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Abstract

Precise time and location are at the core of many Cyber Physical Systems (CPS)
applications, as can be seen by the impact of the Global Positioning System. Indoor
localization systems will enable applications ranging from navigation, asset tracking
and secure device interaction to mixed reality experiences and emergency support
(e911). However, indoor environments are full of barriers, which attenuate and scat-
ter signals that make it challenging to provide high coverage in a cost-effective and
reliable manner at scale. In this dissertation, we will show steps towards designing
scalable indoor localization systems in a systematic manner that perform effectively
across unpredictable environments and are compatible with several emerging tech-
nologies. Specifically, we focus on the class of range-based beacon technologies be-
cause (1) they can provide accurate ranges given line-of-sight, (2) they can instantly
determine a location without requiring devices to move long distances and (3) there
are growing standards for range-based technologies such as 802.11mc, BLE5 and
ultra-wideband. Unfortunately, installing and mapping beacons is both expensive
and time consuming, which continues to hinder adoption. Further, acquiring location
from ranges in realistic settings can be inaccurate and slow when a low density of
beacons and non-line-of-sight signals are encountered. While having an abundance
of beacons increases accuracy and decreases the time to acquire the initial location,
it also increases the cost of the system. This thesis aims to lower the barrier to
adoption of range-based beacon technologies by reducing the infrastructure required
while maintaining high performance in terms of accuracy and time taken to acquire
the location and orientation. Our approach leverages additional sources of location
information, like geometrical constraints from floor plans to acquire location with a
reduced number of beacons, magnetic sensing to rapidly acquire orientation and vi-
sual inertial odometry for setup and continuous tracking. We present techniques for
location estimation and system provisioning, including beacon placement and map
generation, and show how these techniques apply to CPS applications like mobile
augmented reality and first-responder localization.
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Chapter 1

Introduction

The ability to localize people and things indoors will impact diverse application domains rang-
ing from search and rescue in disasters to next-generation augmented reality headsets. Indoor
localization has been a long-standing challenge because no technology meets the requirements
of being accurate, instant, compatible with existing infrastructure and inexpensive to install. Sys-
tems that produce accurate and instant estimates often require dedicated infrastructure to be set
up and are not compatible with existing commodity devices like smartphones, tablets or headsets.
Systems that currently do leverage existing infrastructure and devices are either not accurate or
require an elaborate surveying process, which is expensive. Fundamentally, there is a trade-off
between cost and performance across indoor localization solutions.

1.1 Indoor localization paradigms

We can better understand this trade-off by analyzing the localization paradigms that have emerged
in the past three decades. For any indoor localization system, either the building environment
or the target object to be localized requires some active or passive sensing capability. We refer
to the instrumentation in buildings asinfrastructurein short forlocalization infrastructure, and

(a) Device-based
infrastructure-based

(b) Device-based
infrastructure-free

(c) Device-free
infrastructure-based

Figure 1.1: Indoor localization paradigms
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refer to a target object with sensing capabilities as adevice. Based on where the sensing ca-
pabilities lie, localization systems fall into three paradigms shown in Figure 1.1: device-based
infrastructure-based, device-based infrastructure-free and device-free infrastructure-based. In
addition to sensing, most localization systems need some prior information (that we refer to as
map) to meaningfully convert the measured signals to location. To understand the performance-
cost trade-off of a localization system, we should also consider the ease or dif�culty of generating
the maps required by the system.

Device-based and infrastructure-based indoor localization systems:
In this paradigm, infrastructure nodes are used as a reference and signaling between infrastruc-
ture nodes and a device is used to localize the device. Satellite-based positioning (e.g., GPS,
GLONASS, Galileo) is an example of this paradigm in an outdoor setting. Indoors, the infrastruc-
ture can be either existing instrumentation in buildings (e.g., overhead LED lights, WiFi Access
Points) or custom hardware deployed for localization. Examples of device-based infrastructure-
based indoor localization include WiFi-based localization using signal strength [16, 100] or time-
of-�ight [133], ultrasonic or acoustic-based localization using time-of-�ight or time-difference-
of-arrival [65, 67], ultra-wideband-based localization using time-of-�ight or time-difference-of-
arrival [58, 59, 91], LED lights-based localization [63, 101, 102], and backscatter-based local-
ization with RF [77, 84, 92]. These localization systems either require a precise map of the
infrastructure nodes, or a map of the spatial variation of signals from the infrastructure. For in-
stance, time-of-�ight-based systems require the location of the infrastructure nodes, and signal
strength-based systems either require the location of the infrastructure nodes along with a model
of signal propagation or they require a prior map of the signal strength across different locations.
The key advantage of these systems is that they can provide accurate localization given a high
density of infrastructure. However, these systems are expensive due to infrastructure cost, as
well as time and effort taken to set up, install and map environments. Further, a hindrance to
adoption is often the lack of compatibility of these technologies with off-the-shelf commodity
devices such as smartphones and tablets.

Device-based and infrastructure-free indoor localization systems:
In the second paradigm, a device localizes itself using on-board sensors such as camera, iner-
tial measurement unit, magnetometer and microphone. Examples of this type of localization
include systems that fuse inertial tracking with �oor plan [141], systems that localize with the
electromagnetic-�eld radiation from power lines [76] and most popularly, systems that localize
using vision and depth sensors [32, 60, 73]. These systems are appealing since they do not require
any additional infrastructure in the environment. However, they require maps of the measured
signals across locations to compare against in order to localize. Generating these maps can be a
labor-intensive process, and further, these maps have to be repeatedly updated if the environment
changes. A single mode of sensing is often not suf�cient to produce a unique location estimate,
and these systems rely on mobility over time in order to capture enough data to uniquely localize.

Device-free and infrastructure-based indoor localization systems:
In the �nal paradigm, the object itself does not have sensing or control capability, but its presence
impacts signals sensed by infrastructure nodes, which localize the object based on the sensed
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signals. The infrastructure can be passive, for instance “outside-in” systems that localize using
Kinect [46] or cameras [31]. In active systems, an RF transceiver might estimate an object's
location based on changes in the wireless channel due to the presence or location of the object
[12, 139, 144]. Recently, mmWave-based tracking and identi�cation of persons [145] has been
shown feasible in controlled environments. These systems are promising, since the object to be
localized does not require any sensing and control capability. However, the RF-based methods
are not yet robust to the unpredictabilities and dynamics of indoor environments and so far have
been shown feasible in controlled lab environments, but not in realistic scenarios. These systems
are also expensive due to cost of infrastructure, as well as the time and effort taken to set up,
install and map environments. Compared to the infrastructure-based device-based localization
systems, they require more resources in terms of the infrastructure and mapping. For instance,
Amazon Go [4, 96] has shown accurate tracking of users in publicly accessible stores using
cameras covering the ceiling.

1.2 Heterogenous opportunistic localization in the future

This wide variation in localization solutions is welcome given the variation in the application
requirements, environment constraints, available sensors and semantics of indoor spaces. Un-
like outdoors, where satellite-based positioning with inertial tracking is universally adopted for
civilian applications, no single solution appears to solve all indoor localization problems. This
dissertation advocates that in the future, multiple localization technologies will co-exist and de-
vices will opportunistically localize based on the available infrastructure and sensors. This will
require new tools and paradigms in order to bring structure to what is currently a haphazard and
chaotic design process.

1.3 Range-based localization

In future opportunistic heterogenous localization ecosystems, infrastructure nodes will play a
key role as they act as location references. In this dissertation, we focus on infrastructure-based
device-based localization, with a focus on infrastructure nodes that are capable of ranging to
target devices. We refer to these reference infrastructure nodes asrange-based beaconsand
refer to these localization systems asrange-based localization systems. Range-based localization
systems estimate distance by measuring time of signal propagation between beacons and target
devices using time-of-�ight, time-difference-of-arrival or round-trip-time-of-�ight.

1.3.1 Motivation

Range-based beacon systems are promising for several reasons. First, the accuracy expected from
the range measurements is predictable under line-of-sight conditions. The accuracy is character-
ized by the signal bandwidth, the resolution of time stamping, clock-synchronization accuracy
and other hardware factors [7, 108, 109], and is not environment or deployment-dependent. This
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Localization technology
Smartphone
compatible?

Acquisition
< 1sec?

Accuracy
< 1m?

WiFi y y/n n
IMU y n y/n
UWB (range-based) n y y
Lidar (range-based) n y/n y
BLE y y n
Acoustic/
Ultrasonic (range-based)

y y y

Table 1.1: Suitability of current technologies for accurate location acquisition on smartphones

makes range-based localization systems predictable, and they have the potential to be accurate,
if suf�cient bandwidth and accurate time-stamping is available.

