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Abstract- Location Aware Computing (LAC) has become an
important area in the field of Telecommunications. The need for
computing devices to have knowledge of their surroundings has
many applications in the modern world. These range from
medical and military to logistical and social. The positioning
algorithms that are used are still in a period of rapid innovation
with a necessary trade off between accuracy and time consuming
calibration. This study will consider movement history along
with antenna EIRP (Effective Isotropic Radiated Power) as a
means of improving Wi-Fi indoor location estimates. An
algorithm for use in 802.11 Wi-Fi networks will be developed
with two main aims. Firstly, it will be able to learn from the
movement history of the mobile device. This knowledge should
improve accuracy when signals are scarce. Secondly it will use
prior knowledge of the building structure and of antenna EIRP
to differentiate between room and floors.
Keywords: Location Aware, Context Aware, Ubiquitous
Computing, Pervasive Computing, Radio Location, 802.11, Wi-Fi,
Positioning Algorithms, Fingerprinting, Bayesian networks.

I. INTRODUCTION
Over the past two decades a large number of commercial
and research location aware systems have been developed
[1].Generally, these systems have one of two goals:
• Providing lower accuracy over a wide coverage area.
• Providing high accuracy (<30cm) in a small area.
Accuracy systems often require extensive infrastructure,
many sensors and time consuming calibration. AT&T
Cambridge’s Active Bats [2] system uses ultrasonic badges
and requires one ultrasound receiver to be installed every
square meter. Wide area coverage is most famously achieved
by using the Global Positioning System (GPS).
A
constellation of low orbit satellites cover the Earth’s surface.
Unfortunately GPS does not work indoors and has limited
success in big cities because of the ‘urban canyon’ effect.
Mobile phone companies also have methods of triangulating
the position of a user’s phone within a particular ‘cell’.
E911/E112 requirements [3] from the US/EU mean that a
phone’s location can now be discovered to within 100m in
Europe and the United States. Microsoft’s Research RADAR
system uses ambient 802.11 systems to estimate a user’s
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location. RADAR could have accuracy of up to 3 meters but
requires calibrating every square meter of the site to be used.
This research aims to improve upon existing work by taking
users’ movement history into account. It will optimise Self
location estimates on Wi-Fi enabled devices by introducing
movement history and antenna EIRP (Effective Isotropic
Radiated Power) into the algorithm. These will be used in
conjunction with existing maps and plans of buildings. In a
similar study carried out using GSM [4] it was found that by
taking a user’s movement history into account, predictions
were found to be accurate 93% of the time. While much work
has already been conducted to improve the accuracy of these
Wi-Fi tacking algorithms, it has almost exclusively
concentrated on trying to improve the fingerprinting methods.
Improvements at Intel on these algorithms [5] represented
only a 20% increase in accuracy over the most basic
algorithms. This is because of the major complications with
indoor RF interference. For this reason we take a different
approach to give the algorithm more accurate positioning
capability by telling it the history of movement of Wi-Fi
enabled users throughout a building. The newly developed
novel algorithm will be run on PlaceLab [6] and tested in a
creative technologies software application, where wireless
self location is critical, such as mobile gaming, home
automation & entertainment, tourist activity or security. The
primary objectives of HABITS are to:
• Develop an algorithm to improve accuracy indoors.
• Use the existing PlaceLab software framework to
test the algorithm with a large 802.11 network.
• Extend the algorithm to allow for movement and for
multiple floors in the building.
• Extend the algorithm to allow for EIRP of the
Access Points.
• Implement and test the new algorithm within a
creative technologies application which will make use of
context prediction to give a building ambient intelligence.
II.

PREVIOUS WORK

This section gives a review of related research on location
estimation that is relevant to the design and implementation
of HABITS.

A.

