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ABSTRACT

Along with the huge growth of mobile devices in recent years we have seen a
matching growth in interest for mobile applications, with location-aware applications
experiencing rapid growth for mobile devices. Radiolocation from measurements of
radio received signal strength has demonstrated excellent precision, although despite
a decade of research there have been no wide-spread deployments of indoor location
systems. The majority of the existing research has been focused towards producing
improved precision at the cost of increased time requirements for system configuration
and maintenance. This thesis proposes taking a step back from increasing complexity
by giving up precision in exchange for simplicity and speed of deployment, while still
providing sufficient accuracy for many indoor location tasks. This is accomplished by
putting aside the standard z,y, z coordinate systems and by using a method based
on defined areas. Carefully choosing the defined areas to include Wi-Fi access points
and to have signal attenuating walls separating the area from the next, this work
demonstrates locational accuracy of over 90% in most cases. While this method is
not applicable to wide open areas that lack signal attenuating features, it is highly

applicable to many indoor environments.
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Chapter 1

Introduction

Mobile devices have led us through an incredible shift in the use of information
technology over the past five years, and this has been primarily due to the mass-
market adoption of the smartphone. The previous growth of the Internet and its
related information technologies over the past two decades has provided us amazing
services, but our connections to it had remained tied down by some form of network
cable. The past decade has brought us wireless local networking and the rapid
adoption of laptops with wireless capabilities, but it has only been since the birth of
Apple’s iPhone that the idea of truly mobile networking has become part of the social
consciousness in North America. The numbers are impressive, with smartphones
accounting for 45% of the mobile phones in the hands of people in Canada [1] and
50% in the United States [2] in early 2012. These devices are not just an alternate
and mobile means of connecting to the Internet: recent research has shown that more
than 47% of young Canadians use mobile devices as their primary connection to the
Internet [3].

This rapid shift in technology has presented a challenge that requires developers
and manufacturers to be very quick to respond. For example, Nokia and devices using
its Symbian operating system were the world market leader only three years ago, until
it was dethroned by Google’s Android in late 2010 [4]. Google’s Android operating
system itself was launched on only one device in February 2009, but by June 2012
there were 400 million activated Android devices in the world and there were one

million new Android devices being activated each day [5]. Simply looking at the past



two years shows how unpredictable this market has been, with well respected market
analysis organizations such as Gartner Inc. giving a market share estimate (October
6, 2009) [6] for 2012 showing Symbian leading at 39%, followed by Android at 14.5%,
iPhone at 13.5%, Windows Mobile at 12.8%, BlackBerry at 12.5%, and Palm at 2.1%.
However, reality has proven much different [7], with Android leading the first quarter
of 2012 with 59.0% of the market, followed by iPhone (iOS) at 23.0%, Symbian at
6.8%, BlackBerry at 6.4%, Linux at 2.3%, Windows Phone 7 (Windows Mobile) at
2.2%, and Palm / others at 0.3%.

During this same period of time, a growing trend of providing information services
that are tailored for each individual user emerged. While targeted advertising may have
been the initial driving factor for this, the side benefit is an increasingly personalized
experience for anyone using the Internet. While Internet services have always had the
ability to collect data regarding their individual users, through their IP addresses and
by ‘“‘cookie”” data stored by their browsers, knowing the location of a user had become
increasingly more accurate over the past few years as databases matching IP addresses
to individual cities have grown and improved [8]. This has led to the development of
improved contextual information services, such as the ability to simply type ‘‘pizza’”

into a web search engine and receive a list of restaurants in the user’s local area.

However, if a smartphone is being used, knowing the IP address of a Internet
user does not translate to knowing that user’s location. This has rapidly changed as
web browsers have recently gained the ability to provide a website with its user’s
location [9]. This may be of limited use in an indoor setting, but its full potential can
be seen with mobile smartphones that have many sources of data for outdoor locations,
such as GPS, the location of the connected cell tower, and Wi-Fi base station 1D

look-up.

Throughout this large market shift, location technologies for outdoor use have
become ubiquitous among the available smartphones, but the lack of a wide-spread
indoor location determination system has remained. There are many reasons for this

and Chapter 2 will overview the previous work to solve this problem.

Most of the previous work focuses on using Wi-Fi radio signals, and the unique
IDs associated with each transmitter, due to their ubiquitous nature: these signals are

literally everywhere, and all access points broadcast those unique IDs to all receivers,



regardless of whether or not a network connection requires a password. While it may
be tempting to use these ubiquitous unique IDs, there are some large difficulties and
physical limitations involved in working with radio signals. Chapter 3 will examine
some of these problems and demonstrate how indoor environments make the difficulties

even larger.

Even with this difficulties there have been some impressive accuracy results with
indoor Wi-Fi location determination systems, as the overview of previous work will
show. Improving a result always comes with some form of cost or trade-off, and in this
case it is in the form of very large time requirements for both the initial configuration

and longer term maintenance.

With trade-offs and compromises in mind, Chapter 4 suggests taking a step back
from existing methods of ever-improving precision, and to look at solving an immediate
problem: even with the large amount of existing research there is, with a few sparse
exceptions, a lack of deployed indoor location methods. The alternative suggested
by this chapter assumes that high levels of positional precision are not needed for
many indoor location applications, such as indoor navigation. As such, it trades that
positional precision for fast configuration and low maintenance, all while using the

difficulties of the indoor radio environment to its advantage.

The claims made by the discussion of this simple method obviously require proof
of its effectiveness, and Chapter 5 provides this by detailing the testing applications
that were written to validate the method and their results. This chapter also points
to interesting results related to power consumption that suggest that this location
determination method could be used continuously on a smartphone with little impact

to battery life.

In the end, this entire work has spawned more thoughts and ideas than could
possibly fit into one thesis. Chapter 6 brings some order to this by suggesting many

avenues of potential future work.



Chapter 2

Locating Mobile Devices

As we will see throughout this chapter, locating mobile devices is not a trivial problem.
The combination of the incredible growth in cellular phone use and government
regulations stimulated this field of research, however, as described in Section 2.1. We
will discuss the more modern uses of indoor location for smart devices in Section 2.2,

followed by an in-depth look at current techniques and research in Section 2.3.

2.1 Cellular Phones

With the expansion in use of cellular phones in the 1990’s, it soon became obvious
that some form of location information service would be required for reasons of safety.
Emergency 9-1-1 (E-911) services, which give the name and address of the caller to
emergency personnel, had become a common and relied-upon service in the late 1980’s
and early 1990’s. Such a service requires subscriber home address information from
the phone company, which works well for static landline phones but not for mobiles.
As such, the U.S. Federal Communications Commission (FCC) introduced regulations
in 1996 that required all service providers to report the location of E-911 callers with
an accuracy of 125m, 65% of the time, by October 1, 2002 [10]. This event is referred
to by many authors ( [11], [12], [13], [10], to list just a few) as the catalyst of research

into mobile device location technologies.



The Global Positioning System of satellites, which is well known simply as GPS,
may appear to have been an obvious solution to the need to provide location services
to emergency responders. However, at that time, adding the relatively expensive
GPS technology to mobile phones would have increased their price significantly [10].
Perhaps more importantly, the radio signals broadcast by the GPS satellites are
relatively low power and determining a device’s location in a dense urban area that
lacks direct line-of-sight with the GPS satellites can be very difficult [12]. In an indoor
setting receiving any GPS signal at all is nearly impossible [14], which would leave
little or no coverage where most people spend the majority of their time [11]. Studies
to investigate this were conducted at the University of Washington’s Place Lab [15]
and it was found that the average person would be able to receive a GPS location
determination (or GPS fiz) for only 4.5% of their day, with an average time of 105

minutes between GPS fixes.

Alongside the work on GPS coverage, the Place Lab study looked at both cellular
phone GSM! coverage and IEEE 802.11 (Wi-Fi) coverage. Their results [15] showed
that an average person is a location with GSM coverage for 99.6% of their day with
Wi-Fi signals for 94.5% of the day. It should be noted that this study was conducted
in 2005, which was still the early days of wireless computing. Given that 67.8% of
Canadian households now have wireless routers [17], the average time spent in areas

with Wi-Fi signal coverage will now be even higher.

Providing E-911 location services without replacing or modifying the existing
mobile handsets required a solution that could be implemented using the service
providers” equipment. One of the first methods used the Received Signal Strength
(RSS) from the mobile handset. In simple terms, as radio signal power decreases
with distance from the transmitter, the RSS value provides a rough estimation of the
distance between the base station (typically located on a transmission tower) and the
mobile handset. However, in the real world there are many factors that can attenuate
the radio signal, and excellent work was done to estimate this effect and account for
it [13]. With a reasonable estimation of the distance from several base stations, it is
then possible to use triangulation / multilateration techniques to estimate the location
of the handset.

!Global System for Mobile communication, which is a world-wide standard for cellular communi-
cations [16]



Other techniques involved base station equipment capable of detecting both the
angle of arrival (AOA) and the time of arrival (TOA) of a handset’s radio signal [18].
With information on the radio signal’s travel time, along with the angle from the base

station, the location of a handset could then be estimated by that one base station.

2.2 Locations Beyond E-911

As mobile phones and other mobile devices became more and more powerful, other
applications for device location determination began to appear. Research focusing on

location determination has been steadily increasing over the past two decades [19].

A working indoor navigation system would have many potential uses. As an
extension to the walking directions provided by modern smartphones, one could
imagine how a seamless transition to indoor mapping could be very useful. Shopping
malls, conference centers, university buildings, museums, and many other large

facilities would be perfect candidates for such a system.

Beyond direction finding, smartphone users have many other uses for personal
location information. Finding friends at large events, or finding colleagues at confer-
ences, could be a very useful time saving tool. Mobile phone applications exist that
will notify you if your friends have checked in to locations that are near to you, but
adding a more precise knowledge of everyone’s location can help to bring those friends

together.

The geolocation of images has been a feature of many photograph album software
packages over the past few years, and more recently services such as Facebook and
Google+ have added options for attaching the user’s location to their posted messages.
Many web browsers now include functionality for determining the user’s location
and providing that information to web site, and most modern smartphones will

automatically add the current GPS location data to photographs.

A common use of GPS location is seen in the tracking of cargo trucks and other
large equipment [20], where the owners of fleets of vehicles can track the location of

their property. Disturbingly, however, there have been recent news reports of GPS



being intentionally jammed, either to hide location of a stolen vehicle with a GPS
locator, or for the more mundane reason of preventing a company head office from
tracking every movement of an employee [21]. The information required for this is
readily available through research into the methods of jamming GPS [22], so it should

be expected that more such incidents will be seen in the future.

Besides being a fun and novelty feature, location verification can be important for

2 service, which is

some applications. An excellent example of this is the Foursquare
a tool that allows the user to ‘““‘check in” to the current location and to share their
location and activities with friends. Foursquare monetizes their operation by selling
advertising to businesses in the form of discounts and coupons for Foursquare users
that visit those businesses. Foursquare also highlights these special offers to its users,
showing lists of the available deals near their current location. These discounts are
typically available to users who have visited a location more than once, or for the user
with the most check-ins over the course of a month. In Foursquare terms, the visitor
with the most check-ins is known as the ‘“‘mayor” of the location and, since some
discounts are only available to the location’s mayor, the competition for this title can
be fierce. This would suggest that Foursquare has a strong interest in verifying that

the user checking in at a business is truly at that location.

Naturally there are many privacy concerns that come with knowing the locations
of others, and many publications discuss this fact, but that topic is outside the scope
of this work. However, it is interesting to read that many of the same potential uses
and the same potential problems for mobile device location that are discussed today
were discussed as far back as 1992 [23].

2.3 Methods for Determining a Location Indoors

Determining the location of a device indoors is something that, to many people, may
appear to be a trivial problem [24]. It is, in fact, a very challenging task as many
authors are quick to admit [25,26,27,28,29,30]. To solve this problem, some form of

analysable data from the environment is needed that can be used to uniquely recognize

2Foursquare Labs, Inc. http://foursquare.com/
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a location. There are many potential sources of such data and, as one author aptly

describes it, “a plethora of indoor positioning systems have been proposed [12]”.

While the core of this thesis is work related to using 802.11 Wi-Fi radio signals
for indoor location determination, there are other methods that have been used for
the same purpose. Looking back over the past two decades we can see that indoor
location has been of continuous interest to researchers, and their work demonstrates
the available technologies of the time. The remainder of this chapter looks at some of

these methods and some of the work that has been done with them.

2.3.1 Infrared

Starting in 1992 we can find examples of location determination using infrared light,
in a similar manner to that used by television remote controls. In The Active Badge
Location System [23] we find a location system based on an Active Badge that would
be worn by the participants. This badge would broadcast a unique code every 15
seconds using infrared light. This burst of invisible light would be received by sensors
strategically placed throughout a room and a central computer system would log
where a particular code was last seen. The signal from the badges would reach up to
6 meters and while successful reception would typically require line-of-slight (LoS)
between badge and receiver, reflected signals could be received in some circumstances.
This technology was demonstrated on a particular problem of the day: knowing
which room a person was in so that their telephone calls could be forwarded to them.
Performing a task such as this with location technology seems quaint in comparison
to how location data is used today, but it is worth considering how primitive indoor
location technology still is and therefore the fact that it may have many more new

application in the future.

This work with Active Badges was quickly improved as shown in a A Distributed
Location System for the Active Office [31] from 1994. In this experiment the badges
were improved to include buttons for immediately sending signals, as well as a speaker
and infrared receiving capability for creating a simple paging system. While this was an
impressive improvement over [23], this work is all the more interesting for describing

a feature that is very similar to more recent recent work [32] (see Section 2.3.3))



that combines Radio Frequency Identification (RFID) and Wi-Fi technologies. For
“desk-scale location”, a low power radio transmitter would be placed where fine
grain location services are required. A passive receiver in the badge would detect an
identification code from that radio signal and the badge would rebroadcast that same
code as an infrared message. As the radio transmitter’s signal had a very short range,

the badge would be transmitting a very precise location to the infrared receivers.