Second, range-based systems are capable of instant location acquisition. For example, if a
device receives range measurements from a suf�cient number of beacons at an instance of time,
we can compute the location. In contrast, several other types of localization systems require
the user to walk around until suf�cient information is gathered from the sensors to compute
the location. This is seen in Table 1.1, which compares suitability of various technologies for
accurate location acquisition.

Third, range-based localization is applicable to a variety of physical layer technologies such
as acoustic, UWB, BLE and WiFi, and hence encompass a broad class of devices and infras-
tructure. Ultrasonic beacons have been shown to provide accurate localization [66] on unmod-
i�ed mobile devices. RF technologies are slowly �nding their way into commodity devices.
For instance, WiFi 802.11mc which supports round-trip-time-of-�ight ranging [9] is currently
implemented in Android Pie and is rolling out in some of the newer WiFi Access Points. Ultra-
Wideband (UWB) ranging technologies have recently become popular for indoor localization
due to readily available and highly accurate chipsets. Further, recent modi�cations to the physical
layer are making UWB ranging secure with standards such as 802.15.4z [8, 10, 107]. Emerging
modi�cations to the Bluetooth Low Energy (BLE) stack with support for time-of-�ight rang-
ing hold promise for prevalent peer-to-peer ranging among devices due to BLE's low power
consumption and compatibility with commodity devices. Further, these emerging range-based
technologies are reducing in price and power consumption, reducing the barrier to adoption.

1.3.2 Challenges

Though promising, in practice, range-based localization systems face a trade-off between cost
and performance. This trade-off spans multiple layers of the system design process: beacon
placement, mapping and localization. First, the system installer has to select the number of
beacons to deploy. This is challenging, as a higher beacon density improves the localization
performance but it also increases the system cost. The placement of beacons also impacts the
localization accuracy, and there aren't systematic approaches to select beacon placements. Sec-
ond, the system installer has to set up the beacons and create maps of the beacon locations, �oor
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plan and any other spatially varying signatures used for localization. While on one hand, an ac-
curate map is essential for good localization performance, on the other hand it is expensive (due
to manual time, effort and the need for specialized surveying instruments) to accurately survey
and map beacons and the environment. Further it is expensive to re-map the system regularly
when beacons move or fail, or when new beacons are introduced. Finally, beacon-based systems
face challenges in location estimation due to the nature of real-world indoor environments. In
realistic environments, signals from line-of-sight beacons can be blocked and signals from non-
line-of-sight beacons that re�ect off walls are received. These result in either insuf�cient data to
estimate location or inaccurate location estimates. To overcome this, the target device has to be
moved around the building to gather more measurements, which increases the time-to-acquire
location. In practice, beacons are over-deployed to improve acquisition time.

1.4 Contributions of this dissertation

This dissertation proposes a methodology for fusing additional sources of information to improve
range-based indoor localization systems by reducing the infrastructure required while maintain-
ing high performance in terms of accuracy and time-to-acquire the location and orientation.

This dissertation makes contributions to location and orientation solving, beacon placement and
beacon mapping for range-based localization systems. This is represented in Figure 1.2 and elab-
orated below:

Beacon placement:
Challenge: Beacon placement in the real world faces the con�icting objectives of reducing the
number of beacons (for cost reduction) and increasing system coverage, accuracy and resilience.
Due to the lack of quantitative approaches to compare and evaluate beacon placements, current
methods to deploy beacons either require domain experts who leverage intuition and heuristics,
or over-provision indoor spaces with more beacons than required.
Contribution: We present a systematic approach to integrate the �oor plan geometry and beacon
coverage models to reduce the number of beacons while maintaining localization coverage. We
de�ne a metric to quantify the ability of a beacon placement toUniquely Localizea �oor plan.
We build on this and introduce an indoor GDOP metric to quantify the localization accuracy of a
beacon placement. We incorporate these metrics and design beacon placement algorithms [103]
in an open source toolchain available to system designers.

Pedestrian-aided mapping:
Challenge: Range-based localization systems require a map as a reference to localize. The map
includes the beacon locations and can include the �oor plan as well as spatially varying vectored
signals. Typically, the mapping is performed either by a robotic system or expensive surveying
instrumentation, and the maps do not adapt to changing environments. This hinders the adoption
of range-based technologies.
Contribution: We present a crowdsourced pedestrian-aided mapping process that simply requires
users to walk around with phones that can be held in any orientation. We fuse visual inertial
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Figure 1.2: Overview of this dissertation. This dissertation proposes a methodology for fusing
additional sources of information to improve range-based indoor localization systems by re-
ducing the infrastructure required while maintaining high performance in terms of accuracy and
time-to-acquire the location and orientation. This dissertation proposes solutions to the problems
associated with deployment (beacon placement, mapping) and estimation (location acquisition
and orientation acquisition).
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odometry (VIO) on phones with beacon ranges to accurately track the phone's pose with respect
to the beacons as users move around. The accurate tracking aids in mapping beacons, the �oor
plan and spatially varying signals in the environment.

Location acquisition:
Challenge: In realistic environments, LOS beacons are often blocked, and inaccurate range mea-
surements are received from NLOS beacons. These under-de�ned scenarios result in inaccurate
location estimates. Common solutions to cope with this either over-deploy beacons or rely on
mobility and take time to converge on an estimate.
Contribution: We present a location solver that integrates the �oor plan geometry and beacon
coverage models to localize robustly in under-de�ned scenarios. The proposed location solver
(1) considers feasible hypotheses of LOS and NLOS beacons among the received ranges and
solves for locations under each hypothesis, (2) checks for consistency between the estimated
location and the assumed hypothesis against the predetermined coverage information and (3) se-
lects the most likely hypothesis-location pair. In addition, for most deployments, our approach
guarantees that the localization accuracy does not degrade with the presence of any amount of
NLOS measurements, as long as the expected LOS range measurements are received [104].

Orientation acquisition:
Challenge: Device orientation is important for applications such as way�nding and mobile aug-
mented reality, but range-beacon-based systems do not provide any orientation information. Ori-
entation is acquired on mobile devices using visual features, but vision-based approaches often
fail due to lack of texture, changes in lighting or changes in the location of objects in the envi-
ronment, like moving furniture or people.
Contribution: We leverage accurate VIO trajectories to provide full vector magnetic �eld map-
ping that can be collected and used with devices placed in any orientation. We use the beacon
ranges, VIO and magnetic �eld maps to acquire device orientation. This has the side effect of
enabling multi-user (even cross-platform) applications that require users to be localized with re-
spect to a common global reference without any sharing of visual feature maps [105].

1.5 Motivating applications

We motivate the approaches presented in this dissertation with two applications that require high-
accuracy location as well as orientation, and have constrains on beacon placement and mapping:
mobile augmented reality and �re�ghter localization.

1.5.1 Application 1: Persistent mobile augmented reality

Recent advances in VIO and Simultaneous Localization and Mapping (SLAM) on devices rang-
ing from headsets to smartphones have made AR an easily accessible commodity on an exciting
number of platforms. Mobile AR APIs, like those found in Apple's ARKit and Android's AR-
Core, currently provide (1) VIO-based tracking, (2) scene understanding and (3) realistic ren-
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dering based on features and lighting from the environment. This can support applications like
gaming and product visualization, where the user interacts with the virtual objects for a single
session. For instance, the IKEA Place app allows users to experiment with different furniture
layouts by rendering virtual furniture in their home. Advanced mobile AR and platforms such as
Microsoft Hololens and Magic Leap are even able to support virtual content topersistacross ses-
sions (power cycles of the device) and across users (if the stored features are shared). Persistence
of data on mobile devices opens up a variety of applications where users could now annotate
items in large areas, like an of�ce space with virtual signage and navigation instructions, or pro-
vide contextual control panels for things like projectors and automation equipment. Imagine
adding live AR content to theaters, concert venues and sporting events where additional effects
and information can be commonly broadcast to each viewer, even though they are at different
vantage points in the space.

The key to seamlessly supporting persistent content between two AR sessions is that devices
need to instantly and accurately relocalize themselves in six-degrees-of-freedom (6DOF) in a
reference frame that is �xed and external to the devices.In state-of-art systems, this relocalization
is achieved by comparing current camera data with stored visual features. While extremely
promising, vision always suffers in environments devoid of visual features, with lack of texture,
with changes in lighting and when the scenery changes over time due to moving furniture or
people. As a result, in many cases, this relocalization process either takes an extended period of
time or fails. In addition, visual relocalization in large areas requires searching through many
candidate feature matches, which can become expensive if an initial location estimate is not
provided. It is often the case that the user must walk around and view several areas of a scene
before visual relocalization is able to take effect. We are optimistic that vision will continue
to improve, but there are certain environments like of�ce cubicles, hospitals or parts of airport
terminals where even humans have trouble �guring out their location without exploring.