Location Estimation Approaches

GPS uses multiple orbiting satellites to triangulate the
position of a mobile receiver on the earth’s surface. It
calculates location by triangulating the time of flight of
transmissions from these satellites to the receiver. A user’s
position can be tracked to within a few meters and it is this
accuracy over a wide geographical area that makes GPS so
popular. However, it does have some major limitations. Its
coverage and accuracy can vary with factors such as the
weather [7], time of day [8] and use in built-up areas [6]. In
particular, it does not work indoors [9]. Ultrasonic systems
use time of flight of ultrasonic sound chips to triangulate
position and work well indoors. The university of Bristol has
developed a low cost version of this [10], and an example of
its usage is in the ‘City Project’ [11] where it was used as part
of a tour guide system in the Lighthouse museum in Glasgow.
Radio Frequency ID (RFID) tags are currently being built into
many everyday objects. These tags can give position when
they pass close to a reader but they usually need to be a few
centimetres away from the reader, making them unsuitable for
the purposes of this study. Computer visual techniques are in
use in location based systems. One system described by [12]
involves the use of special optical markers which a computer
can be trained to recognise. Inertia tracking can be used as a
means of determining location. Accelerometers can be
embedded into mobile devices and these can be used to
calculate velocity. Digital compasses can be added to these
devices in order to measure orientation. It is important to
know what direction you are facing, in order to know what
you are looking at [13]. Each of these technologies has its
own advantages and disadvantages. It is important to note
that they are different in a wide variety of ways including:
working indoors or outdoors, cost, potential for interference,
resolution accuracy and whether position is determined by the
device itself (greater privacy) or by a centralised technology
(network). A number of different systems have previously
used 802.11 access points as beacons from which to estimate
location. Microsoft research group have developed a similar
system called RADAR. Bahl and Padmanabhan [14] describe
this system as obtaining 1.5m accuracy within a precalibrated
area. This was done by constructing a detailed “radio
fingerprint” of the 802.11 Access Points (APs) within an
office building. The strength of signal detected within a one
foot by one foot grid was then used to determine location.
Ekahau [15] has developed a software product that works
like RADAR and claims to be able to pinpoint devices to a
room level [16]. Both of these products are however
expensive and require intense calibration and only work on
the precalibrated area. The data required for PlaceLab can be
collected while walking or driving. Another system that uses
the radio services in the environment is RightSPOT, which
was also developed by Microsoft research. RightSPOT uses
FM radio signals to determine position [17]. The current
accuracy of this system is in the order of km and could not be
used for our system. Numerous other indoor location systems

have been developed that make use of the sensory
technologies discussed earlier but the major drawback with
these is that they all require the installation of specialised
hardware in the environment to be maintained. The costs of
these technologies are also prohibitive making them
unsuitable for personal or social applications that are to be
used in people’s daily lives. They do however offer very high
accuracy levels and are therefore used by many commercial
organisations. An example of such a system is the LA-200
from Trapeze Networks. This provides a hardware based
solution to location tracking. Wireless devices located within
the scope of the wireless network may be tracked and located
to room level. This system uses the 802.1 network as a means
of carrying out the operation and they claim accuracy at 99%
with 10 meter precision in fewer than 30 seconds. Many
applications utilising location based technologies have
recently been developed. There are two major types of these
applications. First, those where users do not want to disclose
their location to anyone. Mappoint.com [18] is an example of
such an application where people may find their own location
on a map and be directed to local places of interest. Second,
those applications that reveal a user’s location to a small
group of selected friends. Two examples of these include
dodgeball.com [19] and AT&T’s developed in mMode’s
Friend Finder [19]. These notify you if a friend is in the area.
B.

PlaceLab

The PlaceLab [6] architecture consists of three key
elements as shown in Figure 1.

Figure 1: PlaceLab Architecture[6]