Another article of interest is The Design Of A Handheld, Location-Aware Guide
For Indoor Environments [33] which was published in the early days of Wi-Fi wireless
networking. In the context of 2003, and with the goal of creating a mobile informa-
tion system for a museum, the authors make a comparison between three wireless
technologies that could give location information while transmitting data: 802.11b
Wi-Fi, Bluetooth 1.x, and the Infrared Data Association’s IrDA infrared wireless data
standard [34]. Their goal was to provide museum guests with handheld computing
devices (Compaq iPAQ personal digital assistant (PDA) [35]) that would provide
contextual information regarding nearby works of art, and that could be used as a
map for navigating the museum. It was found that the IrDA infrared was the best

solution for a number of reasons:

e An IrDA infrared receiver was built into the PDA devices, while Bluetooth or

Wi-Fi receivers would need to be added on at additional expense.

e Both IrDA and Wi-Fi had ‘“‘immediate” connection speeds while Bluetooth

required 5 to 10 seconds to discover local Bluetooth devices

e IrDA and Wi-Fi had the fastest data throughput speeds at approximately 4
Mbps, as seen in real world practice, while Bluetooth tested at approximately

0.7 Mbps.

e IrDA beacons were inexpensive, while both Bluetooth and Wi-Fi were relatively

new and their access points were expensive.

The system created for the museum worked differently from the other two infrared
systems discussed here. In this case, while this system had the ability to push data to
the PDA, the PDA located itself in its surroundings based on the last IrDA beacon it
had connected to. This is similar to the simple Wi-Fi method that will be discussed

in Section 4.1.
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2.3.2 Ultrasonic

Another potential source of location data is ultrasonic sound. In an aptly-named
system called Cricket [28], ultrasonic beacons are placed strategically throughout a
building. The system is a decentralized one, with the beacons communicating with
each other to determine their distance from each other by measuring the travel time
of the sound waves. Several such distance measurements from other beacons used for
triangulation® provides the device’s overall position relative to the others. A mobile
device can then discover its current position using the same method. The idea is quite
ingenious as it provides a system that requires minimal setup and maintenance while

being fault tolerant.

In the initial experiment [28] the devices could locate themselves to an precision
of one square meter. However, this was soon improved on, and that follow-on work
provided an improved precision of 5cm [36]. These improved Crickets have since
been used to assist in other work such as [14] and [37] which will be discussed in
Section 2.3.4.

2.3.3 Radio Frequency Identification

A current trend in mobile devices is the inclusion of Near Field Communication (NFC)
hardware. NFC is an expansion on the older Radio Frequency Identification (RFID)
technology which has been in common use in various forms since the 1970’s in such
applications as electronic door opening and merchandise theft detection. It has only
been in the past two decades that RFID methods have been standardized to allow for

interoperability between devices [38].

RFID devices come in two types: those that are connected to a power supply
and those that are not. The devices without their own power sources are referred
to as tags, and they are activated by the radio energy transmitted from a powered
device and they use that power to transmit their data. Powered devices are commonly

referred to as RFID readers but are technically transponders as they both transmit

3Since more than three devices would typically be involved, this is actually multilateration.
However, triangulation is the well-known common term.



11

and respond. When scanned by a transponder a tag is read; its circuitry is powered
up by the radio energy, it can receive and process messages from the transponder,
and it can transmit messages to the transponder. Some tags are read-only, in that
the transponder cannot change any of the data stored in the tag, while some tags can

have their data written once or rewritten many times [38].

Most of the work with RFID technology for location determination investigates
how fixed tags can be used at short ranges to pass along information. A good example
can be found in Using Active And Passive RFID Technology To Support Indoor
Location-Aware Systems [32] where the authors look at using hand held devices
in museum situations, with Wi-Fi methods for location determination being used
primarily by the devices, but with RFID tags providing exact location information at
places of interest: when a museum visitor sees an object of interest, placing the hand
held device within 5 to 8 cm from the marked tag will provide the device with precise
location information while triggering its software to display more information about
the object.

However, the idea of using RFID tags for location determination can be taken
too far. In Information Sharing by Evacuee Collaboration [39], the authors examine
disaster evacuation scenarios where mains power has been lost, but where up-to-date
evacuation information would be very useful. Their proposal is for the placement
of many passive RFID tags lining the hallways and stairwells of a building, along
with equipping every evacuee with handheld transponders. The RFID tags would
be embedded in glow-in-the-dark type materials so as to be visible in a darkened
building and evacuees would be expected to scan as many tags as possible along
their escape routes. This scanning stores a message that the evacuee was there and
what other tags they have scanned, while at the same time collecting lists of the
other evacuees that have scanned the tag and what other tags they have scanned.
The hand held device would process this data and provide the evacuee with the best
known escape route from the current location, taking into account that blocked escape
routes can be detected by other evacuees having travelled one route and doubled
back. Unfortunately this proposal has obvious problems, not the least of which is the
concept of evacuees dutifully scanning RFID tags during the chaos of an evacuation,
and this problem might be more properly addressed through the use of the Wi-Fi

abilities built into everyone’s smart phones.
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It is possible to use RFID technology for location determination in a way that does
not require active scanning by the user. In Indoor Location Estimation Technique
Using UHF Band RFID [29] we find a workable method where RFID tags attached
to the ceiling of a room in a grid pattern with a 50 cm separation between tags. A
hand held device with a relatively powerful RFID transponder continuously scans its
surroundings, detecting RFID tags up to approximately 3 meters distance. Software
processes the list of currently scanned tags to determine the most probable location
for the device. The authors report that by using a simple method to calculate that
position they can achieve an estimated location to within 90 cm of the true location.
They make note of a tag scanning problem related to the RFID frequency having
a wavelength of 30 cm, but unfortunately what the exact problem was is not well
described, although it is related to multipath reflection (see Section 3.2). It appears
that this difficulty is caused by multipath fading making it impossible to scan some
nearby tags. One potential difficulty with this system, however, is its use of power
by the transmitter. The authors initially set their RFID transponder to 27dBm
(500mW), which if used in a mobile phone could double the device’s power use (See
Section 5.3). The authors conclude by stating that the optimum power use would be
18dBm (63mW), which would be acceptable for a mobile phone, however that value

is the result of simulation and not experimentation.

2.3.4 1IEEE 802.11 Wi-Fi

Wireless Internet access has become commonplace over the past decade thanks to the
IEEE 802.11 Wi-Fi standards [40]. While the Wi-Fi standard has had support for the
2.4 GHz and 5 GHz radio bands from its early days [41], despite its limitations [27] the
2.4 GHz band is the one most commonly used today. As demand for wireless Internet
has increased, so has the number of base stations (commonly referred to as access
points or APs) deployed in the environment. A quarter of households worldwide, and
67.8% of the households in Canada, now have Wi-Fi home networks [17]. Given that
most smartphones have built-in support for Wi-Fi wireless Internet, and that we’re
almost always surrounded by Wi-Fi signals, using Wi-Fi as a data source seems like

an obvious choice. It is, at the very least, a very active area of research [42].

One possible method of indoor location determination with Wi-Fi signals is to use
a time of arrival (TOA) and angle of arrival (AOA) method similar to that used by
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cellular service operators in locating handsets [13]. (See Section 2.1) This method
is well described in Super-Resolution TOA FEstimation With Diversity for Indoor
Geolocation [25]. As well, the authors point to a correlation between the error in
location estimates from their method and the bandwidth of the radio signal used. This
suggests that an interesting Wi-Fi location determination accuracy experiment could
be performed using 5 GHz 802.11n access points as they are capable of switching
between 20 MHz and 40 MHz bandwidths. This idea, along with other future work,
will be discussed in Chapter 6.

For a location determination method to be in widespread use outside the experi-
mental laboratory, a method must be found that will work with common devices. As
noted in [43], commodity devices such as smartphones lack features such as TOA and
AOA, and the only measurement of Wi-Fi radio signals available on such devices is the
received signal strength (RSS*). For the purposes of Wi-Fi location determination, RSS
measurements are a good fit as they are always associated with the unique base station
identifier (BSSID®) of the broadcasting Wi-Fi device [47]. As well, unless configured
otherwise, Wi-Fi APs continuously announce their presence by broadcasting their
BSSIDs, which is ideal for passively listening devices (see Section 5.3 for an example).
As the power of transmitted radio energy decreases with distance from the transmitter,
the RSS observed by a receiver is (in a simplistic sense) a function of the distance
from the transmitting AP. Together this BSSID and RSS form a signature tuple [45]
that can be used to judge the distance from an AP. The signature tuples are generally
collected together as an RSS vector, and a location fingerprint is created when an
RSS vector is paired with an identifier for a location. This entire process is referred
to as RSS fingerprinting [27].

Unfortunately, as will be discussed in Chapter 3, the physics of electromagnetic
waves is extremely complex and their interaction with the typical indoor environment
makes this a difficult method to work with. But, as the existing literature on the
topic will attest, indoor location determinations can be achieved using Wi-Fi RSS

measurements with excellent accuracy.

4Different authors may use different terms for the received signal strength, such as received signal
strength indicator (RSSI) [44,45] or observed signal strengths (OSS) [46], but the meaning is the
same.

5A Wi-Fi AP uses an IEEE Medium Access Control (MAC) address as the value for the BSSID [47],
and the BSSID is commonly referred to as the MAC address.
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To achieve that excellent accuracy, most RSS location determination methods
consists of two stages: [42,45,48,49]

1. A first stage where a database of location fingerprint data is collected. This
is commonly referred to as the offline phase. As a rule of thumb, the higher
the density of location fingerprints taken in a given area, the more accurate the

location determinations will be [27].

2. A second stage where the local Wi-Fi RSS is sampled by a device and the
location determined based on the database of location fingerprint data. This is

commonly referred to as the online phase.

Examples of this method can be found dating back over a decade to the emergence
of 801.11 Wi-Fi. In what may be the most heavily cited Wi-Fi location determination
paper RADAR: An In-Building RF-based User Location and Tracking System [49]
from the year 2000, the authors initially looked at using signal propagation models to
calculate indoor location to reduce the dependence on the empirical measurements of
RSS fingerprinting methods. While their modeling was successful to a degree, due to
“the hostile nature of the radio channels” their system was much more accurate using
the empirical RSS fingerprinting method. While other works tend to agree with the
poor performance of propagation modeling [13,50], this paper remains interesting as
using signal propagation modeling could be used to improve some RSS fingerprinting

methods. See Future Work, Chapter 6, for a discussion of this idea.

There is good reason to wish to limit the need for RSS fingerprinting during the
offline phase: it can be extremely time consuming [14]. One author writes that ‘“‘one
floor of an average-sized office building (2000m?) is surveyed in eight hours by a
single technician” [14]. Another example is provided in Convert Wi-Fi Signals for
Fingerprint Localization Algorithm [46] where the authors describe how collecting
fingerprint data for 200 individual locations will take 14 hours. This paper does make
an excellent comparison between mobile devices of different types, as 16 different
laptops and smartphones were used in the experiment, but at the cost of 224 total
hours of scanning by more than 60 student volunteers. These results show clear
differences in the RSS readings from differing devices, which is an effect that will be

discussed in Section 3.6.
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To avoid the need to duplicate RSS fingerprinting work by scanning each location
with each type of device that is to be located, Received Signal Strength Calibration
for Handset Localization in WLAN [37] presents a calibration method for adjusting
the RSS values collected by device in the online phase to a level comparable to the
original RSS values collected during the offline phase. This method works by using
the new device to collect RSS data at a few known locations from the original RSS
fingerprinting survey. The automated calibration method described in this paper is
then able to calculate effective parameters to be used in an affine transformation of
the original RSS fingerprinting data set. Using this method the new devices have a

localization error of less than 2 meters.

When collecting a location fingerprint and its two components, the location and
the RSS vector, it is important to know the RSS scan location as precisely as possible.
Any error in the knowledge of that location becomes part of the error in determining
the location of a device in the online stage. While some methods have used measured
markings on floors or walls to ensure repeatable experiments [27], the paper RadLoco:
A Rapid and Low Cost Indoor Location-Sensing System [14] presents a method that
uses the Cricket devices previously described in Section 2.3.2. These Crickets were
an updated model [51] and were shown by the authors to have a mean accuracy to
within 14 c¢m of true location. However, these Crickets also came at a price of $250
each, which is twenty-five times the $10 per unit goal described in the earlier works
on Cricket [28]. The Crickets were used in the offline location fingerprint collection
phase, and they simplified the process by automatically providing the location half of
the location fingerprint tuple. To accomplish this, the authors would place all but
one of the Crickets along the hallways to be scanned, with the remaining unit being
co-located with the Wi-Fi scanning laptop device on a push cart. Rather than rely on
measured and marked locations, this method allows the data collection technician to
push the cart the approximate distance to the next scanning location while the Crickets
determine the laptop’s Cricket location, and therefore the scanning location, to within
14 cm of its true location. For the online phase the Crickets have been removed and
the mobile device calculates its location strictly from the location fingerprint database
generated during the offline phase. Location determinations made by this system

would be within 3.5m of the mobile device’s true location more than 80% of the time.

While some methods, including the method described in Chapter 4 of this thesis,
are intentionally designed to avoid the cost of the offline phase RSS fingerprinting,
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others take the challenge on through automation. In their paper Robust Navigation
Indoor Using WiFi Localization [52], the authors use robots to perform the RSS
fingerprinting. During the offline phase a robot equipped with sensors for autonomous
building navigation, as well as a Wi-Fi receiver for RSS fingerprinting, is placed at
a known starting point and instructed to begin. While travelling down hallways it
collects the RSS fingerprinting data while generating a map of its surroundings from
ultrasonic range finding and inertial dead reckoning sensors. While the paper does not
state the positional accuracy of the robot, conversations with the authors indicated a
very high level of precision as the combination of ultrasonic range finding and inertial
dead reckoning sensors provided a mechanism for self-correcting any errors. A later
paper by the same authors [53] indicates an online phase Wi-Fi location determination
of 2.57 meters.