To overcome the limitations of a purely vision-based approach, we advocate using a local-
ization infrastructure of range-based beacons which do not drift over time, are robust to environ-
ment dynamics and are based in a global reference frame that is not device- or session-dependent.
Building on various approaches presented in this dissertation, we demonstrate multi-user persis-
tent augmented reality on mobile devices by fusing data from beacon ranges, magnetic �eld and
VIO to instantly and accurately relocalize mobile devices. Figure 1.3a illustrates the idea and
Figure 1.3b shows the architecture for enhancing mobile AR [105]. Here, devices share persis-
tent AR data through the cloud. This AR data is represented in an external �xed reference frame
de�ned by the beacons. Each device reads/writes the AR data from/to the cloud and locally rep-
resents it in its own AR reference frame. Each AR session assumes a reference frame (AR frame)
upon startup of an AR app, and the pose is locally tracked in this reference frame. In order to
convert AR data between the AR frame and the external �xed frame, each device continuously
estimates its transformation between its local AR frame and the external �xed reference frame
and applies this transformation on the objects.

Figure 1.3b shows the process for estimating and applying this transformation, by building
on various concepts introduced in this dissertation. We build and demonstrate this application
with ultrasonic beacons described in Section 2.1. First, we set up beacons using the placement
toolchain described in Section 3.6. The result of this process is the beacon map. As users walk
around the environment, the magnetic �eld is mapped using the process described in Section 6.2,
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(a) System architecture

(b) System components

Figure 1.3: Improving mobile augmented reality using range-based beacons
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(a) AR annotation of spaces (b) Find-a-friend application

Figure 1.4: Augmented reality demonstration applications

to generate the magnetic map by fusing beacon ranges, VIO and the magnetic �eld data. When
users initiate the AR app, we incorporate the concepts from the �oor-plan aware solver, described
in Section 4.2, to initialize the location using beacon ranges. The orientation is acquired using
VIO and the magnetic �eld. Subsequently, as users move around, the location and orientation
are tracked by fusing VIO and beacon ranges. We estimate the transformation between the AR
frame and the beacon frame using the process described in Section 6.2. This transformation is
applied on the AR objects as they are transferred between the cloud and the AR API for scene
rendering and display. The system continues to update the magnetic �eld map and the beacon
map while updating the transformation in real-time.

Figure 6.11 demonstrates two persistent AR apps. In Figure 1.4a, two users are looking
at a virtual solar system that is stationary in the environment. This app is representative of
applications where indoor environments are annotated with AR content tied to physical locations.
Figure 1.4b shows a user seeing two other users in AR in real-time. The user's device shows the
location of the other users in red and cyan color augmented points. This is representative of a
�nd-a-friend application. These apps present a proof-of-concept for using beacons integrated
with VIO to provide persistent AR on mobile devices.

In the future, our approach could easily be integrated with low-level visual relocalization to
support areas with sparse or no beacon coverage. Given a high-con�dence location and orien-
tation, the search space for visual relocalization can be dramatically reduced and the tolerance
for matches can be relaxed. Though demonstrated on a mobile AR platform, this same approach
would easily apply to headsets or similar localization platforms that require full pose information.

1.5.2 Application 2: An infrastructure-free localization for �re�ghters

Tracking the location of �re�ghters and search and rescue teams is critical for both safety and
ef�ciency. Currently, �re�ghters often rely on either rope search or sectored sweep coverage
strategies that can be both dangerous and slow. Given the hostile nature of burning structures
and the time-critical nature of missions,we require a system that can track �re�ghters without
any pre-installed internal and limited external infrastructure, and without assuming knowledge
of the structures layout.For a system to be practically adopted at scale, it also needs to be
low-cost and extremely simple to con�gure and deploy.
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Figure 1.5: Architecture for infrastructure-free �re�ghter localization

To solve this problem, we propose an approach that combines time-of-�ight Ultra-Wide Band
(UWB) ranging radios and inertial measurement units. The system architecture is shown in Fig-
ure 1.5. We envision a system consisting of a small number of external beacons present on
emergency service vehicles that drive up to the building perimeter and a small wearable unit
attached to each �re�ghter's belt or air pack. Each external beacon would have a GPS receiver,
sub-GHz LoRa radio, UWB radio and air pressure sensors. The wearable unit on each �re�ghter
would have similar hardware with the addition of an IMU.

Next, we describe how the concepts introduced in this dissertation apply to the infrastructure-
free localization system. Since we cannot rely on pre-existing infrastructure in the building, the
beacons on the emergency vehicles act as a reference for localization. As �re�ghters exit the
vehicles and move towards the buildings, we begin to perform simultaneous localization of the
�re�ghters and mapping of the beacons by applying the concepts that we introduce in Section 5.4.
To aid in quicker convergence of the orientation, we use the magnetic �eld information and
rely on the compass outdoors to acquire a coarse orientation upon startup, as in Section 6.2.
As �re�ghters move into the building, we continue to track their location by combining the
UWB ranges and inertial sensor data by building on the concepts in Section 5.2. Over time,
by combining the inter-device ranges and the mobility data from sensors, the joint location of
�re�ghters over time form a virtual dense network; the location of the nodes of the network can
be solved by graph realization techniques. In the prototype system that we built, we (1) localize
the mobile devices by ranging to beacons, (2) relay this information in real-time to an external
console, representative of the safety chief's display, (3) allow the safety chief to provide inputs
through a GUI on the location of hazards and (4) use augmented reality to overlay the hazard
information and the location of other mobile devices on each mobile device's display. Figure 1.6
shows the snapshot of our prototype system. The display on the left shows the safety chief's
interface. The red and blue dots are tracking the real-time position of two mobile devices. The
safety chief places �re hazards (shown in orange triangle), based on information conveyed by
a part of the team. This information is relayed in real-time to the mobile device (shown on the
right) and displayed in augmented reality to the rest of the team. In the future, we can build on
concepts in mobile network localization [115] and also leverage drones to expand the localization
coverage. We also envision that �re�ghters' self-contained breathing apparatus (SCBA) face
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Figure 1.6: Snapshot of the prototype system for infrastructure-free �re�ghter localization sys-
tem
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masks can be provisioned with a smart display that allows visual information such as the location
of other �re�ghters and the presence of hazards to be overlaid on the display. Being able to
precisely estimate location and orientation of all devices instantly in the same frame of reference
is key to enabling this application.

1.6 Organization of this dissertation

This dissertation is organized as follows. In Chapter 2, we describe two ranging platforms on
which we implement and evaluate our approaches. Then we ask the question, “Where should
one place the beacons?” This question is answered in Chapter 3, and we provide a toolchain
that system designers can use to experiment with beacon placement strategies. Then we answer
the question, “How should one estimate the location accurately and instantly?” In Chapter 4, we
present a solver for location acquisition. In Chapter 3 and Chapter 4, we do not consider user
mobility. In Chapter 5 and Chapter 6, we consider user mobility. In Chapter 5, we use mobility
to create a map of the �oor plan and the beacons. We build on this in Chapter 6 to create a map
of spatially varying signals, in particular the magnetic �eld, which we then use for orientation
acquisition. We conclude with future directions in Chapter 7.
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Chapter 2

Range-Based Beacon Platforms

The methods presented in this dissertation are implemented and evaluated against two rang-
ing platforms: an ultrasonic ranging platform that we designed and an ultra-wideband (UWB)
ranging platform that is commercially available. The ultrasonic ranging platform localizes un-
modi�ed phones and the UWB platform localizes other UWB tags.