These are radio beacons in the environment; databases
holding beacon location information and PlaceLab clients that
estimate their location from this data. These are now
described in more detail.
Radio Beacons
PlaceLab operates by listening for transmissions from
wireless networking devices such as 802.11 access points,
GSM towers and fixed Bluetooth devices. These radio
services are collectively referred to as beacons. Each of these
are protocols that assign a unique or semi-unique ID to the
beacons. Clients’ positions can be determined by detecting
these ID’s. 802.11 access points can be used to determine

location. The only interaction between the Access Point (AP)
and the PlaceLab enabled device is that the device must detect
the unique ID and the signal strength. PlaceLab does not
require the client to transmit any data nor is it required to
listen to any other network user’s transmission with 802.11.
This is done entirely passively by listening for the beacon
frames that are broadcast periodically by the AP. These
frames are sent without any form of encryption.
Beacon Databases
PlaceLab database information is contained in a flat text
file with tab separated columns – Latitude, Longitude, Service
Set Identifier (SSID) and Basic Service Set Identifier
(BSSID). This file can be loaded into the PlaceLab database.
The client must be able to ‘see’ a number of these access
points to determine location. A minimum of three are
required. Merely detecting an AP does not give our client its
location. The relevant location information for the AP must
be stored in the database. The database plays an essential role
in the architecture of PlaceLab. It serves the clients with the
beacons location information.
PlaceLab Clients
The PlaceLab clients determine their location from both the
database of APs and from making live observations of the
radio signals around them. For reasons of portability and
extensibility, the client’s functionality is divided into three
separate elements: spotters, mappers and trackers.
Spotters are the means by which the client observes the real
physical world as shown in Figure 2. Other spotters may be
used if necessary for the different protocols supported, for
example, GSM and Bluetooth.

Figure 2: Spotter Hierarchy [6]

The purpose of the spotter is to monitor the radio signals
detected and pass on the ID’s of these beacons to other
elements of the system. The mappers’ purpose is to provide
the location of known radio beacons. Latitude and longitude
are always provided but it is possible to include other relevant
information such as altitude, power of the transmitter or the
age of the current data. This data may come from a number
of locations.
Wigle.com contains a mapping database for the cities in the
United States and while such information is not commonly
available in Ireland, a database does exist for the University
of Ulster’s Magee campus. The PlaceLab MapLoaderGUI is
shown in Figure 3.

Figure 3: PlaceLab mapLoaderGUI interface with wigle.net

128 Beacons could be downloaded from this site for the
Magee Campus. The accuracy of this database is however
uncertain.

Figure 4: Tracker Hierarchy [6]

The tracker is the “brains” of the system and it uses the
information from the spotter and the mapper to estimate the
client’s position. System understanding of signal propagation
and its relationship to distance, location and the physical
environment are encapsulated in the tracker.
A simple
tracker is included in PlaceLab that computes Venn diagramlike intersections of the beacons observed. Also included is a
Bayesian particle filter tracker that uses range information for
specific beacons. Although this requires more computation, it
can give a 25% improvement in accuracy and can also give
extra information like speed of movement and direction.
Figure 4 shows a Tracker hierarchy diagram. A number of
applications have been developed that use PlaceLab. Some of
these have been developed by Intel Research and others by
the PlaceLab user community. Additional functionality is
contained within PlaceLab to use GSM and Bluetooth signals.
C.

Positioning Algorithms

A number of different positioning algorithms may be used
to determine position. These algorithms are used to translate
various signal properties into angles and distances. This data
is then subjected to various trigonometric functions to
calculate position. Determining which algorithm to use
depends on the given ranges and densities of Wi-Fi Access
Points. Positioning algorithms may be divided into two main
groups. The difference in these groups is that one group
depends on an initial ‘training phase’ to create a more detailed