It is also possible to collect too much data as was shown in Real-time Indoor
Positioning System [54] where the authors tested the hypothesis that a very dense
collection of RSS fingerprint data would provide highly accurate results. A short
hallway was chosen and scanning locations were set at two foot intervals with a total
of 200 individual locations. The authors had noticed that the orientation of the device
had an impact on the scan results (this problem is discussed in Section 3.6), and
to test this effect they took ten individual scans at each location, with the device
aimed at the eight compass points, and with two extra scans with the device aimed in
arbitrary directions. The effort that was put into this work cannot be understated
as a RSS fingerprint database of approximately 8000 scans was built over a total of
approximately 30 hours. They then proceeded to scan other hallways in the building
using the simpler methodology of taking four RSS fingerprint scans every five feet,
with the device directed towards the four primary compass points at each location.
The results of their work nullified their dense scanning hypothesis, as their final
location determination algorithm shows that the two data sets each would correctly
identify the location 80% of the time. This was acheived using a relatively simple
method, similar to the one that will be discussed in Chapter 5, where n signature
tuples with the strongest RSS values . The results did differ in the remaining 20%,
with the first data set always generating a location determination even though it was
an incorrect one, while two thirds of the failed location determination attempts from
the second data set were due to the current RSS fingerprint sample not being matched

any known location. However, it is important to point out that, due to the unusually
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large database size of the first sample set, the algorithms used to make these online
location determinations varied somewhat depending on whether the first or the second
data set was being used. Regardless, the results of their experiment clearly show that
there is a point where collecting more ever more RSS fingerprint location data is not

necessary and is a waste of time and resources.

While the authors of [54] used a relatively simple method that would generate
location determinations showing the nearest RSS fingerprint scan location that matches
the current RSS sample, many other research efforts have used statistical methods
find a position by calculating which location has the highest probability given the
current RSS fingerprint. The use of Gaussian distributions [46] have proven successful
in both cell phone [55] and Wi-Fi [26,27,56] location determinations. Machine learning
and Bayesian networks [57] also show promise, and there are many examples of how
these methods can produce excellent results [12, 43,50, 58,59, 60].

2.3.5 Bluetooth

As most mobile devices today support the Bluetooth [61] wireless standard, location
determination methods using this technology can be considered complementary to
method using Wi-Fi. Similar to the BSSID of Wi-Fi devices, all Bluetooth devices
have unique Bluetooth Device Addresses (BD_ADDR, also commonly referred to as
MAC addresses) that can be used for identification [62]. Bluetooth has and added
advantage of being a short range radio technology, with typical devices having a
range of 30 feet, and this provides the potential for using these devices as low cost
radio beacons [24] that give a more precise location determination by cover smaller
regions than Wi-Fi APs [63]. An example of work that combines both Wi-Fi and
Bluetooth technologies can be found in Fusion of WI-FI and Bluetooth for Indoor

Localization [58] which shows promising results.
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Chapter 3

Why The Complexity?

To examine the feasibility of any indoor location determination method we must first
have an understanding of the complexities of indoor Wi-Fi radiolocation, and those
complexities are the combined total of many limiting problems. In this section we will
discuss some of these issues, including multipath fading (Section 3.2) and the related
topic of paths taken by radio signals (Section 3.1), the effect seen from human activity
and human presence (Section 3.3), and the variation in received signal strength that
may be due to changing weather patterns (Section 3.5). Furthermore, differences
between individual devices of different models and, in some cases, even those of the
same model, have an important effect on the ability to locate a device (Section 3.6).
Finally we will examine the roles played by the builders of modern structures and

how the materials they use in construction can attenuate radio waves (Section 3.7).

3.1 Signal Propagation

Like the higher frequency electromagnetic waves we see as light, radio waves can pass
through some materials (while losing some energy in the process through attenuation)
while being reflected or absorbed by others. We naturally understand how light waves
propagate through our environment from a lifetime of experience, but the invisibility

of radio waves makes their propagation difficult to intuitively understand.
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weakened when an office occupant sat in the chair (marked (2)).
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An excellent example of this comes from a simple experiment in a university office.
ECS 561 is a typical inner-ring office in the ECS building, with windows that face in
to a multi-story open atrium. Visible through the window and across the atrium is
a Wi-Fi access point antenna, and one would naturally (though incorrectly) assume
that the best radio signal would be in a straight line from this AP to a point in the
office. The map shown in Figure 3.1a gives the layout of this scenario, with a direct
line-of-sight between the mobile device (marked (1)) and the access point (marked
). An odd effect was noticed when the device’s RSS data was examined: when an
office occupant that was seated in a certain chair (marked (2)) there was a noticeable
decrease in the signal strength from the AP. If the occupant was to leave the office
the RSS from this AP would increase. Even though the chair is on the opposite side
of the line of sight between the AP and the device, having someone sit in that chair
would have a detrimental effect on the signal received at that device. While the actual
path taken by the radio waves in this case are unknown, the case itself is an excellent
example of how a seemingly simple environment can be far more complex for radio

propagation than we would expect.

One of the effects that can cause this kind of complexity is the reflection which
occurs when the radio waves hit a smooth surface that is much larger than the
wavelength of the radio signal [64]. In the same way that the waves seen in a lake or
a bathtub will come together to form higher waves or smaller waves, radio waves will
come together as constructive interference to create a stronger signal, or together as

destructive interference to create a weaker signal [65].

Other effects can come into play as well, especially in the crowded indoor envi-
ronment. When a wave encounters a dense object that is larger than its wavelength,
waves appear to bend or spread out on the other side of the object in a phenomena
called diffraction. If a wave encounters a rough surface with features that are of
similar size or smaller to its wavelength, the wave will scatter unpredictably in all
directions [64]. Certain materials will also absorb some of the the radio energy, through

the process of attenuation [66], making it unavailable for reception.

In some cases reflection, diffraction, and scattering can be useful for sending the
radio signal to areas where it might not otherwise be available [64]. However, for the
purposes of indoor Wi-Fi location determination, these effects simply add a great deal

of complexity to the problem.
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3.2 Fading

Radio transmissions can experience degradation due to multipath propagation, which
occurs when radio signals reflect off multiple surfaces and arrive at the receiver via
paths of differing length and delay. This is especially problematic for the indoor
scenarios we are concerned with, given the myriad surfaces found inside buildings.
These reflections lead to the effect known as multipath fading: when multiple signals
from a single source arrive at a receiver at slightly different phases, they will cause
the received signal to increase or decrease in power [67]. This fading effect causes
the power of a radio signal to change dramatically when receiver displacements are
on the order of half the radio signal wavelength. The wavelength of 2.4GHz Wi-Fi
IEEE 802.11b/g signals is 12.5cm (see Appendix A) and so it can be expected that
different RSS levels due to fading would be seen over spatial displacements as small
as 6.25cm [53].

To counteract multipath fading, most devices that are larger than a hand-held
phone (such as laptop computers) will have multiple antennas with a minimum
separation of 12.5cm. This provides selection diversity [68,69] as the radio receiver
would only experience a deep fade in the rare event that the signal was weak at both
antennas. However, multiple antennas are not an option for handsets due to their
small geometric size; hand held mobile devices are physically not large enough to

place multiple antennas into different fade areas.

To examine the difference between single and dual antenna devices, an initial
experiment was performed using two Nokia E71-1 devices (single antenna), and one
Lenovo X200 laptop (dual antenna) with a factory installed Intel Wi-Fi Link 5300. A
7x7 grid with an edge length of 6.25cm (half the wavelength of 2.4GHz radio) was set
up, and RSS measurements for a single AP were taken by all three devices at each of
the 49 vertices.

Device | Mean (dB) | Stdev
E71 #1 -74.0 5.09
E71 #2 -76.0 0.68
X200 -35.9 3.38

Table 3.1 — Initial Fading Experiment Results
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The expected outcome of this experiment would be for a dual antenna laptop
to have experienced less fading than either of the two single antenna phones, and
Table 3.1 suggests that this was the case. Over the 49 test points the laptop showed
both a higher mean RSS and less deviation in that RSS value.

These results are also displayed as a surface plot in Figure 3.2, where significant
changes in reception strength over very short distances are seen for the single antenna
mobile phone (Figure 3.2a), while the antenna configuration of the laptop avoided the
fading effect (Figure 3.2b).
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(a) Nokia E71 (Single antenna) (b) Lenovo X200T (Dual antennas)

Figure 3.2 — Fading comparisons between a single antenna mobile phone and a dual
antenna laptop.

To investigate the effects of multipath fading, an experiment was conducted
involving two Nokia N95-3 mobile phones that were positioned on a survey cart with
a 30cm separation between the phones. A typical result from this experiment is shown
in Figure 3.3a, where the difference in RSS for a given AP, as recorded by the two

devices, is interpreted as the result of multipath fading.

As a control to ensure that these results were not an artifact of the differences
between the two N95-3 phones, these devices were tested sequentially in the same
location. As seen in Figure 3.3b, while differences were observed in their RSS
measurements, their readings were generally consistent and did not show the larger

differences that are attributed to multipath fading previous in Figure 3.3a.
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Figure 3.4 — The results of an experiment to test whether the scanning of Wi-Fi access
points results in differences in received signal strength. The N95 #8 device was placed
near six other Wi-Fi devices and two sets of scan data were collected: one with and one
without the other devices scanning.

As the Symbian devices appeared to be actively scanning for APs, another control
experiment was conducted to determine whether multiple scanning phones would
interfere with each other. Seven phones were positioned next to each other and two
tests were run: one with a single device scanning and another with all seven devices
scanning. To minimize any environmental changes to the RSS for this comparison, the
scans were run within two minutes of each other. No substantial differences between

these data sets were observed, as shown in Figure 3.4.

3.3 Human Presence and Activity

A busy environment -- an environment with significant human activity that may
alter our results -- can add many complications to indoor Wi-F'i radiolocation. The
2.4GHz radio spectrum used by 802.11 Wi-Fi is ‘“‘crowded”, in that many devices
share these frequencies, such as cordless phones, baby monitors, wireless security

cameras, and microwave ovens. However, the most important source of interference in
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a busy environment may be the physical reason why microwave ovens are included in
this list: radio waves in the 2.4GHz frequency range are easily absorbed by water [70].
As the average human body is comprised of approximately 70% water by weight [71],

a busy environment therefore contains many moving sources of signal attenuation.
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Figure 3.5 — And example of the variability of a Wi-Fi signal in a busy environment
over the course of one day.

This effect can be easily demonstrated by configuring a mobile device to collect
Wi-Fi RSS data over the course of a work day. In this experiment a Nokia N95 was
placed in an office to record data over a 24 hour period. The data collection was
started after regular office hours and the resulting data for the four strongest APs
was averaged. As the graph of this data in Figure 3.5 demonstrates, the averaged
RSS data from these APs remained relatively constant during the evening hours but

deviated when the building was occupied.

3.4 Moving Access Points

All Wi-Fi location methods rely on the fact that access points are not regularly moved.

In the case of outdoor radiolocation using Wi-Fi, such as the services supplied by
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Google, one could expect that the scanned APs would not typically move from building
to building, and any change in location within a building would not necessarily have
an impact on the system as a whole. However, when one considers finer grained
indoor location finding, it is obvious that moving an AP from one part of a building

to another would have a serious impact on the accuracy of the system.

Communication between the operators of a Wi-Fi location system and the operators
of the Wi-Fi network itself is critical to avoid any unexpected interruptions in location
services. This exact problem was seen during this research when the ECS building’s
wireless network was re-engineered; new access points were first added, then the old
access points were either moved or disconnected. With many new BSSIDs showing
up as the strongest RSS for their areas, the existing location test software (described

later in Section 5.1) would report back that the device was in an unknown location.

Any Wi-Fi location system must be designed to be watchful of such changes. The
software must be wary of BSSIDs that are not part of the expected set for a given
area, and action must be taken to avoid the inaccurate results that would be the
by-product of a relocated AP. Flagging a BSSID as suspicious in the database would
be a first step followed by attempts to confirm where this BSSID is actually located.

3.5 Variation in a Quiet Environment

With the busy environment data in hand, it makes sense to see what RSS variations
might be found in a quiet environment -- an environment where nearby human activity
does not significantly alter our results. To test this the same Nokia N95 from the busy
environment test (see Section 3.3) was situated two metres from an AP in an empty
building. This device was left to scan continuously for four days. The results of this
experiment are shown in Figure 3.6, where we can see a slowly occurring variation in
the RSS data. Attempts were made to discover the reason for this variation, such as

possible connections to local weather conditions, but its source remains unknown.
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Figure 3.6 — The variability of a Wi-Fi signal in a quiet environment.

3.6 Differences in Devices

It’s clear that different device models from different manufacturers are different in
appearance and, as one would expect, they are also different in internal design. One
significant internal difference that is important to Wi-Fi radiolocation is the position
and direction of the Wi-Fi antenna. In the case of mobile phones the placement of
these antennas is secondary to the placement of the cellular antennas, and different
devices will have their Wi-Fi antennas in different positions. These differences in

direction lead to variations in RSS measurements.

An interesting source of information on antenna placement is the Federal Com-
munications Commission in the United States. All transmitting radio frequency
devices that are sold in the USA must first pass FCC inspection, and part of an FCC
submission includes internal photographs of the device. While these photographs are
commonly kept secret until after the device is released, they can be used to compare
devices that are more than a year or two old. For example, FCC documentation
shows that the Wi-Fi antenna for the Nokia N96 faces out the back near the top [72],
for the Nokia N95 the Wi-Fi antenna faces out the right side near the bottom [73],



28

Variance Over 24 Hours by Orientation

-=-Up

-50 l‘| e=North | |
" : e \N @S T
4 \ A = = oFast

-52 M A\ ppy

Received Signal Strength (dBm)

1
1
1
W
> " v =
] [} ] F‘ "
! ! ™
I U JER
v 1)\ Iw! ! \
—56 n I wr o - !;5 ! : \ l‘ : l: 4 --‘l"‘
M, TR Y
A Vo pamem o ~ tw \ |‘ - -
1"“" oy AV . |: "'
S e 1 v
-58 A
e 0
\‘. ]
(1
1]
-60 u
12:00:00 AM 6:00:00 AM 12:00:00 PM 6:00:00 PM 12:00:00 AM

Figure 3.7 — The variability of a Wi-Fi signal due to mobile device orientation. This
data was collected by a Nokia N95 on four separate days.

the Wi-Fi antenna for the Nokia E71 faces out the top and back [74], and for the
HTC Nexus One the Wi-Fi antenna faces out back at top left [75].