2.1 Ultrasonic ranging platform

The ultrasonic platform performs ranging to unmodi�ed phones and is elaborated on in [65, 66,
67, 104]. Figure 2.1 shows the system architecture and the hardware design of our beacons and
gateway board. The platform, shown on the left, is based on a multi-standard BLE and IEEE
802.15.4 SoC (TI CC2650) connected to a192kHz audio codec (running at48kHz), a MEMS
microphone (for inter-beacon ranging or for future uses like ultrasonic motion detection) and an
array of speakers connected to two Class D speaker ampli�ers. The hardware can transmit two
arbitrary sound waveforms up to80kHz from one to four speakers simultaneously. The gateway
board, shown on the right, contains similar hardware with the addition of a IEEE 802.15.4/BLE
power ampli�er and an FTDI USB-to-serial interface for connecting with a computer. The bea-
con nodes are synchronized using IEEE 802.15.4 from the gateway devices and then broadcast
BLE packets that can be used to trigger normal Bluetooth proximity services on mobile phones,
as shown in Figure 2.1a. These wakeup signals can in turn begin decoding ultrasound for im-
proved accuracy. We adapt the signal and demodulation approach from [66] that utilized ultra-
sonic chirps that are just above human hearing range, but can still be detected by mobile devices
like smartphones, tablets and computers. Since upchirps and downchirps are primarily orthog-
onal, we can transmit both at the same time without interference. Each chirp in our system is
sized to be110ms in length with 2.6ms between successive chirps. To support four sectors, we
can shift one pair of up/down transmissions in time with a neighboring beacon. Each beacon is
given a unique time slot that is350ms in length to transmit its ranging signal. It is also worth
noting that the overlapping transmissions are not only orthogonally coded, but also transmitted
in opposite directions in the horizontal plane.
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(a) System architecture

(b) Hardware

Figure 2.1: Ultrasonic ranging: System architecture and platform design
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Figure 2.2: Achieving ToF ranging from TDoA by estimation of timing offset between target
device and beacons

2.1.1 Time synchronization

As seen in Figure 2.1a, the beacons are synchronized using 802.15.4 packets. However, the
phones are not capable of being synchronized with 802.15.4. With the beacons synchronized to
each other but not to the phone, we can perform localization using TDoA. However, if we recover
the clock from the network of beacon on the phone, we can perform ToF ranging which requires
one less beacon than TDoA. As is often the case with range-based systems, time synchronization
between beacons and the smartphone is challenging due to the timing uncertainties in the smart-
phone. To overcome this challenge and synchronize the phone to the beacons, we propose two
approaches below that allow us to recover the global clock on the device being tracked.

Approach 1: TDoA to ToF

In an early version of the system, we synchronized the phone to beacons by performing TDoA
localization when suf�cient beacons were in LOS, then estimated the timing offset between the
beacons and phone, and used this timing offset to synchronize the phone to the beacons to sub-
sequently perform ToF ranging. This process is described below:

Figure 2.2 shows the layout of three transmitters and a receiver in 2D space, and their cor-
responding notions of time. We consider the receiver's clock to be offset byTof fset from the
transmitter's clock. Synchronization is achieved by estimating this offset. Typically this time
offset is not estimated, since the TDoA equations are used to directly estimate the position of
the receiver [56]. However, the time offset can be obtained easily once the position has been
estimated, as explained below.

(X i ; Yi ) denotes the position of transmitteri for i = 1; 2; 3 and is assumed to be known.
The position of the receiver(x; y) is unknown.di is the distance between transmitteri and the
receiver and is given by:

di (x; y) =
p

(X i � x)2 + ( Yi � y)2
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The ToF of the audio signal from transmitteri to the receiver is given by:

TOFi =
di (x; y)

V

whereV is the speed of sound.
The corresponding arrival time of the signal measured by the receiver is theTOAi , given by:

TOAi = TOFi + Tof fset

TOAi =
di (x; y)

V
+ Tof fset

The receiver needs to estimateTof fset givenTOAi and(X i ; Yi ) for i = 1; 2; 3. To estimate the
Tof fset , we �rst estimate the position of the receiver. To estimate(x; y), we use the standard
multilateration technique [56] by eliminatingTof fset and arrive at the TDoA equations. We then
�nd the (x; y) that minimizes the sum of squares of error (� ) in TDoA.

Measured TDOAij = TOAi � TOAj

True TDOA ij =
di (x; y) � dj (x; y)

V

� T DOA ij (x; y) =[ TOAi � TOAj �
di (x; y) � dj (x; y)

V
]2

(x̂; ŷ) = argmin
x;y

X

(i;j )
1� j � N

j 6= i

� T DOA ij (x; y)

We next estimateTof fset from (x̂; ŷ) and the TOA by:

^Tof fset =
1
3

� 3X

i =1

�
TOAi �

di (x̂; ŷ)
V

� �

In this manner, as part of the TDoA calculation, it is possible to estimate the instant when
each signal was originally transmitted, and we can use this to synchronize the audio stream
with respect to global time. This can then be used as a reference for application-level time-
stamping. Time-stamping of audio events based on their position in a buffer completely removes
any sources of delay from the operating system or networking stack. Given the relatively small
amount of jitter seen when sampling audio, it also stands as a reasonable alternative for synchro-
nizing other events, e.g., to perform cooperative ranging between two mobile phones.

Approach 2: BLE-based time synchronization

In the second approach, we do not rely on TDoA-based positioning at startup. Instead, the
system supports ToF upon startup. We use controlled BLE advertisement packet arrival timing
to tightly synchronize between an application running on a smartphone and beacons. We design
a software Phase Loop Lock (PLL) that is able to recover the clock from our beacons after just
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(a) UWB beacon (b) UWB tag with tablet

Figure 2.3: UWB platform based on Decawave used for evaluation

a few cycles [104]. Using this approach, the resulting error during the steady state of our clock
synchronization scheme is well under1ms, and 96% is within[� 200; 200]� s. According to
data from [67], the clocks on iPhones are stable enough that they can remain synchronized to
below one millisecond for tens of minutes. We use this platform for evaluating the proposed
algorithms and for demonstrating the multi-user persistent mobile augmented reality system and
applications.

We use this platform for the models used in beacon placement in Chapter 3, for evaluating
the location acquisition in Chapter 4, for evaluating the �oor plan mapping in Chapter 5 and for
building a prototype of the multi-user persistent augmented reality applications presented earlier
in Chapter 1.

2.2 Ultra-wideband (UWB) platform

We built a prototype ToF RF ranging system using Decawave UWB radios. In contrast to acoustic
ranging, RF signals penetrate surfaces more easily, representing another common signal prop-
agation model. Decawave currently has a small UWB and BLE module [6] that can be easily
attached to phones in order to range with UWB and provide position information over Bluetooth.
In our prototype, we use a DWM1000 module connected to a Raspberry Pi Zero W shown in
Figure 2.3a. The UWB hardware is identical for beacons and tags. For the mobile receiver, we
stuck a UWB tag to a smartphone/tablet shown in Figure 2.3b. In our implementation, we used
three-way ranging between beacons and tags. For debugging and simplicity, the beacon sensor
data and the VIO data from the mobile devices are published to a MQTT topic. The solver
subscribes to this topic and estimates the location.

We use this platform for evaluating the beacon mapping in Chapter 5, the pose acquisition in
Chapter 6 and for building a prototype of the infrastructure-free localization system for �re�ght-
ers presented earlier in Chapter 1.
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Chapter 3

Beacon Placement

In this chapter, we answer the question - For a range-based localization system, given the �oor
plan, where should the beacons be placed? [103]

3.1 Introduction

Beacon placement in the real world faces the con�icting objectives of reducing the number of
beacons (for cost reduction) and increasing system coverage, accuracy and resilience. Current
methods to deploy beacons in order to ensure comprehensive localization coverage either require
domain experts who leverage intuition and heuristics, or over-provision indoor spaces with more
beacons than required. Minimizing the number of beacons is particularly important as these sys-
tems transition from small deployments, mainly used for demonstration purposes, to commercial
ones across large real-world spaces such as airports, museums, malls and industrial buildings. In
these environments, a systematic beacon placement methodology will have a signi�cant impact
in terms of cost savings, thus facilitating adoption of emerging range-based localization tech-
nologies. In this chapter, we aim to examine the beacon placement problem, with a focus on
practical implications while optimizing for coverage and beacon count.

First, we attempt to reduce the number of beacons. Existing approaches for trilateration
require three or more beacons (in 2D) to determine a unique location solution. However, it
becomes expensive to provision all regions in a building with three or more beacons. To reduce
the beacons, our key insight is that it is possible to compute a unique location estimate without
ambiguity with only two beacons by leveraging prior knowledge of the map and a model of the
beacon coverage. To translate this idea to a beacon placement strategy, �rst we describe a way to
compute whether a location is Uniquely Localizable by a beacon con�guration. Then we de�ne
a new metric that quanti�es the beacon con�guration quality based on the Unique Localization
coverage it provides for a �oor plan. With this basis, we design a beacon placement strategy that
aims to minimize the number of beacons required, while maximizing the localization coverage.