‘radio map’ of the area while the second group does not
require this phase. This training phase is used to improve the
accuracy of the measurement. Algorithms that do not require
this training phase include:
Cell ID Based
This uses existing data from the network to identify which
cell the user is in. It is mostly used in GSM networks where
each area is known as a cell with the base station transmitter
at the centre [20].
Proximity/Closest Access Point (AP)
This is similar to Cell ID but is normally applies to Wi-Fi
networks. A users’ location is given as that of the AP which
it is communicating with. This is usually the strongest signal
but may not always be the closest AP [21].
Triangulation
All AP’s which can detect the signal of the mobile user
respond to the network management system with the RSS
(Received Signal Strength). The system then maps the
coverage circles of each AP that can hear the user with circles
representing the border of each AP’s signal strength. At least
three APs are required. The location of the user is then
estimated by applying triangulation which show the location
of the user to be at the intersection of the circles [22].
Trilateration
This is similar to triangulation except that instead of using
angles, distances are used to perform the calculations. The
position of the wireless device is determined as a function of
the lengths between each detected AP and the mobile device.
At least two (preferable more) APs in known positions must
be able to detect the signal from the mobile device [23].
Because of the short wavelength of 802.11 Wi-Fi signals,
Triangulation and Trilateration are seriously error prone due
to a number of environmental issues with buildings and
device interference [24]. These factors affecting the accuracy
indoors are: Attenuation: Reduction in RF signal strength as it
passes through objects.; Occlusion: When RF signals are
completely blocked by objects; Reflection: RF signals
reflecting off objects making their paths to a sensor longer,
hence giving a different reading.; Multipath: An RF signal
can follow multiple paths to a sensor. This can result in
different readings from the same sensor, even if the distances
are the same. The following algorithms require an initial
training phase:
Centroid
This is the simplest of all the positioning algorithms. The
Users’ position is taken as the centre of all the detected APs.
This is the basic method used in the PlaceLab software. In a
study [25], the accuracy of this algorithm when combined
with Wardriven data was found to be to be approximately
25m but this accuracy was only available 10% of the time.
Particle Filters
Particle filters are sophisticated model estimation techniques
based on simulation.
This probabilistic approximation

implements a Bayes’ filter [24]. PlaceLab contains a particle
filter. This technique requires two input models: a sensor
model and a motion model. These are described by [26]. The
sensor model estimates the probability that at a given location
a given set of APs would be observed. The motion model then
tries to move the particles in a manner that approximates the
movements of the user.
Fingerprinting
This is the dominant technique used [24]. An a priori
accomplished map is created by collecting signal sample
points in the area. Each sample point received contains the
signal intensity and related map coordinates [27]. The
positioning accuracy achieved using this method in a Wi-Fi
network is up to 1m [28]. Pahlavan and Li [29] state that
despite providing accurate positioning indoors, WLANs have
problems with implementation because they require a
reference database for average signal measurements at fixed
points throughout a building.
Deterministic Techniques
Signal strength is taken as a scalar value. RADAR uses the
nearest neighbour algorithm to infer location [30].
Probabilistic Techniques
The information about the signal strength distributions
from the AP’s is stored as a radio map and probabilistic
techniques are used to estimate user location. An example of
this is the Nibble System [31] which uses a Bayesian network
approach to estimate location. Research has shown that the
probabilistic technique outperforms the deterministic
technique [24].
Effective Isotropic Radiated Power (EIRP)
Tsoulos [33] defines EIRP as “the radiated power from the
antenna referenced to a theoretical point source”. A study by
[34] has shown that when applied to GSM networks, taking
the EIRP of the antenna into account can improve the median
accuracy of the estimates by 71.3m over the accuracy of the
Centroid algorithm. This study will take into account the
EIRP of each of the Wi-Fi Access Points and will add this
variable to the new algorithm to improve accuracy.
D.

Models of Traffic Movement within Buildings

Humans typically move about buildings in a particular
habitual pattern. A study at the University of Augsburg [39]
has used various machine learning techniques and
mathematical methods to model these movement patterns.
Using these models, predictions of next location of a certain
user have been made with 69% accuracy without pre-training
and 96% accuracy with pre-training.
III.

DESIGN OF HABITS

This study aims to improve upon the accuracy of existing
algorithms by including the history of movement of users in
the test area. We will use probability functions along with
this data to ‘predict’ the most likely location for regions of

doubt, e.g.: which room a user is in or which floor they are
on. This will be done by applying the signal strengths to
maps/plans of the buildings to improve the overall accuracy.
A study at the University of Freiberg [32] has shown that by
using similar methods overall accuracy could be improved by
14.3% and estimations of the wrong room and wrong floor
could be improved by 69.7% and 50% respectively.
We propose a new tracking algorithm which can be used
within the PlaceLab framework. The new tracking algorithm
will be able to track sources that are moving and will be able
to differentiate between floors. It will make use of the new
history based tracking algorithm and will take the Effective
Radiated Power (ERP) of the Access Points into account.
Figure 5 is divided into two parts. On the top it gives an
overview of the context of HABITS. Figure 5 shows how
HABITS will still be able to calculate location when Line Of
Sight (LOS) is not available to 3 Access Points (APs)