To investigate RSS variation due to the position of antennas and device orientation,
an experiment was set up to measure the effects of changing the orientation of a Nokia
N95. Controlling variables in this experiment was a difficult problem as the phone
must be rotated in place to avoid any effects from fading. At the same time a full
day’s worth of data was to be collected in each direction, and so the data collection

was made over four days.

The same averaging method that was used for the busy environment experiment
(see Section 3.3) was used to produce the the results shown in Figure 3.7. From this
data a difference related to the direction of the handset can be seen, although it is not

necessarily a large difference in terms of relative signal strength.
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3.7 Building Materials and Attenuation

Another challenge to radio signals in general is the materials used in the construction
of the buildings we use. Simple things that one might not consider, such as the metal
mesh screens (similar to chicken wire) that are used for reinforcing plaster or for
holding insulation in place, can create interference. The spacing of the holes in chicken
wire are close enough to create a Faraday Cage for 2.4GHz transmissions [76], which

will absorb those radio waves.

While it is understandable that buildings built before the wireless innovations
of the past two decades may have such problems, this is also the case for modern
buildings. An example close to home is the coating on the exterior windows of the
University of Victoria’s Engineering and Computer Science (ECS) building. ECS
was completed in June 2006 with modern energy-efficient windows designed to reflect
infrared radiation, but these also have the side effect of blocking radio signals. This
can be tested with a simple GPS device; held next to a closed ECS window the device
will not receive any signals from the GPS satellites, but if the window is opened the

device will immediately begin to receive those signals.

Windows are not the only problematic building material, however. Modern
materials used for insulation, such as Protect TF200 Thermo!, have a metallic layer
that may be perfect for blocking wireless signals [77]. While such materials may not
typically be installed in indoor walls, such problems should be taken into account

when constructing any modern building.

Most building materials do not completely block radio signals, however, but instead
attenuate them to some degree. In 3Com@®) Wireless Antennas Product Guide [78],
and reproduced here in Table 3.2, are examples of the attenuation from common
building features on 2.4 GHz radio. These attenuations are listed in dB, which is the
logarithmic decibel unit used to describe ratios of power or intensity, where 3 dB
represents (approximately) a factor of 2 change in power and 10 dB represents a factor

of 10 change in power.

As we will see in Section 4.2, it is possible to take these signal attenuation problems

and use them to our advantage.

http://www.glidevale.com/downloads/protect_tf200_thermo.pdf


http://www.glidevale.com/downloads/protect_tf200_thermo.pdf

Building Material

2.4 GHz Attenuation

Solid Wood Door 1.75” 6 dB
Hollow Wood Door 1.75” 4 dB
Interior Office Door w/Window 1.75” /0.5” 4 dB
Steel Fire/Exit Door 1.75” 13 dB
Steel Fire/Exit Door 2.5” 19 dB
Steel Rollup Door 1.5” 11 dB
Brick 3.5” 6 dB
Concrete Wall 18” 18 dB
Cubical Wall (Fabric) 2.25” 18 dB
Exterior Concrete Wall 277 53 dB
Glass Divider 0.5” 12 dB
Interior Hollow Wall 4” 5 dB
Interior Hollow Wall 6” 9 dB
Interior Solid Wall 5” 14 dB
Marble 2” 6 dB
Bullet-Proof Glass 17 10 dB
Exterior Double Pane Coated Glass 17 13 dB
Exterior Single Pane Window 0.5” 7dB
Interior Office Window 1” 3 dB
Safety Glass-Wire 0.25” 3 dB
Safety Glass-Wire 1.0” 13 dB

30

Table 3.2 — Attenuation Properties of Common Building Materials, from the

3Com®) Wireless Antennas Product Guide [78]
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Chapter 4

The Simple Method

As discussed in Chapter 2, there are excellent examples of remarkable accuracy in
locating hand-held devices using 2.4GHz 802.11 Wi-Fi signals. However, the need for
preciseness in any human endeavour is application dependant. This section presents
the argument that indoor location determination of a reasonable preciseness for many
uses, such as indoor navigation, can be achieved at low cost and with very simple

setup requirements.

Taking a step back from a problem and looking at it from a different perspective
is always a useful exercise. Most of the location methods reviewed in Section 2.3 are
driven by how accurate and precise their location determinations can be on a given
x,1, z coordinate system. There is nothing wrong with such goals, of course, and
some of the results are very impressive. However, even with all of the work that has
been done on indoor Wi-Fi radio location research, there are very few deployed indoor

location systems.

Reaching an ideal ubiquitous indoor location system requires a balance of three

properties:

1. The minimization of the cost of deployment and maintenance, ideally by using

infrastructure that is already in place

2. The need for wide-spread compatibility with existing mobile devices
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3. The choice of a reasonable level of accuracy and precision that fits am application
while balancing #1 and #2

Indoor navigation is case that demonstrates a useful location application and a
situation where a more relaxed location determinations would be acceptable. When
observing people as they navigate through the world, it is clear that we will look
around ourselves for landmarks. In certain types of indoor environments, such as that
seen at a typical university with regularly numbered doors, this can be interpreted as
an argument that fine grained location resolution is not required for human navigation;
it would be expected that while searching for the destination, a visitor to such an
environment would only require assistance in finding the correct section of the building.
Once in the correct section the visitor would then proceed to read the numbers on the
doors until the destination is found. Rather than relying on a map to arrive within
feet of the destination, it could be said that finding the correct section, wing, or floor

of the building is “good enough”.

Navigation isn’t the only application that can be achieved with this type of semi-
fine-grained locational resolution!. A system for notifying a user when friends are
nearby would not need a high level of precision; the important goal in this case is
to simply alert the user that a friend is in the general area. The process of meeting
up can then be conducted by some form of direct communication. The same can
be argued for a conference setting when an attendee is looking for a colleague and
the knowledge of which room to look in is the level of positional resolution that is

necessary to complete the task.

An important factor when considering an indoor location system is the time and
expense that is required to collect the data set needed for the creation of a location
fingerprint database. Looking at the work described in Chapter 2, it is apparent
that increases in locational precision are dependant on the time spent calibrating the
system. Using the typical university as an example, the time and effort required to

deploy an indoor navigation system would be extremely prohibitive. When considering

!The term ‘‘semi-fine-grained location resolution” is meant to describe a resolution that is much
closer to the fine-grained indoor resolutions seen in Chapter 2 than to the coarse-grained resolutions
seen from the Wi-Fi BSSID method employed by Google Maps. Google’s data is collected by their
Street View cars driving through the streets of a city [79] and can only provide an approximate street
location to an indoor user.
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an ad-hoc setting where wireless networks are configured for certain events, such as
at technical conferences where temporary Wi-Fi access points are required, the dozens

of hours required to configure a highly calibrated system would not be available.

The usability of a completed indoor location system is, of course, of great impor-
tance. To see widespread use it can be assumed that such a system would need to be
simple, fast, reliable, and compatible with the average smartphone. Moreover, if the
indoor location system were to use a simple method of collecting the required location
data, one could imagine the average user of the system contributing location data
back to the system in ways similar to crowdsourced Internet projects. Mitigating the
expense and maintenance of an indoor location system in a way such as this would be

very attractive to the facility’s administrators.

4.1 A Simple Method

The literature on indoor radiolocation using 2.4GHz 802.11b/g Wi-F1i signals typically
focuses on the difficulties inherent in the indoor environment, such as radio signal
multipathing, multipath that makes automated calculation of expected RSS values
very complex [56,80]. As these methods aim to determine a device’s exact z,y, 2
location as accurately as possible, they ignore the simpler solution of defining broader

areas and determining which area the device is located in.

To even consider such a simple method often requires a significant shift in thinking:
moving from the typical concept of absolute location determination, where the goal is
to determine a device’s exact x,y, z location as accurately as possible, to a concept of
determining what region or areas encompasses the device’s location. It is important
to realize that this is not the same as simply creating a larger error bounds on an
absolute location determination? and thereby not knowing exactly which area a device
is located in. Instead, this is a method that locates a device within a given pre-defined

area with a high accuracy.

2Simply creating a larger error bounds on an absolute location determination would be, in essence,
drawing a bigger circle around the calculated location on a map
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To make such a simple system feasible requires two important features in the

environment to be mapped:

1. There must be relatively strong signal attenuating features separating the regions

that will be considered defined areas for the purposes of location determination.

2. A defined area must contain at least one AP (and, therefore, at lease one unique
BSSID being broadcast) to clearly separate that area from the others. Ideally
the environment would have multiple APs in the area as the spacial resolution

of such a system is clearly limited by the distance between the access points.

The first requirement can be read as ‘“‘signals from one defined area must lose
strength when penetrating into other defined areas”. For the simplest case where only
the BSSID with the highest RSS is considered for location purposes, the attenuation of
the signal from more distant APs is required to ensure that local APs are found to be
the maximums. The importance of signal attenuation will be discussed in Section 4.2,
but this requirement argues for the method’s usefulness in the buildings of a university,
where there are typically many hallways, or in the rooms of a conference center where

there are walls separating the areas of interest for mapping.

The second requirement relates to the fact that the spacial resolution of such
a system is clearly limited by the distance between the access points. While this
requirement puts a significant limitation on the applicability of the method to the
average indoor environment, it also argues for the method’s usefulness in the buildings
of a university or a conference center where the density of access points is comparatively
high. Exploration of a typical university building will show a minimum of one access
point antenna in any given hallway, and heavily used areas may contain multiple
access points. In the event that there are sections of buildings that lack the required
number of access points, the system can be easily augmented, and accuracy improved,

with inexpensive consumer-grade wireless routers.

Configuration of the system can be as simple as walking the hallways of a building
and recording where each Wi-Fi access point’s received signal strength is at its
maximum. This matching of BSSID/RSS maximum data to the sections of buildings

may already be maintained by a university’s wireless network operators in the form



35

of the floor plans marking their access points and the BSSIDs of the equipment in
use, although relying solely on this data would not make use of other APs that are
in the area. However, as will be shown later in Section 5.8.1, collecting the required

data can be as simple as one walk through the area.

That simplicity of configuration is the most important aspect of this system. With
a simple and inexpensive system up and running, other parts of the system can then be
refined or, for an area where this method is not applicable, one of the more expensive
methods described in Chapter 2 could be used for determining location. However,
as a whole, the simple method described here can be used to very quickly prototype
an indoor location determination system that can be then modified and improved as

needed.

4.1.1 The Algorithm

To demonstrate the effectiveness of this idea, the simplest possible Wi-Fi location
method was used; when performing a location determination, the device performs a
Wi-Fi scan to determine which BSSID currently has the strongest RSS, followed by
a database look-up to determine which area that BSSID is associated with. There
is no doubt that this part of the system can be improved, such as by using methods
based on multiple local RSS values and Bayesian statistical methods, and this will
be discussed in Chapter 6. However, doing so for this work would have defeated the
purpose of demonstrating the simplicity of performing location determinations using

areas defined by signal attenuating features.

Formally written, the two main algorithms of this system are quite simple. Algo-
rithm 1 describes the method used during the initial Phase 1 data collection survey.
While collecting data for a location, this algorithm is used each time the system

returns with a new set of Wi-Fi scan data. It performs two tasks:

1. Update the location information for BSSIDs when they are seen with a new

maximum RSS, setting the BSSID’s location to the current location.

2. Add new BSSIDs to the database with their current RSS and the current

location.
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Input: results — the results of the previous Wi-Fi scan
Data : db — the mapping of BSSIDs to locations with a maximum reported RSS
Data :locationI D — the ID of the area for which data is being collected

foreach result in results do

if dblresult.bssid].exists then

if dblresult.bssid].rss < result.rss then
dblresult.bssid].rss < result.rss
dblresult.bssid|.location < locationl D

end

else

db.NewAP (result.bssid)

dblresult.bssid].rss < result.rss

dblresult.bssid].location < locationl D

end

end

Algorithm 1: During Phase 1 data collection, this algorithm is used when a new Wi-Fi
scan data set is available.

Algorithm 2 describes the method used during the Phase 2 location determinations.
When a new set of Wi-Fi scan data is returned from the system, this algorithm sorts
the data from strongest RSS to weakest RSS, then iterates through the data until a
BSSID match with the database is found. The location associated with that BSSID is

then returned as the current location.

4.2 Using Attenuation

The most interesting revelation during this work is that the effects of attenuation,
which are normally detrimental to indoor wireless activities, can be exploited for an
indoor location method that uses defined areas instead of absolute locations. Collecting
data on this effect in the real world is challenging given all of the complexities of
radio, as described in Chapter 3, and modeling the potential attenuation effects in
an environment is extremely complex, as shown in [81]. However, we can gain an

understanding of the phenomena through the use of a very simple simulation of 2.4GHz

radio propagation.



37

Input :results — the results of the previous Wi-Fi scan

Data :db — the mapping of BSSIDs to locations with a maximum reported
RSS
Output : locationI D — the ID of the area for which data is being collected

SortByRssDescending(results) /* Sorted strongest RSS first x/

while result — results.next () do
if dblresult.bssid].exists then
locationI D < db[result.bssid].location
break
end
end

Algorithm 2: During Phase 2 location determination, this algorithm is used when a
new Wi-Fi scan data set is available.

The simulation that was created began with a probabilistic free-space propagation
MatLab simulation created by Dr. Michael McGuire. This software would simulate a

two-dimensional region of empty space by the following steps:

1. Randomly distributing 25 APs throughout the space
2. Dividing the space into four equally sized quadrants

3. Calculating the RSS from each AP at 250 random locations in each quadrant,

or 1000 locations in total.