Next, we quantify the localization accuracy provided by a particular beacon placement. For
this, we adopt the Geometric Dilution of Precision (GDOP) metric from the GPS literature.
GDOP, a unitless quantity, is an analytical function of the geometry between the beacons and the
target. It bounds the location accuracy attainable based on the geometry of the satellites [81].
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While we could adopt the GDOP metric from outdoors to indoors, there are differences due to
the symmetric deployment of satellites around the earth and the rather asymmetric deployment
required of beacons indoors due to barriers and signal attenuation through walls. As a result,
in low beacon density areas indoors, multiple ambiguous solutions produce errors, which are
unfortunately not re�ected by the GDOP. Further, under certain poor beacon geometries, the
standard GDOP metric can grow towards in�nity, making it dif�cult to incorporate it to quan-
titatively compare beacon con�gurations. To overcome these problems, we de�ne a modi�ed
indoor GDOP metric that �rst incorporates whether a location is Uniquely Localizable and then
computes the Cumulative Distribution Function of the indoor GDOP over the regions that are
localizable. This directly allows us to compare the localization quality across beacon con�gura-
tions. The localization quality is an indication of the beacon con�guration quality. This guides
us to design a beacon placement strategy that aims to minimize the number of beacons required,
while maximizing the localization accuracy in addition to coverage.

We then integrate these metrics and insights into a beacon placement algorithm. The algo-
rithm uses the coverage of candidate beacon locations to segment the �oor plan into disjoint
zones, each of which is covered by a unique candidate set. Then, it iteratively selects a beacon
among the ones that cover the largest unlocalized zone. The selection criteria is greedy; the bea-
con that maximizes the improvement in the beacon con�guration quality is selected. The beacon
con�guration quality can be speci�ed by the system designer to be based on either coverage or
accuracy.

We also have to consider several practical factors while solving this problem. First, bea-
con coverage depends on the physical technologies, which vary in their maximum range and
signal permeability through walls. For instance, acoustic/ultrasonic signals are con�ned to
walls, while RF signals exhibit high penetration. Second, physical factors constrain the de-
ployment. For instance, one may prefer to place beacons with convenient access to power out-
lets or where they do not disrupt the aesthetics of the space. Third, indoor spaces have rich
semantics that lead to different localization accuracy requirement across different areas. For
instance, room-level accuracy might be suf�cient in certain areas, while sub-meter accuracy
within a room might be required for audio guides in museums. To accommodate these practi-
cal constraints, we designed a MATLAB-based toolchain where users can provide a �oor plan
and specify the beacon range and potential locations to place beacons. We have implemented
the beacon placement algorithms in the toolchain. The toolchain is open source and available at
https://github.com/WiseLabCMU/BeaconPlacementToolchain.git.

This chapter is organized as follows. In Section 3.2, we describe the related work in beacon
placement. In Section 3.3, we formulate the beacon placement problem and describe the model
and our assumptions. In Section 3.4, we propose a method to integrate the �oor plan informa-
tion with beacon coverage. We introduce our approach of localizing with two beacons and the
concept of unique localizability in Section 3.4.2. In Section 3.5, we build on this to design an
indoor-GDOP metric that accounts for localization accuracy in addition to coverage. We incor-
porate these metrics to design a beacon placement algorithm that we describe in Section 3.6.
Finally, in Section 3.7, we illustrate the MATLAB-based toolchain which allows users to specify
deployment inputs and suggests beacon locations based on the proposed algorithms. We present
the results of the beacon placement approaches in Section 3.8.
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3.2 Related work

In this section, we �rst discuss prior work in beacon placement that ensures coverage across
all regions in a building, and then discuss prior work in beacon placement that accounts for
localization accuracy.

Beacon placement for coverage

Mathematically, the problem of beacon selection for unique localization is closely related to
the classical Art Gallery problem in computational geometry [90]. The goal of the Art Gallery
problem is to �nd the minimal set of guards such that every region in a �oor plan is covered
by at least one guard. The Art Gallery problem is NP-hard even for simple polygons [69].
For any simple polygonP with n vertices, it has been proven thatbn=3c guards are always
suf�cient [27] and sometimes necessary. For a polygonP with h holes, it was shown thatP can
be guarded withdn+ h

3 e guards [20, 50]. This problem has been proved to be APX-hard [36],
implying that it is unlikely that any approximation ratio better than some �xed constant can be
found. In [43], it is shown that a logarithmic approximation may be achieved by discretizing the
input polygon into convex subregions. Also related to our work is thek-coverageset problem
where the goal is to �nd the minimum set that covers all the points at leastk times. Thek-
coverage problem is NP-hard as well, but several approximation algorithms have been proposed
for this class of problems. Cormen [30] applied a greedy approach for thek-coverageproblem
with aO(k logn)-approximation solution, wheren is the number of points. The"-net technique
was introduced for this problem when the sets have constant VC-dimensions and was shown to
achieve approximation factorO(log OPT), where OPT is the optimal solution.

Our problem is not the Art Gallery problem or thek-coverageproblem, because each point
in the domain has to be Uniquely Localized, which can be achieved by two or three beacons,
depending on geometry.

Beacon placement for localization

In order to �nd beacon con�gurations that minimize the localization error at a given target lo-
cation, several authors have studied optimal beacon geometries that minimize the Cramér-Rao
bound (CRB) [57] or the GDOP [94, 121]. ForN � 3 beacons, optimal placement can be ob-
tained when the adjacent beacons subtend an angle of2�

N or �
N about the target, and forN = 2

beacons, optimal placement is when the two beacons subtend an angle of�
2 about the target

[18, 113].
Though the optimal placement for a single target is well understood, the optimal placement

for multiple target locations, a target trace and a target area for range-only systems are still open
problems. [128] shows that the generalized sensor placement problem is at least as hard as
the k-center problem, which is NP-complete. They present a solution based on integer linear
programming for a triangulation-based system, but the complexity for trilateration is similar.
Due to the complexity of the problem, most proposed solutions involve designing heuristics
and utilizing optimization techniques. [13] explores computational-geometry-based heuristics
for determining the location of beacons given a prede�ned trace of a robot by de�ning a utility
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metric that is a function of the number of beacons in range and the convex hull of beacons. The
quality of a con�guration is evaluated using the integral of the utility function. Our work is
similar in the respect that we also account for the coverage of the beacons, but differs since the
metric they propose is purely based on coverage and not accuracy. [142] proposes a heuristic
for Quality of Trilaterationthat is based on the probability that a location estimate is within a
given radius of the true location. However, this approach is for a network of nodes where a
node localizes itself with respect to three other nodes given a prior distribution on the expected
inter-node distances. [70] and [110] propose beacon placement algorithms based on their own
metrics to quantify the quality of a beacon placement, which is a function of the GDOP over the
desired localization area and ratio of the area which cannot be localized. [70] classi�es areas
that are localizable based on whether the GDOP is above or below a threshold and use a genetic
algorithm approach for placement. [110] considers the average GDOP over the areas that are
localizable and implements a meta-heuristic optimization strategy. [62] looks at the problem of
beacon placement while localizing with range-based beacons with a limited �eld of view. They
propose a heuristic based on the GDOP being below a certain threshold and propose a placement
algorithm for the same, but they consider only a single room case wherein the beacons are placed
on the periphery of the room, avoiding any ambiguity in solution. These approaches are similar
to our work, but do not consider the minimal beacon count placement for areas and require three
or more beacons to provide coverage.

3.3 Problem formulation

The beacon placement problem is as follows: Given a �oor plan and a set of candidate beacons,
our goal is to select the smallest beacon con�guration that can localize all points in a �oor plan.

3.3.1 De�nitions

We de�ne the following terms:
De�nition 3.1. (Floor plan X ): The �oor plan represents the regions or points to be localized.
We represent the �oor plan as a polygon. Any permanent walls and obstructions inside are
modeled as holes in the polygon. We discretize the polygon to a set of pointsx i , wherex i

represents the(x; y) coordinates of thei th point.

X = f x i j1 � i � NX g (3.1)

De�nition 3.2. (Candidate beaconsP): The set of locations where we can place a beacon are
called the candidate beacons. We represent this set asP. Each elementpi represents the(x; y)
coordinates of the candidate location. The beacons are placed inside the �oor plan.

P = f pi j1 � i � NP ; pi 2 X; N P � NX g (3.2)

P � X (3.3)
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De�nition 3.3. (Beacon con�guration B): Any subset of candidate beacons form a beacon
con�gurationB.

