponds to 4.7% of all data.
Out of 594 step predictions, 95.5% are correct and 4.5% are wrong. Out of 306 not-step
predictions, 86.3% are correct and 13.7% are wrong. Out of 609 true step cases, 93.1%

are correctly predicted as steps and 6.9% are predicted as not steps. Finally, out of 291
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Figure A.5: Step detection accuracy of the proposed technique over 900 steps from 4 peo-
ple.

not step cases, 90.7% are correctly classified as not steps and 9.3% are classified as steps.
Overall, 92.3% of the predictions are correct and 7.7% are wrong classifications. We should
note here that the proposed technique significantly outperforms traditional step-detection
approaches (i.e. peak detection, zero crossing and correlation based). Table (A.1) shows
the step detection accuracy of various competing techniques for the dataset described above

and clearly motivates our decision to investigate more closely the step detection problem.

Step Detection Accuray
Approach Accuracy
Peak Detection [118] 81.2%
Zero Crossing [124] 73.0%
Auto/cross correlation [127] 84.4%
Proposed 92.3%

Table A.1: Comparison of existing step-detection approaches in terms of step detection
accuracy.
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