4. In a manner similar to the algorithm described in Section 4.1.1, estimate the
quadrant location of a given AP by where the maximum RSS from that AP was

measured

5. Using a second data set of 250 random locations in each quadrant, or 1000 loca-
tions in total, estimate the quadrant of the location by matching the maximum
observed RSS with the AP quadrant estimations

6. Calculate the average percentage of correct matches between the second data

set locations and the estimate of their quadrants

This simulation was run 5000 times and showed that, on average, correct matches

were made 81.4% of the time. Software was then created to generate visualizations



38

100

. 3 N
90+ 3] )
80F, © - . '
70}

B |

24 A
50— N o - . -
. . v

40
30} l iD; B
200 B A : :
10 . % )

. ,

0 20 40 60 80 100

Figure 4.1 — An example of the AP simulation where 85.0% are correct matches (small
points) and 15.0% are incorrect (larger dots)

of the results, such as the one shown in Figure 4.1. Here we see the four quadrants
of the space with the distribution of 25 APs represented by boxed numbers. Correct
matches are represented by small grey points, while incorrect matches are represented
by larger red dots. While this method successfully highlights the areas where incorrect
matches were made, the larger red dots may be visually misleading and suggestful
of a higher rate of incorrect matches than were actually measured. For instance, in
the example shown in Figure 4.1, 85.0% of the matches were correct. However, the
ability to easily spot the incorrect location determinations is useful throughout the

remainder of this chapter.

To examine these simulations analytically, software was written to calculate the
probability of an incorrect location determination within each of the four quadrants.
Using Equation 4.1, contour plots such as Figure 4.3 were generated to demonstrate

how these probabilities are distributed throughout each quadrant.

) N
P {Y; has highest RSS} = / Fo, ) [T P Y% < i} dun (4.1)
e k=2
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Attenuation Factor || 0.0dB | 25dB | 5.0dB | 7.5 dB | 10.0dB | 12.5 dB | 15.0dB | 17.5 dB | 20.0 dB
Percent Correct || 85.0% | 91.3% | 95.0% | 97.8% | 98.7% 99.2% 99.4% 99.7% 99.8%

Table 4.1 — The percent of correct location determinations from simulation #43.

4.2.1 Randomly Placed APs with Attenuation

To produce a simple visual example of how objects in the environment can attenuate
radio signals, the simulation was extended to allow for the creation of virtual walls; an
attenuation factor would be applied to any signal that crossed the boundary between
quadrants, and applied twice for signals that crossed two quadrant boundaries®. A
typical indoor wall may attenuate a signal by 10 dB [78], and so various attenuation
factors between 0 dB and 25 dB were tested in this simulation. Figure 4.2 shows a
typical result of this simulation: a clear decrease in the number of incorrect matches
as the wall attenuation factor is increased from 0 dB in Figure 4.2a, through 5 dB
in Figure 4.2b and 10 dB in Figure 4.2¢, to 15 dB in Figure 4.2d. For this example,
these graphs represent correct match percentages of 85.0%, 95.0%, 98.7%, and 99.4%,

respectively, and the full set set of data can be seen in Table 4.1.

To gain a clear understanding of the attenuation effect, a large set of simulations
needed to be run. Figure 4.4 is the graphed results of these simulation, which shows the
cumulative results of simulations involving 50,000 different AP distributions testing
wall attenuation factors for every integer value between 1 and 25. The resulting
graph is of a simple inverse curve that places the probability of a successful location
determination using the expected attenuation from an indoor wall (approximately
5 dB to 12 dB) at over 0.92.

Even with some knowledge of the average attenuation effect a wall might have on
a radio signal, some of the random scenarios generated by the simulation were still
surprising in their accuracy. Simulation #54, graphed in Figure 4.5, is an excellent
example, showing area 4 with only one AP that is very close to the boundary with
area 2. The distribution in area 1 is also unusual, and the combined effect is for a
significant number of incorrect location determinations in those two areas. Table 4.2

shows us how unusual these results are, with the zero attenuation (ie: no walls) scenario

3Note that this simulation was intended to be very simple and to avoid any attempt at ray-tracing.
Regardless of the incidence angle of the radio wave, or of any other potential factors, the same
attenuation factor is applied at each boundary.
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Figure 4.2 — A simulation (#43) of the attenuating effect of walls on the simple Wi-Fi
location method. This is an example of a balanced random distribution of APs.
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Figure 4.3 — Using the AP locations from the simulation (#43) shown in Figure 4.2, and
calculated using Equation 4.1, these diagrams highlight the probability of an incorrect
location determination throughout the simulated space.
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Figure 4.4 — The cumulative results wall attenuation simulations with randomly
distributed APs and 50,000 trials per wall attenuation factor. The mean value is plotted
and the error bars represent the standard deviation.

Attenuation Factor || 0.0dB | 2.5dB | 5.0dB | 7.5 dB | 10.0 dB | 12.5dB | 15.0 dB | 17.5 dB | 20.0 dB
Percent Correct || 66.5% | 79.9% | 86.4% | 92.1% | 95.3% 96.9% 97.9% 99.2% 99.6%

Table 4.2 — The percent of correct location determinations from simulation #54.

providing correct location determinations only 66.5% of the time, as compared to the

average of 81.4% seen over 50,000 trials at zero attenuation.

The importance of this example is shown when the attenuation factor is in the
range of an average indoor wall. Between the range of 7.5 dB to 12.5 dB correct
location determinations are made between 92.1% and 96.9% of the time. This is visible
in the graphs, with most of the incorrect location determinations outside of area 4
having vanished at an attuation factor of 10 dB (Figure 4.5¢). There are also a few
points in this graph where APs are close enough to the quadrant boundary to cause
incorrect determinations on the other side, with one incorrect seen in area 2 due to
AP 13 and another due to AP 11, two in area 1 due to AP 16, and one more in area 3
due to AP 17. Once the wall attenuation has been raised to 15 dB (Figure 4.5d), all
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Figure 4.5 — A simulation (#54) of the attenuating effect of walls on the simple Wi-Fi
location method. This example is very imbalanced, with only one AP located in area 4.
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Figure 4.6 — Using the AP locations from the simulation (#54) shown in Figure 4.5, and
calculated using Equation 4.1, these diagrams highlight the probability of an incorrect
location determination throughout the simulated space.
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Attenuation Factor || 0.0dB | 25dB | 5.0dB | 7.5 dB | 10.0dB | 12.5 dB | 15.0dB | 17.5 dB | 20.0 dB
Percent Correct || 80.6% | 89.7% | 94.7% | 97.8% | 99.0% 99.5% 99.9% 100% 100%

Table 4.3 — The percent of correct location determinations when one AP was centered
in each quadrant.

but two of the remaining incorrect location determinations are located within area 4.

4.2.2 Intentionally Placed APs with Attenuation

To examine what effect carefully placed APs would have on the probability of correct
location determinations, the simulation was modified to place APs in specific locations,
rather than the previous random placement, while retaining the random survey and

random placement of location determinations.

The first of these examples, the results of which are shown in Table 4.3 and
graphed in Figure 4.7, are for a simulation with one AP placed in the center of each
quadrant. This example is not very encouraging: as the results are not dissimilar
from those for the 5000 simulations trial, showing a zero attenuation correct location
determination percentage of 80.6% as compared to the average of 81.4% seen over

5000 random AP placement trials.

However, the second of these examples, the results of which are shown in Table 4.4
and graphed in Figure 4.9, are very encouraging. In this simulation four APs were
placed in each quadrant, equidistant from the two closest boundaries and the center.
The results for the zero attenuation trial show a correct location determination
percentage of 90.8%, and the correct location determination percentage reaches 100%

while the attenuation factor is still within the range expected for interior walls.

The second set of these results suggest that if some planning is made in the place-
ment of APs in the areas—or, at least, the APs to be used in location determination
are carefully chosen—the probability of making correct location determinations can

be greatly improved.

Attenuation Factor || 0.0dB | 25dB | 5.0dB | 7.5 dB | 10.0dB | 12.5 dB | 15.0 dB | 17.5 dB | 20.0 dB
Percent Correct || 90.8% | 96.8% | 98.8% | 99.6% | 99.9% 100% 100% 100% 100%

Table 4.4 — The percent of correct location determinations when four APs were placed
equally spaced around the center of each quadrant.
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Figure 4.7 — A simulation of the attenuating effect of walls on the simple Wi-Fi location
method. This example places one AP in the center of each area.
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Figure 4.8 — Using centered AP locations shown in Figure 4.7, and calculated us-
ing Equation 4.1, these diagrams highlight the probability of an incorrect location
determination throughout the simulated space.
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Figure 4.9 — A simulation of the attenuating effect of walls on the simple Wi-Fi location
method. This example places four APs equally space in each quadrant.
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Figure 4.10 — Using the four APs equally spaced APs in each quadrant shown in
Figure 4.9, and calculated using Equation 4.1, these diagrams highlight the probability
of an incorrect location determination throughout the simulated space.
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Chapter 5
Implementation and Validation

The discovery that simple indoor location methods can be surprisingly effective,
as well as the investigation of their potential, has the obvious need of an actual
implementation. Section 5.1 begins by describing the initial application that gave this

result.

Further data was gathered by two applications written for the Android mobile
operating system. The first application, described in Section 5.2, was designed to
explore the Wi-Fi scanning functionality of different models of Android devices to
help estimate what percentage of Android devices are capable of quickly scanning
their Wi-Fi environments. The second application, described in Section 5.4, was
created to both capture and manage the Wi-Fi access point data, as well as to perform
simple device location functions for the purposes of validation. A desktop application,
described in Section 5.5 was also written to process data capture logs from the Android

devices and allow for the analysis of that data at a workstation.

5.1 Original Symbian Application

The first experimental application was created using the PyS60 Python interpreter
for Symbian devices. The first step was to collect a list of BSSIDs and the building
areas in which they were located, and this was done by walking up to the obvious
Wi-Fi AP antennas in the ECS building and capturing their BSSIDs using a Windows
laptop running the Wi-Fi scanning application Vistumbler!. A list of BSSIDs and

Vistumber: http://www.vistumbler.net/


http://www.vistumbler.net/
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their respective areas of the building was hard-coded into the Python application. The
application would perform the simple comparison of the BSSID with the strongest
RSS and display the matching area name.

This initial application was originally intended simply as a ““Hello World”” example
for Wi-Fi location related work. However, the application proved to be surprisingly
successful and it became the starting point for the rest of the work found in this

document.

5.2 Scan Rates

To examine the capabilities of the myriad available Android OS devices to scan local
Wi-Fi access points, an app was created to determine the average scan time on these
devices. This was of interest early on in the development process as the Android
device chosen for testing (Samsung GT-P1000M) appeared to have a very long Wi-Fi
access point scan time. Interestingly, out of all the devices tested, this particular

device was found to be the slowest?.

The scan rate application was originally intended for testing by a small group of
colleagues and friends. To simplify installation this app was uploaded to the Android
Market, and this had the side benefit of making the app available to anyone. To our
surprise, and despite the warning ‘“This app is part of a university research project

and is not of much use unless you wish to contribute data to the project”, the app

2It is worth noting that the other Samsung models represented in the data set scanned Wi-Fi
access points at rates on average with those from other manufacturers. The Samsung GT-P1000M is
an unusual exception.

Time (ms)
Avg 1906
Stdev 1864
Min 364
Max 7019

Table 5.1 — The results of the WiFi access point scan speed test. These results represent
a sample of 58 different Android mobile device models running 78 different versions of
the Android operating system.
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Figure 5.1 — The distribution of Wi-Fi scan times found in a sample of 78 different
versions of the Android operating system running on 58 different device models.

(as of November 8, 2011) was downloaded 461 times and 125 data samples were sent
in. This data sample currently 59 different Android device models and 78 different

versions of the Android operating system.

As shown in Table 5.1, and graphed in Figure 5.1, the scan times varied widely.
Some devices would return data in less than half a second while other devices might
take up to seven seconds to complete a scan. Almost immediately it became apparent
that some devices did not return unique results on each scan request. For example,
the GT-P1000M used for development had an average scan time of 6727ms, but
in reality it only returned new data on every second scan. Essentially this device
had an effective scan time of over thirteen seconds. This result was only the case
with the stock Samsung firmwares® and tests with the open-source CyanogenMod 74
firmware showed that new data was being returned on every scan. This suggested
that a device’s firmware plays an important role in the Wi-Fi scanning process, and
this later was proven with the introduction of the Android 4.0 based CyanogenMod
9 firmware for the GT-P1000M: average Wi-Fi scan times decreased to around the

3The tested firmwares were JMJ v2.2.1, JMQ v2.3.3, and JPE 2.3.3
4CyanogenMod: http://www.cyanogenmod.com/
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1000ms mark. This was quite surprising given the previous results and, after extensive

testing with several other GT-P1000M units, it was shown to be a consistent result.

5.3 Power Consumption Results

In tests of the power consumption of the scanning application on Android devices, it
was found that the default Wi-Fi scanning uses the same amount of power as simply
having the Wi-Fi turned on. The conclusion from this is that the Android operating
system performs a passive receive-only scan of the local Wi-Fi access points that are
broadcasting their presence and that it does not actively transmit to look for access
points. This also fits the fact that Android does not return information regarding

local “hidden” access points that are not broadcasting their SSIDs.

The screenshots shown in Figure 5.2 show some power test results acquired using
an application called PowerTutor®. With the graph data travelling from left to right
on the screen, Figure 5.2a shows the results of the device’s Wi-Fi having been on and
then deactivated at the point marked (1). Figure 5.2b shows the Wi-Fi system being
activated at point (2) and the resulting peak of energy use at point (3) as the device

transmits and connects to a local access point.

The last two screenshots compare the power use between Wi-Fi scanning and
Wi-Fi web browsing using the device. Figure 5.2c is the case where the scanning
application is running, and it shows a continuous low power usage that matches
the connected but not transmitting power use seen in Figure 5.2a and Figure 5.2b.
Figure 5.2d shows the power use seen while web browsing, with the peaks of power

use that can be associated with the device transmitting data to the network.

These experiments suggest that the power use by the scanning system is very
similar to that seen when the device’s Wi-Fi is turned on. They also suggest that the
CPU usage of the scanning system is quite low, although no work was done to compare
the power usage that might be seen when using various intensities of computation. A

futher discussion of this can be found in Chapter 6 on future work.