B = f bi ; j1 � i � NB ; NB � NP g (3.4)

B � P (3.5)

(3.6)

The problem of localizing all regions is solvable only if the setP localizes allX . For example,
if we place beacons at all candidate locations, all �oor plan points are localized. When this
condition is meet, we can have several possible con�gurations that localize the entire �oor plan.
Our goal is to �nd a minimum setB such that all points inX are localized by the beacons located
atB .

3.4 Coverage-aware beacon placement

Key to our approach is leveraging the beacon coverage. Below, we de�ne the terms associated
with coverage. The coverage map is the mapping between beacons and the locations covered by
the beacons, or vice versa.
De�nition 3.4. Locations in coverage of a beaconCB (b); b 2 B: Set of all locations in the
�oor plan that are covered by the beaconb.

CB (b) � X (3.7)

De�nition 3.5. Beacons in coverage of a locationCX (x); x 2 X : The individual beacon's
coverages are combined to get the set of beacons in coverage of a point.

CX (x) � B (3.8)

De�nition 3.6. Zone zi : Given all points in the �oor planX and the set of candidate locations
B with the coverage map, the �oor plan gets partitioned into disjoint regions such that all points
in the same regions are covered by exactly the same set of beacons. We call these disjoint regions
“zones.”

Z = z1 [ z2 [ � � � [ zNZ (3.9)

8zi ; zj ; i 6= j; z i \ zj = ; (3.10)

zi = f x i 2 X jCX (x i ) = CX (x j ); x j 2 X g (3.11)

CZ (zi ) = CX (x i ); x i 2 zi (3.12)

Now that we have de�ned coverage, next we describe how to generate the coverage models.
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(a) Ray tracing
(b) Ray tracing with
limited range

(c) Unit disk

(d) Finite penetration
through walls

Figure 3.1: Types of beacon coverage models

3.4.1 Models and assumptions

In this section, we elaborate on the models and assumptions of our proposed placement technique
that leverages beacon coverage models and knowledge of the �oor plan. First, we assume that
the �oor plan impacts and determines the beacon coverage. We elaborate on this in Section 3.4.1.
Among the possible coverage types, we assume the ray-tracing coverage for our analysis. This
is elaborated on in Section 3.4.1. We also make assumptions on the LOS noise model while
incorporating localization accuracy into the placement algorithm. The experimental validation
of the LOS noise model is discussed in Section 3.4.1. Finally, in Section 3.4.1, we discuss the
validity of our assumption of a 2D world rather than 3D.

Floor-plan based beacon coverage

Beacon coverage is determined by the interaction of the signals from the beacons with the �oor
plan. Figure 3.3 shows four types of coverage models. Figure 3.1a shows a ray tracing cover-
age model common to acoustic/ultrasonic ranging systems. Here, the signal does not penetrate
through walls. This model can be extended to RF-ranging systems where low-level signal prop-
erties can distinguish between a direct LOS signal and a NLOS signal through a wall. As a
result, we can detect and eliminate the NLOS signals and hence reduce the signal propagation to
a ray-tracing model. Figure 3.1b shows a ray tracing coverage model with limited beacon range.
Typically the ranging technology would be designed to report ranges only if the SNR is above a
certain threshold. This results in a limited beacon range in large spaces. Figure 3.1c shows an
arbitrary coverage model where the range reduces when the signal penetrates through walls, as
is common for several RF-based technologies. However, modeling this type of coverage given a
�oor plan is hard, as the signal penetration depends on the properties of the barriers. Figure 3.1d
shows a unit disk coverage model that is commonly used for analysis, but in practice it is rare
to have this type of coverage. Contrary to the other models, this model assumes that the signal
penetration is unaltered through walls. In our implementation, we assume the ray tracing model
with and without limited range (Figure 3.1a-Figure 3.1b).
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(a) Coverage of beacon
(Multi-Corridor map) (b) Coverage of beacon

(Map 1)

(c) Range measurement error
(Multi-Corridor map)

(d) Range measurement error
(Map 1)

Figure 3.2: Experimental characterization of coverage and range error for ultrasonic beacons

Ray tracing model

The ray tracing beacon coverage model assumes that �oor plan limits beacon coverage. As a
result, out-of-coverage locations do not receive range measurements from beacons, and loca-
tions in coverage receive measurements with low error. In reality, while the system is in use,
we receive non-line-of-sight (NLOS) signals (due to signals re�ecting off walls or penetrating
through walls). We cope with NLOS signals while estimating location. In Chapter 4, we dis-
cuss a location solver that can localize using range measurements from low-density LOS and
high-density NLOS beacons, with knowledge of the �oor plan. With a high enough density of
LOS, we can cope with NLOS without using the �oor plan by checking for consistency among
the LOS measurements [72, 137]. When we have access to other sources of information, such
as the low-level properties of the physical signal, other schemes can be used for detecting NLOS
range measurements, which we elaborate on in Section 4.1.2. Our ray tracing model is motivated
by the fact that in practice the LOS signals are predictable, but the NLOS signal paths are not
predictable. We recommend designing the beacon placement for LOS coverage and coping with
NLOS signals while estimating location.
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LOS ranging noise model

The ray-tracing coverage model determines the regions in and out of the coverage of beacons.
In an ideal world, locations in coverage of a beacon would receive range measurements with no
error. In reality, range measurements are noisy. For our analysis, we assume that LOS range
measurements have zero mean constant variance additive Gaussian noise, and that NLOS range
measurements have an additive noise that is positively biased (expected value higher than zero).
Figure 3.2c and Figure 3.2d show the distribution of the LOS and NLOS ranges of an ultrasonic
ranging system [66] on two �oor plans, for 5-6 beacons with at least 500 range measurements
taken uniformly across all regions in the �oor plan. We observe that when the beacons are in
LOS, the range measurements have nearly zero bias and almost constant variance. There is no
appreciable change in variance of the range measurements with distance up to10m. This is
likely due to the SNR being suf�ciently high that the distance from the beacon does not affect
the ranging accuracy.

Two-dimensional beacon placement

We solve the beacon placement problem in 2D, but in practice, we deploy beacons in 3D space.
The natural question that arises is, “Does the 2D beacon placement strategy apply for a 3D
deployment?” The proposed approach and concepts extend from 2D to 3D space, allowing the
same strategy and tools to be applied for 3D beacon placement. In our experience of deploying
these systems in the real world, we see that indoor spaces typically vary in the x-y plane rather
than the z plane. If we deploy beacons close to the ceiling and the target device is held by a
user nominally around 1m from ground, a 2D model holds as most temporary obstructions in the
environment, e.g., chairs and tables, would not impact the direct signal between the beacon and
target device. However, the 2D model assumption would not hold for a 3D deployment when
beacons are deployed at �oor level and blocked by objects, or when beacons are deployed at
ceiling level and tall obstructions such as cubicle partitions block the target device held from
the beacon. For practical purposes, the beacons can be deployed at ceiling level in most public
spaces such as airports, museums and malls, and the 2D coverage will be applicable. The choice
of whether to solve for beacon placement in 3D or to solve in 2D and deploy beacons at the
ceiling should be made based on whether the end-application requires 2D positioning accuracy
or 3D positioning accuracy. For instance, if accuracy in thez-axis is important, the beacons
should be well spread out along thez-axis to improve the diversity. However, for applications
such as way�nding indoors, where z accuracy is not critical, a 2D beacon placement approach
will suf�ce.