Wi-Fi is the only indoor one listed with high levels of
accuracy that doesn’t require specialised hardware and
sensors to be installed. Along with RADAR and Ekahau,
HABITS run on PlaceLab doesn’t require access to the Wi-Fi
network that it is using. However, the combination of ERP
and movement history means that HABITS will be more
accurate and will give location estimations where the others
cannot. This system can be used as the basis for future
research. Table I shows that while many of the other systems
perform well on most of the comparisons, major obstacles
such as the ability to work indoors, high levels of accuracy
and cost make the HABITS system run on PlaceLab a clear
improvement on existing approaches.
TABLE I:
COMPARISON OF LOCATION TECHNOLOGIES AND APPLICATIONS

Figure 5: HABITS context and location calculation

IV.

SOFTWARE ANALYSIS AND PROSPECTIVE TOOLS

The newly developed algorithm will be tested from within
the PlaceLab software platform. This open source code will
be manipulated from within the Eclipse [35] IDE. The Wi-Fi
signals will also need to be analysed using third party network
analysing tools. Versions of these are available for both PDA
and Laptop and it is anticipated that both of these will be
required. For creation of the algorithm itself and for
manipulation of the test data Matlab [36] with the Bayes Net
Toolbox BNT [37] will be used.
V.

COMPARISON TO OTHER WORK

Table I shows a comparison of the proposed HABITS
algorithm with existing location technologies and
applications. The table is divided into two parts. The first part
considers various location technology hardware and the
second considers some of the software systems that may be
run on this hardware. Comparisons are made under various
headings with the results shown in yellow being the desirable
outcome. Considering the hardware options available, 802.11

HABITS will extend the use of historical knowledge of the
habits of users. The University of Augsburg [38] have
completed a study which compares a number of methods of
prediction of next location, This study goes further than those
at Microsoft’s RADAR [30] and at the University of Freiberg
[32] in that it’s prediction is not just 1 metre ahead of the user
but it may be many metres or even floors ahead of the
position of the user. An example scenario would be an
academic entering the main faculty building in the morning.
His movement history tells us that his most likely destination
is his own office on the 3rd floor. With this knowledge the
system could show a live smooth track of his location. The
current market leader Ekahau has a minimum of 5 seconds
between location updates [15]. This future knowledge of
location could also be used to make the building appear to
have its own ambient intelligence. E.g.: Upon entering the
building the lift was already waiting for the user, when
approaching doors they would open without the need for
buttons to be pressed or for motion detection sensors. Upon
arriving at his office he would find his computer already
booted up and the kettle already boiled!

VI.

CONCLUSION

This research is concerned with the development of a more
accurate algorithm for Wi-Fi positioning in an indoor
environment. Here a basic review of existing location
determination approaches and a brief overview of some of the
existing location detection algorithms has been completed.
PlaceLab, which will be utilised as a software platform in this
research, has been outlined. A description of EIRP and its
relevance is also included. This will serve as a starting point
on the journey to advance location pinpointing techniques
through the development of the HABITS algorithm. This
algorithm will use the history of movement of users through a
building, their habits and knowledge of the various user types
as a means of predicting the most likely paths that Wi-Fi
enabled users may have travelled. This is necessary as many
areas within buildings are RF signal black spots where
traditional positioning techniques do not work. It will also
consider the EIRP of the access points as a means of
increasing the accuracy of the algorithm. The HABITS
algorithm compares favourably with other approaches.
Movement history along with antenna EIRP has not been
previously studied as a means of improving Wi-Fi indoor
location estimates. HABITS could be used in either
infrastructural wireless networks or could be applied to adhoc wireless networks. HABITS will be tested in a creative
technologies software application, where wireless self
location is critical, such as mobile gaming, home automation
& entertainment, tourist activity or security.
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