SPowerTutor: https://market.android.com/details?id=edu.umich.PowerTutor
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Figure 5.2 — An example of power use data collected from an Android Nexus One
device while scanning the local Wi-Fi APs and while browsing the web using the Wi-Fi

connection.
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This fact regarding passive Wi-Fi scanning appears to have not gone unnoticed by
commercial companies. On July 18, 2012, Skyhook Wireless®, a company that was an
early leader in outdoor mapping using Wi-Fi BSSIDs, sent out a press release entitled
“Skyhook Introduces Always-On Location With Unmatched Power Management for
Persistent Location’ that states: ‘‘Skyhook’s new Always-On features allow apps to
check user location (on an opt-in basis) as often as every 30 seconds throughout the
day, with little or no noticeable impact on the device’s battery life” [82]. Skyhook
Wireless did not publish more information regarding how their method works, but

their description does match the use of a passive scanning system.

5.4 Location Application

The Android application developed for capturing scanning data consists of several
parts that are separated by tabbed screens: functionality for scanning access points
and connecting the RSS/BSSID tuples with defined locations (see Section 5.4.1), the
display of the device location based on the current data set (see Section 5.4.2), a system
to test the accuracy of this method (see Section 5.4.3), and tools for maintaining
the data set and for defining new locations (see Section 5.4.4). A raw scan data
collector was later added to allow for analysis and experimentation at a workstation
(see Section 5.5), and that was joined by functionality for automatically uploading

the current location determination to a website (see Section 5.6).

5.4.1 Data Collection Scanner

As a proof of concept of this simple location method, the scanner functionality of the
application (see Figure 5.3) begins by requiring the user to enter the current location.
For this prototype, a location is defined by three pieces of information: a building

name (ex: ECS), a floor (ex: Fourth), and an area (ex: West).

Once the user has set the current location, the known RSS maximums for that

area are listed (marked “RSS Maxes” in the figure). The user can then press the Start

6Skyhook Wireless http://www.skyhookwireless.com
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Figure 5.3 — A screenshot of the Wi-Fi data scanner / data collection tool from the
proof of concept Android application.

button to begin a new scan. In typical use, the user would enter the specified area,
press Start, walk the length of the area, and press stop. (Note that this application
has a filter button, marked “UVic Only” in the figure, as an option to limit the data

set to the University of Victoria’s own wireless network access points.)

While the area scanning task is in progress, the results of the latest Wi-Fi scan are
shown (marked ‘‘Last Scan” in the figure) to assure the user that a scan is in progress.
Following Algorithm 1, the Phase 1 algorithm presented in Section 4.1.1, after each
scan the RSS of every BSSID in the scan data is compared with the maximum known
RSS in the current data set. Should a new maximum be found for a given BSSID,
or should it not be in the current data set, that BSSID is added to a list of newly
discovered RSS maximums for the current area (marked ‘‘New RSS Maxes” in the

figure).

After the scan of an area is complete, the user has the option to add the contents
of the newly discovered RSS maximums to the current data set by pressing the ‘“‘Save
new maxes’’ button. This option is provided to help prevent the accidental addition
of data to the wrong area. If the user chooses a new location the newly discovered

RSS maximums list is automatically cleared.
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Figure 5.4 — The simple location display from the proof of concept Android application.

The time required to acquire an accurate data set for a given area can be as little
as the time required to walk through that area. This is dependant on the device used,
however, as devices with faster scan rates may capture the peaks in the RSS values

that would be missed by a device with a slower scan rate.

5.4.2 Location Finding

The location functionality of the proof of concept application is very simple: the user
presses a button marked ‘“‘Locate Me”’, the application performs a Wi-Fi scan and
compares the maximum RSS/BSSID tuples to the current data set, and if a matching
location is found the area name will be displayed. (See Figure 5.4.) This follows

Algorithm 2, the Phase 2 algorithm presented in Section 4.1.1.

The functionality of this screen was meant as a simple demonstration that the
method works as described. It was soon expanded to perform automated accuracy
testing as described in the next section, and it was the basis for the automatic location

uploading experiment described later in Section 5.6.
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5.4.3 Location Accuracy Testing

To investigate the accuracy of this method, the location finding functionality was
expanded to perform automatic location comparisons. The user chooses the area the
device is currently located in and the automated test assumes that the user will remain
in the specified area. The software will then repeatedly scan the local Wi-Fi APs as
quickly as possible and make a location determination as described in Section 5.4.2.
The software records whether its location determination matches the area chosen by
the user and, in the case of an incorrect match, the type of incorrect match was found.
The software will categorize incorrect matches as being in the wrong area, a floor too
high, a floor too low, off by multiple floors, being in the wrong building, and having

detected an unknown location.

] 2
Locate Upload UESI@Scanner Data Edit

Your current location:

ECS Fourth West

Locate Me

& Save Data

Results:
Correct: 103

Incorrect: 1

Wrong area: 0
Floor too high: 1
Floor too low: 0
Multiple floors: 0
Wrong building: 0
Other: 0

Figure 5.5 — The automatic location verification function.

With the interface shown in Figure 5.5, the user first clicks the ‘‘Locate Me”
button. The app then reports back the location in which it believes the device to
be located. Should this be correct, the user then clicks the scanning toggle button
to activate the scanning. The display records the results of the location detection
for each scan, and the app continues to scan until the scan toggle is turned off or

until the “Save Data’ button is pressed. A text entry dialog box is displayed before
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any data is saved so that the user can have an opportunity to record any notes to be
saved with the data.

Two data files are generated from each run of the automated tester, and each is
named according to the current date, time, and location the data was collected. The
first data file is a summary of the results, listing the number of correct and incorrect
location detection attempts, the breakdown of the incorrect locations found, and the
comments entered by the user. The second data file is a complete list of locations
detected during the scan, listing the building ID, floor ID, area ID, and the text name

of the area.

5.4.4 Maintaining The Data Set

Two application tabs are dedicated to maintaining the data set on the device. The
first of these is simply called ‘“Data’ and, as shown in Figure 5.6a, is made up of
three functions for importing, exporting, and resetting the database. Besides the
obvious convenience of having such functions in the application, the export function
was needed to simplify copying the database off the device. Android applications, by
default, have private data storage areas that are not easily accessible by the user. The
task of backing up or swapping database files was therefore quite tedious, and adding
functionality to the application to copy the current database to the public storage

was the simplest solution.

The “Export Database’ button and the “Import Database’ button are essentially
opposites of each other: the export function copies the database file from protected
storage into a location and filename of the user’s choice, while the import function
allows the user to choose a database file that is then copied into protected storage.
This functionality provides the user with the means to quickly swap out database files

for testing.

To give the user the ability to reset the database to its original state, and to allow
the user to collect a new data set, a ‘“‘Reset Database” button was added. Only the
BSSID/RSS pairs and the location where they were seen at a maximum strength is

deleted, and the information regarding the buildings and locations is left in place.
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Figure 5.6 — The functionality for handling databases and for defining new map areas.

The second of the data maintenance functions is called ‘‘Edit”” in the application’s
tab row, and it provides the functionality for defining new buildings, floors, and areas,
as well as combining these building features into a location definition that can be
used for Wi-Fi location purposes. Once a new location is defined on this interface, it

is made available to the data collecting scanner and to the device location features.

There are, of course, data consistency issues related to allowing the end user to
define building features and new locations. For an application to be in widespread
use, a method would be required for merging the databases. If end users are defining
features and new locations such merging would become difficult. This would require
further research, but it should be possible to match locations defined by different
users based on the BSSID/RSS combination that was seen at maximum in that new

location.
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5.5 Desktop Application

To further expedite the analysis of data, another function was added to the Android
application: the raw data collector. This collector performs scans in the same way
seen in other parts of the application, but with a key difference: all data collected
from every scan is stored and can be saved to file for later use. As shown in Figure 5.7,
this part of the Android app has a start/stop button for controlling the scanning,
a button for saving the currently collected data to local storage, and a button for

flagging a turn in a walk.

An important question was asked during the initial testing of this method: how
many times does the user need to walk down a hallway to collected an optimum
sampling of the maximum RSS values? To collect this data the ““turn flag”” button
was added to the raw data collection function to allow the user to place a marker in

the data when the user reached the end of the hallway and had turned around.

WiFi Location

& B8
Locate Upload Verify BEGEIYMM Data Edit
Current Location:

EGS...w i REourth.. > REast. >

Last Scan Total scans: 33
-46 ModSauad Turn flags: 1
-71 UVicOpen Walk time: 10 sec
-71 eduroam

-72 UVic 00:16:c7:db:

-84 UVic

-84 UVicOpen

-85 UVicOnen

-85 eduroam

-86 UVic 00:16:46:9b:

-87 eduroam

Start Add Turn Flag

Save Data
L I}

Figure 5.7 — The functionality for capturing all collected Wi-Fi data during sampling
walks.

The desktop application was written in Java to make use of the same Java classes
that were in use in the Android location app. The initial stage of the application loads

the raw saved data files from the Android surveys and generates SQLite database
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files of the format that would be created by the Data Collection Scanner described
previously in Section 5.4.1. As these data files have “‘turn flags” embedded in the
data, the user can choose how many walks down a hallway will be used to create the
database file, and which walks out of those available will be used. (Typically five
walks down each hallway were collected.) Once generated, these database files can be

loaded onto an Android device and used for location determinations.

With the database files created, the desktop application can then run experiments
against those databases using other collected data. The results of these experiments
will be described in Section 5.8.

5.6 A Real World Test

A real world test of this method was conducted in November 2011, while attending
the 12th GENI Engineering Conference (GEC12)” in Kansas City, Missouri. This
conference was held in two connected buildings at the Marriott Downtown Kansas
City Hotel and Conference Center and was spread across two buildings, six floors,
and twelve rooms. A seventh floor and a thirteenth room was added to represent a

hotel room.

The Android application was used as described in the previous sections. To begin,
the location definition functionality described in Section 5.4.4 was used to define
the conference room locations. Eighteen locations were defined in total, with the
large plenary session room being further divided into six separate areas defined as
Front-Left, Front-Center, Front-Right and Back-Left, Back-Center, Back-Right. To
accomplish this with the existing software, which is limited to the building/floor/area
model, the plenary room was defined as a floor and the six interior regions defined as

areas.

With the locations defined, the data collection scanner was then used as described
in Section 5.4.1 to find the BSSID/RSS max pairs for each location. For most locations
this was accomplished with a single slow walk through each room. For the large
plenary session room, each region was scanned by standing at the furthest point from
the other regions. For example, Back-Left was scanned by standing in the area close
to the back and left walls.

"The 12th GENI Engineering Conference: http://http://www.geni.net/?p=2052
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5.6.1 Automatic Location Upload

To make this test effective required the expansion of the application to include
functionality for automatically uploading the user’s current location to a website.
Another tab was added to the Android application for presenting this functionality,
as shown in Figure 5.8a. The user is presented with a simple display that initially
shows no location, but that shows when the last website update was made. A “Start”

button is then pressed to begin the automated process.

'WiFi Location

Elhttp://www.trans-cloud.... [
ME R - , S
Locate QEIISEL] Verify Scanner Data Edit (a:trtiepzzgioréoif;ﬁ;i:tisqcatlon

Marriott First Lobby
Friday 1:35:pm CDT
Your current location:

Marriott First Lobby

Last website update:

0 min, 23 sec ago

Stop
1 |

(a) The location upload tool (b) The current location web
page

Figure 5.8 — The current location automatic upload experiment that was tested at
GEC12.

The automatic location uploader begins by following Algorithm 2, the Phase 2
algorithm presented in Section 4.1.1, in the same way as the functionality described
in Section 5.4.2 for the ‘‘Location’ tab: it scans the local Wi-Fi access points to
determine its location based on the BSSID with the strongest RSS. However, the
previous version of the scanner would simply display the results of the current location
determination, and this could rapidly change from one location to another when

an incorrect determination occurs. To prevent this the location information is then
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buffered in a twenty item list® and the software would only consider the device’s
location to have changed when the majority of the locations in the list differed from
the current location. Once this location-changing threshold had been crossed the
software sent an HT'TP GET request to a website with the new location encoded into
the URL.

For this experiment a simple Django® website was configured to receive location
updates via HTTP GET requests and to display the last known location. Figure 5.8b
shows the minimalistic web page that was created to provide the user’s current

location.

5.6.2 Successes

The system worked very well during this test and it showed an excellent level of
accuracy. The device used for this experiment, a Google Nexus One, has a scan speed
of approximately one second which meant that location changes would be (on average)

sent to the web server within ten seconds of entering a new area.

The fast speed of these automated updates was inadvertently demonstrated when
the device was pocketed and forgotten about while an attempt was made to locate
a misplaced USB cable. The website was being watched at the time and the rapid

changes between locations during the search for the cable were quickly noted.

5.6.3 Difficulties Experienced

A few difficulties, both expected and unexpected, were experienced during this test:

e The method used to both buffer and filter location switching did not work well
when the device was located in the large plenary session room. This room had

been logically divided into six locations in the application’s database and, in

8The size of twenty for the buffer/filter list was chosen arbitrarily and different sized buffers were
not tested.
9Django: http://www.djangoproject.com
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some situations the maximum RSS values for two adjoining logical areas were
essentially the same, the software would determine the device’s location to be
either one of those two locations approximately 50% of the time. The filtering
method used would continuously be on the threshold of either of those locations
being the majority location in the buffer and the application would rapidly
upload new locations to the web server. This was clearly not the intended

behavior, especially when the device was not in motion.

e There was only one access point in the room used for breakfast and lunch, and in
many positions in that room the access points from a floor below had a stronger
signal. As those rooms were used by the conference and had been scanned, the

device would determine that it was located on the floor below.

e The building, floor, and area naming scheme was a limiting factor for deploying
the software at this location. To divide up the plenary session room, the room
had to be defined as a floor so that the areas could be used for defining the inner
locations. It was also found that some of the names generated by this method
were awkward, and that providing a separate free text naming field for each

location would make for easier comprehension of a location.