3.4.2 Unique localization with reduced beacons

Consider the two-beacon scenario in Figure 3.3a, with beaconsb1 andb2, with the receiver's true
location asa. The locationa0 also receives the same range measurements and thus we cannot
disambiguate betweena anda0. However, by making use of beacon coverage information, it is
possible to disambiguate between the two locations under the condition that the set of beacons
providing coverage is different fora anda0. Applying the coverage model of the beacons across
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(a)
(b)

(c)
(d)

Figure 3.3: Localizing with two beacons based on beacon coverage. (a) Localization ambiguity
with two beacons (b) Ideal ray-tracing: In�nite range, permeability= 0 (c) Unit disk coverage:
Fixed �nite range, permeability= 1 (d) Arbitrary coverage: 0< Permeability< 1
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Table 3.1: Legend for different coverage classes based on number of beacons in range and unique
localization

the �oor plan partitions the �oor plan into distinct zones, each covered by a unique set of beacons,
shown in Figure 3.3. Figure 3.3b shows ideal ray-tracing coverage. In Figure 3.3b(i), with the
ray-tracing coverage model, we see that the zone inside the �oor plan hasCZ = f b1; b2g and the
zone outside the �oor plan hasCZ = fg . If the true location isa and the ranges fromb1 andb2

are received, we can disambiguate the locationa from a0, sincea0 cannot receive measurements
from b1 and b2. Effectively, a and a0 are located in different zones. In Figure 3.3b(ii), both
zonesz1 andz2 are covered byb1 andb2, and in addition,z2 is covered byb3. Here, though
botha anda0 receive the same ranges fromb1 andb2, we can disambiguate them sincea0 would
receive a range measurement fromb3 as well. In both Figure 3.3c (with unit disk coverage) and
Figure 3.3d (with arbitrary coverage), we can resolve the locationa from a0, andd from d0, since
the two ambiguous locations have a different beacon coverage, i.e., they are located in different
zones. In this manner, if the localization solver incorporates the coverage information of the
beacons, we can localize using two beacons, instead of three.Though a simple concept, this is
the key insight that results in an approximately 33% reduction in the number of beacons required
across a building �oor plan by using our approach for beacon placement.
De�nition 3.7. Uniquely Localizable: We de�ne a location to beUniquely Localizableif
in the absence of noise, it can be localized without any ambiguity, when range measurements
are received from the beacons that provide coverage to the location. We de�ne the function
UL(x; CX (x)) 2 f 0; 1g, which has a binary output, as:

UL(x; CX (x)) =

8
>>><

>>>:

1; # CX (x) � 3

1; # CX (x) = 2 ; CX (x) 6= CX (x0)

0; # CX (x) = 2 ; CX (x) = CX (x0)

0; # CX (x) � 1

where# CX denotes the cardinality of the setCX andx0 is the re�ection ofx about the line
joining the two beacons in the setCX (x). Note thatx0 is only de�ned when# CX (x) = 2 . We
subsequently use the notationUL(x) instead ofUL(x; CX (x)) .

Table 3.1 shows the color coding for the beacon coverage that we have used in Figure 3.4.
The fourth column shows the value of the binaryUL function. Note that the algorithm does not
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(a) Rectangle �oor plan

(b) L-shaped �oor plan

Figure 3.4: Comparison of multiple beacon con�gurations. Legend forCoveragecolumn is in
Table 3.1
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distinguish between Class 2 and 3 points, but they are shown here for visual purposes. Class
2 points have the ambiguous location outside of the �oor plan, and Class 3 points have the
ambiguous location inside but covered by different beacons. We see from the second column
of Figure 3.4a thatcon�gurations 1, 2, 4and5 have all locations Uniquely Localizable either
due to coverage by three beacons, or in the case of two beacons, the ambiguous location is
outside of the �oor plan. In the case of Figure 3.4b,con�guration 3 has all locations Uniquely
Localizable. In ideal scenarios, any of the con�gurations that Uniquely Localize the entire �oor
plan would provide exact location estimates, and the con�gurations with fewer beacons then
would naturally be desirable. However, in realistic scenarios, these con�gurations would not all
provide the same location accuracy across the �oor plan. When range measurements are noisy,
the location accuracy is dependent on the error in ranging as well as geometry between beacons
and the receiver, as elaborated on in the next section.

3.5 Incorporating localization accuracy with Geometric Dilu-
tion of Precision (GDOP)

A useful guideline to quantify the location accuracy is the Cramér-Rao Bound (CRB), the lower
bound on the variance in the location that can be achieved by an unbiased location estimator [57].
The results presented in this section are derived from [121], [94] and [93]. For 2D trilateration
systems, it has been shown in [121] that with an unbiased estimator, the CRLB variance of the
positional error� 2(x) at locationx, as de�ned by� 2(x) = � 2

x (x) + � 2
y(x) is given by:

� 2(x) =

P N c
k=1 � � 2

r;i
P N c � 1

k=1

P Nc
j = k+1 � � 2

r;k � � 2
r;j A2

kj

Akj = jsin(� k � � j )j

where� 2
r;k is the variance in range measurement of beaconk, Nc is the number of beacons in

CX (x) and� k is the angle betweenbk andx.
Under the assumption that the range measurements are independent and have zero-mean

additive Gaussian noise with constant variance� 2
r , this reduces to:

� (x) = � r �

s
Nc

P N c � 1
k=1

P N c
j = k+1 Akj

� (x) = � r � GDOP (x)

The GDOP [81] is a function of the angles between the targetx and beaconsCX (x), and is
given by :

GDOP (x) =

s
Nb

P Nb� 1
k=1

P N c
j = k+1 Akj
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The CRB is directly proportional to the GDOP, and as seen in Section 3.2, several authors
have used GDOP to quantify the location accuracy. We are using the notationGDOP (x) instead
of GDOP (x; CX (x)) . The third columnGDOPin Figure 3.4 shows a GDOP map of six repre-
sentative �oor plans. The GDOP is the worst (highest) along the line joining two beacons, and is
in general better (lower) when the regions are covered by more beacons. As a numeric example,
for a ranging system with standard deviation of the range measurements of10cm, if two beacons
subtend an angle of90� at a target location, the resulting GDOP is1:414and the 2D location
estimate would have a standard deviation of14:14cm.

3.5.1 A modi�ed GDOP metric for indoors

We now formalize our modi�ed GDOP metric to use Unique Localizability, which is given by:

GDOP UL (x) =

(
GDOP (x); UL(x) = 1

NaN; UL(x) = 0

The fourth column of Figure 3.4 shows theGDOP UL metric. For most con�gurations, it
is the same as the GDOP metric. But forcon�guration 3 of Figure 3.4a andcon�guration 2 of
Figure 3.4b, where there existClass 4locations with the two-beacon ambiguity problem, the
GDOP UL is not de�ned where Unique Localization cannot be achieved. These cases are now
numerically handled to avoid providing a con�dence on the location estimate when ambiguity
exists in the solution.

3.5.2 Quality of a beacon con�guration (Q)

With our modi�ed GDOP metric, we can now compare beacon con�gurations like those found in
Figure 3.4a and Figure 3.4b. We utilize this in our toolchain which has two modes of operation,
where it can either optimize for Unique Localizability or optimize for both Unique Localizability
and GDOP.

Case 1: UL-based metricQUL : In this case, we attempt to place beacons such that all
regions in the �oor plan are Uniquely Localizable without considering the localization accu-
racy. This could be required in an ideal scenario with no ranging noise where the geometry of
the beacons does not affect the localization accuracy, or when the location estimate is averaged
over a large number of measurements, resulting in low variance. We de�ne the quality of the bea-
con con�gurationB across the �oor planX , as the percentage of area that is Uniquely Localized.

QUL (X; B ) =
P N x

i =1 UL(x i )
# X

� 100

whereUL(x i ) is the binary function that indicates if a locationx i is Uniquely Localizable when
covered by the beaconsCX (x i ), as de�ned in Section 3.4, and# X is the cardinality of setX or
number of points in the �oor plan.

In Figure 3.4a,QUL is 100%for con�gurations 1, 2, 4and5 and28:7%for con�guration 3.
In Figure 3.4b,con�gurations 1, 2and3 haveQUL as74:6%, 48:3%and100%respectively.

Case 2: UL and GDOP-based metricQGDOP UL : TheGDOP UL metric in Section 3.5.1 is
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(a) Rectangle �oor plan (b) L-shaped �oor plan

Figure 3.5: Comparing con�gurations usingquality of beacon con�gurationQGDOP UL for the
con�gurations in Figure 3.4

de�ned for a single location. In order to quantify the quality of the beacon con�guration across
all locations in the �oor plan, we use a heuristic based on the Cumulative Distribution Function
(CDF) of theGDOP UL curve across all locations, as shown in Figure 3.5. For instance, to
comparecon�guration 1andcon�guration 2of the rectangular room, where both con�gurations
have three beacons, we see from Figure 3.5a that60%of the �oor plan has a GDOP less than
1.7 undercon�guration 1, and a GDOP less than 3.0 undercon�guration 2. Alternately,100%
of the �oor plan has a GDOP under 3.0 incon�guration 1 but only60%of the �oor plan has a
GDOP less than 3.0 undercon�guration 2. Hencecon�guration 1 is better, since it has a lower
overall GDOP thancon�guration 2. For con�guration 3, where a large part of the �oor plan is
not Uniquely Localizable, we can see from the CDF plot that only around27%of the �oor plan
is Uniquely Localized. We can see from these curves thatcon�guration 1 is better thancon�g-
uration 2which is better thancon�guration 3. However, it is not obvious howcon�guration 4
andcon�guration 5 compare since the CDF curves intersect. If the goal is to have60%of the
�oor plan with lower GDOP,con�guration 5 is better, but if the goal is to have90%of the �oor
plan with lower GDOP, thencon�guration 4 is better. In our toolchain, the designer can specify
the requirement, but by default we de�neQGDOP UL as the area under theGDOP UL CDF curve.
To compute the area, we need to provide an upper limit on the GDOP. For the plots shown, the
upper limit is conservatively chosen to be8:0, which corresponds to an angle of1:8� between
two beacons and a target. This is equivalent to considering the regions with GDOP worse than
8:0 to not be localizable. For the L-shaped room in Figure 3.4b, we see from Figure 3.5b that
among the con�gurations with two beacons,con�guration 1 is better thancon�guration 2 even
thoughcon�guration 2has better coverage, andcon�guration 3with three beacons outperforms
both these con�gurations. The same metric can be used even if the target area is a prede�ned
path or a �nite set of locations across the �oor plan. In these cases, the CDF would be computed
only over the desired target locations.
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Figure 3.6: Step-by-step results of the beacon placement process (Legend for coverage plots is
in Table 3.1)
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3.6 Beacon placement algorithm