5.7 Area Types

The results of the location determination testing, both from the initial location results
collected by the automated location accuracy scanner (see Section 5.4.3) and from
the desktop application, pointed to several classifications of area types that have
an effect on the results. The primary testing was performed at the University of
Victoria’s Engineering and Computer Science (ECS) building, and this building can
be a challenging environment for Wi-Fi radiolocation given its five story center atrium

and many hallways that are partially open to that atrium.

5.7.1 Enclosed Hallways

For the type of hallway where there are rooms on either side, which will be referred

to as enclosed hallways, the results are typically extremely good. This occurs mainly
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because the rooms attenuate the signals from the APs that are located in the hallway.

An example of this type of hallway can be see in Figure 5.9.

. u
: 0 1
405 407 a1 413 415 419 421 423 \\-“ 431
427
L sy /1
) )
% L/ U U U Y %
418 420 422 424
430
404 412
L L L T gl

Figure 5.9 — An example of a typical enclosed hallway, with rooms on either side and
two APs visible.

5.7.2 Half Open Hallways

Hallways where there are rooms on one side, but which are open to the building’s
atrium on the other, are referred to as a half open hallways. The results from this
are type are generally very good. An example of this type of hallway can be see in

Figure 5.10, while others will be discussed in the Location Results section, Section 5.8.
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Figure 5.10 — An example of a half open hallway, with rooms on one side and open
space on the other.

5.7.3 Partially Open Areas

Areas that are semi-enclosed, in that they have at least two walls and a ceiling, are
referred to as partially open areas. This category is not well defined and covers many

areas in the test samples but, for the most part, this method was shown to work in
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these areas. Different configurations of partially open areas will be discussed in the

Location Results section, Section 5.8, and an example can be seen here in Figure 5.11.
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Figure 5.11 — An example of an partially open area from ELW, where the roof is
higher in one area.

5.7.4 Completely Open Areas

Areas that are not enclosed and that are open to signals from all directions are referred
to as completely open areas. Without any signal attenuating barriers defining this
type of area, it is the one category of area type that this method cannot handle. The
example shown here in Figure 5.12 is of the open bridges connecting the west and
east wings of the ECS building. These bridges receive signals from many of the 120
APs in the building making them a challenge for any method other than those using
detailed signal fingerprinting [14].

5.8 Experimental Results

The results of location determination testing were, to put it mildly, extremely promising.
It should be noted that these results are from the simplest version of the algorithm,
where only the BSSID of the AP with the maximum RSS value is used to determine
a location (See Algorithm 2). Almost any form of filtering could be used to improve

many of these results.



68

i ( 467 465

401

401

r 401A

OPEN TO BELOW

—

401C

405 407 411

402

Figure 5.12 — An example of one of the atrium bridges between the wings of ECS,
with windows on one side and open to the atrium on the other, forming a completely
open area.

To begin, we will look at the question of the number of end-to-end walks down a
hallway that are required to collect the database data for an area (Section 5.8.1), and
we will follow this with a look at the actual location determination results and the

types of incorrect determinations that can result from this method (Section 5.8.2).

5.8.1 The Number Of Walks

To estimate the amount of Phase 1 data collection this method requires, and given
that this method involves walking back and forth through a hallway or area, the term
walk is defined as the one-way walk from one end of the hallway to the other. A
five-walk database would therefore contain the Phase 1 data from five end-to-end

walks of a hallway.

The graphs on the following three pages represent the percentage of correct location
determinations observed for one to five walks down each hallway. In each of these

examples two Android devices were used for both the initial Phase 1 database data
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collection and the Phase 2 location determination trial data collection. As mentioned
in the section on scan rates (Section 5.2), the Nexus One device by HTC has proven
to be the fastest and most reliable for data collection, and its database files were
used on both phones for the location determination trials. The second device was the
Galaxy Nexus by Samsung and, as we will see in the following data, the Galaxy Nexus
tended to out-perform the Nexus One in location determinations using a databases

created by the Nexus One. The reason for this is unclear.

From these graphs it is obvious that one walk down a hallway is typically all that
is needed to produce a database that provides excellent location determinations. There
are some examples showing a 2% improvement in correct location determinations
with more than one walk, such as that seen in Figure 5.13 for ECS Second East. There
are even examples of similar sized degredations in correct location determinations
with more than one walk, such as those seen in Figure 5.15b in the Clearihue First

Center Galaxy Nexus data.

While percentage of correct location determinations for the Engineering Lab Wing
(ELW) building data does not change depending on the number of walks, the results
for ELW First Center and ELW Third Center are quite different from the rest. These
low figures are the results of two different experiments which will be discussed in
Section 5.8.2.

5.8.2 Location Determination Results

The results of the location determination trials were generally quite successful, as
can be seen by results such as those in Table 5.2. While these results show high
percentages of correct location determinations, they also point to interesting features
of each area. Note that all results in this section are from a five walk database, and
they are all calculated using the best AP method described in Section 4.1.1.

Engineering and Computer Science Building Results

The results from the location determination scans for the Engineering and Computer

Science (ECS) Building are very good, with areas such as the second floor and the
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fourth floor showing 100% accuracy. The results from the location determination
scans for the Engineering and Computer Science (ECS) Building are very good, with
areas such as the second floor and the fourth floor showing 100% accuracy, but an
astute map reader will quickly notice that no data collection walks were performed on
the bridges that connect the west and east sides of the building. These bridges, shown
in Figure 5.12 and marked as (1) and (2) on the ECS 2nd Floor map in Figure C.1,
receive signals from many of the approximately 120 APs in the building making them

a challenge for any methods other than those using detailed signal fingerprinting [14].

Type of Incorrect Determinations
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ECS 2nd West || 197 | 197 | 0 100 0O(0]0]0|101]0 0
ECS 2nd East || 234 | 234 | O 100 0O[(0]0]0101]0O0 0
ECS 3rd West || 241 | 229 | 12 | 95.02 011121 0 01210 6
ECS 3rd East || 226 | 222 | 4 | 98.23 0 2 2 2 010 1
ECS 4th West || 251 | 251 | 0 100 0O}(0]0]0101]0O0 0
ECS 4th East || 148 | 148 | 0 100 0O}(0]0]0101]0O0 0
ECS 5th West || 207 | 201 | 6 | 9710 | O | 6 | O | 6 | O | O 1
ECS 5th East || 205 | 183 [ 22 | 89.27 || 0 |22 | 0 [22| 0 | O 6
ECS 6th West || 242 | 241 | 1 | 99.59 0 1 0 1 010 1
ECS 6th East || 244 | 228 | 16 | 93.44 0 2 1141 2 010 5

Table 5.2 — ECS Location Determination Results

Beginning with the results from the walks of ECS 2nd West and ECS 2nd East (see
the ECS 2nd floor map in Figure C.1) we find that these two walks were extremely
successful with 100% correct location determination results. This is not surprising for
the ECS 2nd West walk as the enclosed hallway type is the “perfect candidate” for
this method. However, the ECS 2nd East walk may be more surprising as it has the
half open hallway characteristics in the area marked @ on the map, and it lacks an
AP in the area marked on the map. The data suggests, however, that there is a
hidden AP near that is providing the needed unique BSSID for this area.

Both walks on the third floor of ECS (see the ECS 3nd floor map in Figure C.2)
have some typical characteristics of this method. The ECS 3rd East walk again shows

good results for a half open hallway type, but incorrect area location determinations
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were seen around the point marked (C) on the map. Receiving strong signals from
areas other than straight up and down is typical of this type of area which lacks
signal attenuating walls. However, the number of ““a floor too low’” determinations for
ECS 3rd West is unusual for an enclosed hallway. The clustering of these incorrect
determinations, seen at a maximum of six in a row and at the end of the walk near
the point marked @, suggests that the AP one floor directly above is the strongest
signal at the end of the ECS 3rd West walk.

The results for the fourth floor of ECS (see the ECS 4th floor map in Figure C.3)
were 100% correct, but from the map it would be expected that the part of the walk
near (E) would generate errors due to the attenuating walls separating it from the
closest visible AP. While there are no official UVic APs directly above or below
this area, there is a hidden AP in the room near (E). Between this extra data and
the lack of other APs, the system provides a continuous stream of correct location

determinations throughout this area.

On the fifth floor of the ECS building (see the ECS 5th floor map in Figure C.4)
there is an example of the problem with unexpected network changes: there had
previously been an AP near (F) on the map, outside of room 554. However, the
results for the ECS 5th East walk remain strong with a correct location determination
percentage of 89%. Similar to the area one floor down, it is assumed that there is a

hidden AP somewhere near (F) on the map.

For the sixth floor of the ECS building (see the ECS 6th floor map in Figure C.5)
we see an example of an enclosed hallway along the path taken by the ECS 6th West
walk, and an excellent example of a half open hallway along the path taken by the
ECS 6th East walk. The entire hallway, on both sides of the area marked (G) on the
map, is open to the atrium. With the exception of a metallic wall/railing that reaches
to waist height, there is no other attenuation of signals reaching this area, and as

such we see higher counts for “wrong area’’.

Overall, and while keeping in mind that these results are from the simple max RSS
location method, it should be noted that the maximum number of incorrect location
determinations seen in a row in ECS was six and the average was two. These kinds of
errors can be corrected for by using a slightly more complicated location determination

method, or by simple filtering.
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Engineering Lab Wing Results

The results from the location determination scans for the Engineering Lab Wing
(ELW) were also excellent. Although the numbers provided in Table 5.3 may appear
to show failures (ELW First Center and ELW Third Center), in actuality a few of the
locations tested in this building were chosen as examples of where the defined areas

must be tweaked in one way or another to achieve excellent results.

Type of Incorrect Determinations
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ELW 1st West || 76 | 66 | 10 | 8.84 || 0O | O |10] O | O | O 3
ELW 1st SW || 117 | 112 | 5 | 9573 || O | O | 5 [ O] 0O ]O 2
ELW 1st NE || 150 | 144 | 6 96 0O]016|]0]0]0 4
ELW 1st East || 107 | 106 | 1 99071 0] 0| 1]01]0]0 1
ELW 1st SE || 118 | 107 | 11 [ 90.68 || O | O |11 ] O | O | O 6
ELW 2nd Center || 217 [ 204 | 13 | 9401 || O | 1 |12 1 | 0 | O 2
ELW 2nd NW || 127 | 123 | 4 [ 9685 | 0 | O | 4 | 0 | 0|0 1
ELW 2nd West || 105 | 82 | 23 [ 7810 | 0 | 2 (21| 0 | 2 | O 6
ELW 2nd SW || 164 | 138 | 26 | 84.15 | 0 | 6 |20 1 | 5 | O 10
ELW 2nd NE || 147 [ 142 | 5 [ 9660 || O | O | 5 | 0O | O | O 2
ELW 2nd East || 104 | 103 | 1 9.04 | 0| 1 0|07 1]0 1
ELW 2nd SE || 133 [ 129 | 4 [ 9699 | 0O | O | 4 [ 0] 0O 2
ELW 3rd Center || 165 | 0 | 165 0 0 |8 | 778|010 165
ELW 3rd West || 101 | 97 4 (9604004071010 1
ELW 3rd SW || 164 | 160 | 4 | 9756 | 0 | O | 4 | 0| 0|0 2
ELW 3rd NE || 147 | 146 | 1 9932 |00 | 1]07]01]0 1
ELW 3rd East || 99 | 98 1 9899 | 0| 1,01 1]0]0 1
ELW 3rd SE || 147 | 145 | 2 | 9864 || O | 0O | 2 | O | O |O 1

Table 5.3 - ELW Location Determination Results. The areas of each floor are grouped
together to match their presentation in the discussion.

One of the most interesting examples is the ELW 1st Center walk on the first
floor of the ELW building (see the ELW 1st floor map in Figure C.6). As shown
on the map, an AP is located at the north end of this walk in an average hallway.

However, as the walk moves south past @, the room opens up to a two story ceiling
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with a balcony from the 2nd floor overlooking the area and an AP on the ceiling at
(H). As the ELW 2nd Center walk was done on the second floor, the AP at (H) would
be associated with that walk instead of the ELW 1st Center walk, and any location
determinations in the area from (H) south should be expected to be reported as one
floor too high. This is what is seen in the data, with a 52% accuracy that neatly
divides the ELW 1st Center walk between the north area dominated by the first floor
AP and the south area dominated by the second floor AP near (H). There are also
two ‘‘wrong area’’ determinations here that can be assumed to originate from the AP
in the ELW 1st South-East walk area as there was a line-of-sight from the south end
of the ELW 1st Center walk and that AP.

Looking next at the two walks in the west hallway, the ELW 1st West walk and
the ELW 1st South-West walk, we see a phenomenon that was rare in the results
from the ECS building: location determinations that were incorrect due to ‘“wrong
area’’ rather than ‘“‘wrong floor”. This is simply an artifact of dividing an area into
two along a line with no signal attenuating features. Whenever the ELW 1st West
walk or the ELW 1st South-West walk approached the other (the area marked (J)
on the map), either of the APs in the hallway would potentially be the strongest
signal source and could be used for the location determination. The solution to this
type of problem, as will be discussed in Section 6.1 (Future Work), is as simple as

implementing a location algorithm that uses more than just the single strongest RSS.

The final three walks for the first floor of the ELW building are on the east side:
the ELW 1st North-East walk, the ELW 1st East walk, and the ELW 1st South-East
walk. With all three walks we see that the incorrect determinations were all “wrong
area’’, and the reasons for this seem to be relatively straight-forward for two reasons:
there is no signal attenuating feature between the western part of the walk and the
AP that is considered to be part of the ELW 1st North-East area. As the map
suggests that this walk ends closer to that AP than to the AP in the center of the
ELW 1st North-East area, wrong area determinations should be expected with the
current algorithm, and should be fixed by the method discussed in Section 6.1 on
Future Work. The higher number of “wrong area’ determinations for the ELW 1st
South-East walk are more difficult to explain, but may be related to the complex
layout of that particular hallway and to the fact that there are locations in that walk
where a signal attenuating feature (such as a wall) may be between the AP and the

mobile device.
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Moving up one floor to the ELW 2nd Center walk (see the ELW 2nd floor map in
Figure C.7), we should expect excellent results given where the AP (the same AP that
caused difficulties for the ELW 1st Center walk) is positioned. However, while good
results were seen, we can see a side-effect of the walk that was chosen: a winding path
that starts in the area marked (K) on the map and follows the balcony around the
area that’s open from below, and along a portion of a hallway marked as (L) on the

map. There are two problems with defining the ELW 2nd Center area with this walk:

e The area marked ® on the map is in very close proximity to the AP that
is included in the ELW 2nd North-West area, and it is also in line-of-sight
of the AP that is included in the ELW 2nd North-East area. Without any

4

attenuating features to block signals, ‘“wrong area’ location determinations

would be expected from here.

e The area at (L) is essentially a bridge over the open area below, but what is
not obvious from the map is that a wall of glass bricks between (L) and the AP
gives the impression of an enclosed hallway. However, as a 0.5” glass divider!®
has an attenuation factor of 12 dB [78], which is more than the 5 dB to 10 dB
expected from an interior wall, and so this is considered as an enclosed hallway.
Examination of the map shows that the AP in the ELW 2nd South-East area is
in direct line-of-sight with (L) and, as such, this area should be excluded from
the ELW 2nd Center area.

Looking at the west side of ELW 2nd, we see that region divided into three areas by
three walks, rather than the two seen on the first floor. This was due to an extra AP
placed on this floor in the area defined by the ELW 2nd North-West walk. While this
area shows excellent results, the ELW 2nd West walk and the ELW 2nd South-West
walk show more incorrect area location determinations than did the similar areas on

the first floor and the third floor. The reasons for this are unclear.

The east side of ELW 2nd shows excellent results, with small numbers of incorrect
area location determinations seen by both the ELW 2nd North-East walk and the
ELW 2nd South-East walk when near the ELW 2nd East area.

10This assumes that the glass bricks have an equal or greater signal attenuation than the 0.5”
glass divider.



78

To complete the examination of the Engineering Lab Wing results, we move to
the third floor of the building (see the ELW 3rd floor map in Figure C.8). Here we
see good results that are similar to those seen elsewhere in the building, with the
exception of the ELW 3rd Center walk. The area marked @ on the map is an open
study area, but one with no visible AP. The ELW 3rd Center walk was a test to see
if there was a hidden AP nearby that could be used to define an ELW 3rd Center
area. Given the zero correct location determinations for this area, there is no AP in
the area around @

Clearihue Building A-Wing Results

As one of the trials outside of the engineering buildings, one of the oldest buildings at

the University of Victoria—the A-Wing of the Clearihue Building—was used.

Type of Incorrect Determinations
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Table 5.4 — CLE-A Location Determination Results

The first floor of Clearihue A-Wing (see the CLE-A 1st floor map in Figure C.9)
consists of a large hallway with three APs and a student computer center with a fourth
AP. The remaining two floors (see the CLE-A 2nd floor map in Figure C.10, and the
CLE-A 3rd floor map in Figure C.11) have somewhat shorter hallways with an AP
at both ends. Only one area was defined on each floor, each by a straight walk path
down the hallway. As shown in the Clearihue A-Wing results table (See Table 5.4),
the results are similar to those seen in some areas of the ECS building. There are no
closely adjoining areas that would lead to incorrect area location determinations, and
so the only incorrect location determinations seen here are of the ‘‘plus or minus one
floor”” variety. Using the methods described in Chapter 6, the maximum number of
incorrect location determinations in this data could easily be filtered out to provide

near perfect location determinations.
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Chapter 6

Future Work and Conclusions

Such impressive results from such a simple system with a simple and fast configuration
phase was the motivator for writing this thesis. Most location-related work tends to
focus on how precisely a real-world ground-truth position can be made. A lot of this
thinking may come from our expectations of the always progressing improvement in
the technology we use. Every now and then it is good to take a step back and check

whether that progression is really leading us where we need to go.

Indoor Wi-Fi location seems to be a good place for taking a step back. While
there has been a large amount of research on the topic over many years, there are
very few real-world deployments. Most of the background research investigated for
this thesis requires so much configuration and maintenance work that those methods
are simply impractical to use outside of experimental situations. Using less precise
methods, but methods that are inexpensive and fast to deploy, seems to be the only

way to get indoor location technology out of the lab and into the real world.

One high-profile exception to the lack of real-world indoor location efforts has come
from Google and their introduction of Indoor Maps to their Google Maps offering.
While this holds the promise of bringing ubiquitous indoor mapping to mobile devices,
opportunities to test Google’s indoor maps are rare given how few locations are part
of the service. Unfortunately, in the two opportunities to test this service before this
document was published, both tests showed very poor results. The screenshot shown

here in Figure 6.1 is from the San Jose International Airport, with the device located



80

between Hudson News and Gate 27. As is clear from the image, Google Maps located
the device outside the opposite side of the building and on the road. Google Maps
did seem to be accurate for altitude, though, and it would almost always show the

appropriate floor map for the interior of the airport.

24 Water.Fuumam o,ba
Peet's'Coffee @
and Tea
Alamo Rent-A-Ca
25 5
e
v Hertz Rent A (J

Hudson News =
.

Ruby Tuesday
27

u
Charging Station

Google

Figure 6.1 — A screenshot of the indoor mapping functionality of Google Maps. This
example was captured at the San Jose International Airport when the Galaxy Nexus
device was between Hudson News and Gate 27. However, Google Maps located the
device outside and on the road.

6.1 Using A More Complicated Algorithm

What appears to be the most obvious target for future work would be to improve the
algorithm by filtering and by using more than the simple strongest RSS to determine
the device’s current location. As was mentioned earlier in this document, using a more
complicated algorithm was intentionally avoided to focus on how powerful the switch
from absolute location to defined areas can be, and to show how signal attenuation

inside buildings can be useful.

That point aside, it would be trivial to add filtering to the algorithm to remove the
spurious location determinations that appear in sets of one, two, or three. Looking at
the results shown in Section 5.8, it is obvious that the percentages of correct location
determinations would be greatly improved by such a small amount of work. However,
it might be considered bad form to demonstrate a simple method that provides near

perfect results, and this work has remained focused on the nearly perfect results.
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Without too much effort this method could be expanded to consider the RSS
of more than one AP when making a location determination. This would be very
effective in long hallways such as ECS 4th West, shown in Figure C.3, that have APs
at either end. Determining whether the device is at one end of the hallway or the

other, or somewhere in the middle, should simply be a matter of the ratio between
the RSS of the two APs.

Further improvements could be found in using history functions, and determining
if it is physically possible for the device to have moved from the previous location to
the new location. This might be due to the amount of time it would take to move
from point A to point B, or it might be due to whether there are barriers preventing
direct movement between the two, but in either case it would require that the system

have knowledge regarding the relative positions of the defined areas in the real world.

6.2 Using Device Sensors

The work presented here began out of an interest in using accelerometers to assist
in determining location, and unfortunately that work did not make it into this
thesis. However, there are many avenues of investigation open through the use of
device sensors such as the accelerometer, but also including the gyroscopes and 3D

magnetometers (compasses) that are now in most smartphones.

Accelerometers themselves can be used to track steps taken by the user of the device.
Whether the device is in motion or not plays into whether location determinations
need to be made, but they can also be used for a rough estimate of distance travelled
and whether the determination of a changed location make sense in the physical world.
Gyroscopes and compasses can assist here as well, as many steps taken while turning

in a circle would suggest the device has not moved much of a distance.

As well, using accelerometers to gain a rough estimate of distance travelled could
be useful in the Phase 1 configuration of a location system. Looking again at the
example hallway of ECS 4th West, a rough estimate of distance travelled could provide
the system with information regarding the spacing of the APs in the hallway, and

perhaps prompt the user of an opportunity to divide a defined area in two.
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What may prove to be the most important sensor for this simple system is the
electronic barometer. Barometers provide an independent measurement of altitude by
measuring ambient air pressure but, just like wall-mounted barometers in some old
houses, their readings vary with the changing of weather patterns. Once calibrated
with a known altitude, perhaps ground level as the device is brought into a building
and loses its GPS signal, the electronic barometer has no difficulties in determining the
device’s altitude within a building and should be able to provide the necessary data

to prevent the incorrect location determinations that fit into the * 1 floor category.

6.3 User Testing and Crowdsourcing

True user testing will be an important step forward to ensure that the system is truly
as easy to use as it appears. Widely deploying the colleague locator software at a
conference could make for a test that is reasonably easily to control. Building out the
application to include maps that show where the next event is and how to get there
from the user’s current location would not only be useful to a conference attendee,
but could also be a driving factor to see the location software installed on a large set

of devices.

Further developing the system to allow for users to submit data samples could be
the beginnings of a crowdsourced system. While there are many potential issues to
this, including security and data management, there is also a great potential to see

the success seen in many other crowdsourced projects.

6.4 5 GHz Wi-Fi, IEEE 802.11ac, and The Future

While 5 GHz Wi-Fi has been around since IEEE 802.11a, it only began to appear
in consumer equipment after the release of the IEEE 802.11n specifications. Wi-Fi
equipment that uses 5 GHz is still generally more expensive than 2.5 GHz equipment,
but dual-band Wi-Fi radios are starting to become a standard for mobile devices. With
the use of a higher frequency / shorter wavelength radio signal comes the promise of

even more signal attenuation and less signal penetration through obstacles. However
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there is not much work related to 5 GHz Wi-Fi and location determination, although
the 3Com® Wireless Antennas Product Guide [78] mentioned at the end of Section 3.7
also includes data on attenuation properties at 5 GHz. Shown here in Table 6.1 for
comparison, we see that some materials do show a much higher signal attenuation at
5 GHz as compared to 2.4 GHz. However, not all of the numbers are higher, with

such important examples as interior hollow walls showing less attenuation.

Building Material 2.4 GHz | 5.0 GHz |
Solid Wood Door 1.75” 6 dB 10 dB
Hollow Wood Door 1.75” 4 dB 7 dB
Interior Office Door w/Window 1.75” /0.5” 4 dB 6 dB
Steel Fire/Exit Door 1.75” 13 dB 25 dB
Steel Fire/Exit Door 2.5” 19 dB 32 dB
Steel Rollup Door 1.5” 11 dB 19 dB
Brick 3.5” 6 dB 10 dB
Concrete Wall 18” 18 dB 30 dB
Cubical Wall (Fabric) 2.25” 18 dB 30 dB
Exterior Concrete Wall 277 53 dB 45 dB
Glass Divider 0.5” 12 dB 8 dB
Interior Hollow Wall 4” 5 dB 3 dB
Interior Hollow Wall 6” 9 dB 4 dB
Interior Solid Wall 5” 14 dB 16 dB
Marble 2” 6 dB 10 dB
Bullet-Proof Glass 1” 10 dB 20 dB
Exterior Double Pane Coated Glass 17 13 dB 20 dB
Exterior Single Pane Window 0.5” 7dB 6 dB
Interior Office Window 1” 3 dB 6 dB
Safety Glass-Wire 0.25” 3 dB 2 dB
Safety Glass-Wire 1.0” 13 dB 18 dB

Table 6.1 — Attenuation Properties of Common Building Materials, including data for
5 GHz Wi-Fi, from the 8Com®) Wireless Antennas Product Guide [78]

While the method presented in this document would still work with 5 GHz Wi-Fi,
the next big challenge will be the IEEE 802.11ac standard which specifies the use of
steerable antennas. The APs will have the ability to direct the radio signal towards
a mobile device, and this has the potential of skewing the RSS values for the APs.
This should not have an impact on any implementation similar to the Android app
described in Section 5.4 as the scanning method used is passive; the device listens for

the (presumably) omnidirectional beacons broadcast by each AP.
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Appendix A

Calculation of the Wi-Fi Fading
Effect Distances

As discussed in Section 3.2, the fading effect causes the power of a radio signal to
change drastically when receiver displacements are on the order of half the radio
signal wavelength [83]. The frequency of IEEE 802.11b/g radio is 2.4GHz, and the

calculation of its wavelength is trivial:

v
A= — Al
7 (A1)
where A is the wavelength, v is the velocity of the waves, and f is the frequency. Of
course f = ¢, which is the speed of light. Using (A.1) we can calculate the 802.11b/g

wavelength:

A=

v
f
c

f

299792458 m/ s

2.4GHz (A.2)
B 299792458 m s~

2.4 x 109571
=0.125m

=12.5¢cm
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With a wavelength of 12.5cm, we can then expect radio signal level changes due to

fading at distances of 6.25 cm.
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Appendix B

Radiant Flux of Betelgeuse

As a comparison of the received radio energy of a strong Wi-Fi source, we looked
at the light energy received from the star Betelgeuse. Called radiant fluzx, this is
the total amount of light energy of all wavelengths received from the source [84].
For the purposes of this comparison, we do not take into account any losses by the

atmosphere.

We begin with the basic flux ratio equation from An Introduction to Astro-
physics [84]:
Fy
—2 = 100(m—m2)/5 B.1
= (B.1)
We will define star 1 to be the Sun, and star 2 to be Betelgeuse. For the Sun,
we then define F; to be the total radiant flux as received at the Earth (the solar
constant'), and m; to be the apparent magnitude. For Betelgeuse, we similarly define
me to be the apparent magnitude, and we solve for F» to calculate the total radiant

flux as received at the Earth.
F; =1.360 x 10> Wm™2, m; =—26.81, my=0.58

100(m=m2)/5
Fp=—r
Fy

!Note that this is a conversion of the solar constant Fy = 1.360 x 10° erg s~! cm™2
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We can then solve for the total radiant flux of Betelgeuse received at the Earth:

Fy = Fy - 1000 —m2)/3
= (1.360 x 10°) - (100(55+26:80/5) W =2
=1.505 x 107° W m >
= 15.05 uW m 2

Therefore, if we ignore any effects of the Earth’s atmosphere, we see that the
total amount of light energy per square metre reaching the Earth from Betelgeuse
(15.05 uW m~2) is greater than the total radio frequency energy received by a Wi-Fi

device when in close proximity to a home wireless router (= 10 uW).



Appendix C

Maps
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