In this section, we present a beacon placement algorithm based on the concepts described in
Section 3.4 and Section 3.5. The inputs provided are the �oor plan, the coverage model of the
beacons and the set of candidate beacon locations. The �oor plan and obstacles are represented as
multiple polygons. The implementation is illustrated by Figure 3.6 for a �oor plan that represents
two rooms connected by a corridor. Figure 3.6(a) shows the �oor plan with candidate beacon
locations shown by black circles. We also designed a tool where the user can draw �oor plans
and mark candidate beacon locations to aid in prototyping.

The algorithm has two modes of operation, based on whether we want to optimize based
on QUL or QGDOP UL . Our tool provides several design options to the user, such as placing
beacons until a �nite number of beacons are placed or placing beacons until some stop criteria is
satis�ed. This stop criteria could be in the form of accuracy requirements across the �oor plan,
for instanceGDOP � 4:0 in 90%of the region. The stop criteria we have used for both modes
of the algorithm is achieving Unique Localization across the entire �oor plan. We describe the
algorithm below.
Step 1: Initialization

� Discretize the �oor plan to generateX .
� Apply the beacon coverage model for each candidate locationbj to generate the coverage

of the beacon con�guration.
� Partition the �oor planX into zoneszi such that allx i that have the same beacon coverage,

CX (x i ), belong to one zonezi .
� For each zone, assign:

Localization Status= 0

Size= number of points in the zone
� Initialize Selected Beacons= fg

Figure 3.6(b) shows the zones generated by ideal ray-tracing coverage with �ve of the largest
zones labeled.
Repeat Steps 2-4 untilLocalization Statusof all zones=1. In every iteration, one beacon is
placed.
Step 2: Select zone
Among the zones withLocalization Status= 0, select the zone with largestSize
Step 3: Select subset of candidate locations
Among all candidate beacon locationsP, select the subsetCX (x i ), wherex i is any point in the
zone. Note that all points in the zone are covered by the same candidates.
Step 4: Among the subset of candidates, select the candidate that maximizes the criteria
given below:

� The selection criteria depends on whether we are optimizing forUL or GDOP UL . Further,
since these metrics are not de�ned for single-beacon cases, we have a different criteria
whenNb, the number of beacons already covering the zone, is zero.

(1) UL and Nb=0: Select the candidate with maximum coverage.
(2) GDOP UL and Nb=0: In order to provide good geometry, select the candidate with the max-
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imum average distance from other beacons for this zone, that are present inSelected Beacons.
(3) UL and Nb 6= 0: Select the candidate that maximizes thequality of beacon con�guration
QUL or the percentage of area Uniquely Localized. To compute this, use the beacons inSelected
Beacons.
(4) GDOP UL and Nb 6= 0: Select the candidate that maximizes thequality of beacon con�g-
uration QGDOP UL or the area under the CDF of theGDOP UL curve. To compute this, use the
beacons inSelected Beacons.

� Add selected candidate beacon location to the setSelected Beacons.
Figure 3.6(c) shows the placement of beacons in theUL mode with the coverage classes shown,
and Figure 3.6(d) shows the placement of beacons in theGDOP UL mode with theGDOP UL

values shown. As can be seen, the selection of the �rst beacon (to localize the zone labeled1 in
Figure 3.6(b)) and subsequent beacons is different for both the algorithms.
Step 5: Re-evaluate zones

� It is possible that a zone is partially localized by the ambiguity being resolved when the
new beacon is placed. In that case, split it into two zones before the next step. AssignSize
andLocalization Statusfor the new zones.

� For all zones: If all the points in the zone satisfy the stop criteria (achieving Unique Lo-
calizability), assignLocalization Statusof zone=1.

As we can see from Figure 3.6(c), the entire �oor plan is localized with only four beacons
while optimizing for Unique Localization. However, the beacons are clustered close together
and the GDOP of the �nal beacon placement, shown in Figure 3.6(e), is poor. On the other hand,
Figure 3.6(d) shows the placement while optimizing for GDOP as well, and places two additional
beacons. The �nal con�guration has a good GDOP and coverage across the �oor plan, as seen
in Figure 3.6(d) and Figure 3.6(f) respectively. If the design requirement was to only place four
beacons, the �rst four beacons would have been placed, with the corridor area not localizable but
with good GDOP in the two rooms.

3.7 Beacon placement prototyping toolchain

We implemented the proposed algorithms in a MATLAB-based toolchain. We considered differ-
ent approaches to generate �oor plans, select initial location candidates and implement beacon
placement algorithms.
(1) Floor plan generation: We implemented these types of �oor plans:

� User drawn �oor plan through our GUI on MATLAB
� Randomly generated simple polygon with user-de�ned number of vertices
� A pre-de�ned �oor plan. This option is for providing real-world �oor plans as inputs.

(2) Candidate beacons:The toolchain allows the user to select parameters of the candidate
beacons. The �rst parameter is the beacon range. The range can be in�nite (Inf ), in which case
it is only limited by the �oor plan boundaries, or can be �nite, speci�ed in meters. The second
parameter is the beacon location. The beacon locations can be vertices or interior points. The
interior points can further be randomly generated or user-speci�ed through the MATLAB GUI.
(3) Beacon placement algorithms:We implemented these placement schemes in the toolchain:
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Floor Plan
Beacon Placement Method

3-beacon
Minimal

UL
Minimal

UL
Algorithm

GDOP UL

Algorithm
Rectangle 3 2 2 2
L-shape 4 3 3 3
Spokes 5 2 2 2
Two-rooms 6 4 4 6
Multi-room 9 6 8 8
Multi-corridor 7 5 5 5
Map 1 11 8 8 9
Map 2 12 8 9 10
Map 3 9 7 7 8
Map 4 21 15 16 16

Table 3.2: Performance of proposed algorithms in terms of number of beacons placed

� User can select beacon locations through GUI
� UL Algorithm: Proposed approach for coverage optimization.
� GDOP UL Algorithm: Proposed approach for accuracy optimization.
� UL minimal: This is the optimal that our algorithm aims to achieve. We obtain this by

searching through all possible solutions.
� 3-beacon minimal: Optimal solution where any points in the domain are covered by at

least three beacons. This represents the best-case scenario with typical state-of-the-art
placement methodology.

3.8 Evaluation

We evaluated our beacon placement algorithm in simulations on 10 �oor plans, which are listed
in Table 3.2. The �rst �ve are smaller �oor plans constructed to represent different geometries
that could occur within larger �oor plans. The next four are real-world �oor plans in buildings
on our university campus, and the last is a �oor plan drawn using our toolchain. TheRectangle
andL-shape�oor plans are shown in Figure 3.4, theTwo-rooms�oor plan is shown in Figure 3.6
and the remaining seven �oor plans are shown in Figure 3.7.

The �rst column of Table 3.2,3-beacon (Minimal)denotes the minimal number of beacons if
all regions are to be covered by at least three beacons as required by trilateration. The second col-
umnUL (Minimal) denotes the minimal number of beacons required under the proposed scheme
where we localize with two beacons. The results for both of these columns are obtained using
brute-force by iterating through every possible beacon con�guration. Note that this is not prac-
tical for larger �oor plans. We see that the proposed scheme results in reducing the number of
beacons by22-60%(33%on average) across these �oor plans as compared to typical approaches
that provide three-beacon coverage in all areas. The most signi�cant improvement is seen for the
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Figure 3.7: Beacon placement result and corresponding GDOP for subset of the �oor plans with
algorithm optimizing forGDOP UL

.
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