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With the ubiquity of mobile devices, there has been increased interest in 

determining how they can be used with location-based services. These types of 

services work best when the device has the ability to sense its location frequently, 

while still maintaining enough battery life to carry out its normal daily functions. 

Since the life of the battery on a mobile device is already so limited, ways of 

preserving that energy has become an important issue. The goal of this thesis is to 

demonstrate that Bluetooth can assist in providing energy efficient mobile device 

localization. This goal is achieved through a proposed Bluetooth Location Service 

Discovery framework which provides an API that can be incorporated into third party 

applications. The API allows BlackBerry devices to use surrounding Bluetooth 

devices in order to make a prediction about its current location. Predictions are 

completed with the assistance of the K-Nearest Neighbour data mining algorithm, and 

can be used as an alternative to invoking the GPS. The results obtained through 

experiments demonstrate that the results are comparable to those obtained with GPS. 
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Chapter 1  

Introduction 

 

This thesis proposes an alternate method of geographical localization (geolocation) 

for mobile devices which focuses on using the Bluetooth radio for localization. 

Localization refers to obtaining the location of a mobile device by using geolocation 

techniques. Bluetooth was chosen as a method to explore for localization due to its 

low power consumption when compared to other sensors on mobile devices. The 

system proposed is scalable and can be deployed over a large populated area, or 

within small confined spaces where energy efficient localization is needed. This 

chapter will present our motivation in order to provide a better understanding of why 

it is needed. In Section  1.1, the motivation of the research is discussed. Section  1.2 

describes the research goals and presents the thesis statement. Section  1.3 details the 

research approach used in the thesis and Section  1.4 outlines the organization of this 

thesis. 

 

1.1 Motivation 
 

Context-aware applications have become extremely popular with the popularization 

of high-powered mobile devices, and developers are now interested more than ever to 

have wide a spread deployment of their applications not only for monetary purposes, 

but to create a useful service that people using mobile devices around the world can 

take advantage of. Since mobile devices such as the BlackBerry smartphone are 

always connected to some sort of data connection, applications have the potential to 

find useful information online and display it to the user based on their current 

location. This however comes at a cost due to the fact that continuous localization on 

a mobile device using the Global Positioning System (GPS) uses a great amount of 

energy, leaving the device potentially depleted when the need arises for it to be used 

for other purposes, such as making a phone call. To alleviate this dependency on GPS 
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for mobile device localization, Bluetooth is explored as a potential alternative 

localization method based on its energy characteristics. 

 

One of the reasons that Bluetooth is so popular in mobile devices, in addition to 

the convenience of being able to transfer data between devices within close range, is 

due to hands-free driving laws being implemented in most countries around the world 

[18]. In addition, its low power consumption could potentially be a reason that there 

are a numerous amount of discoverable devices, due to the fact that the Bluetooth 

radio does not affect the longevity of daily usage for a mobile device. When 

considering all sensors on a mobile device, the Bluetooth radio in one of the sensors 

which were designed to use a low amount of power [3]. To compare the energy usage 

of multiple sensors on a BlackBerry device, Appendix A shows the result of tests that 

were performed on a BlackBerry Pearl 9100. The results show that Bluetooth uses 

less energy than the GPS receiver, but more than the Wi-Fi radio on a BlackBerry 

device, however this is not consistent across all device platforms. Mohan et al. [30] 

performed a similar test on an HP iPaQ Pocket PC and found that the Bluetooth radio 

uses the least amount of energy in comparison to the GPS receiver and the Wi-Fi 

radio. In addition, Lin et al. [26] measured the energy usage of different sensors on an 

Android G1 device and found that the Wi-Fi radio uses the least energy, followed by 

GPS, then Bluetooth. Therefore, it can be concluded that depending on the platform 

and hardware, the energy usage of different sensors will differ. This could be due to 

many factors including the difference in hardware used for the GPS receiver, Wi-Fi 

radio and Bluetooth radio across different mobile platforms. Not all hardware will 

have the same energy characteristics, and as a results can contribute to the differences 

observed. In terms of a BlackBerry 9100 device, Bluetooth uses less energy than the 

GPS receiver. As a result, we aim to use Bluetooth to provide energy efficient 

localization using a BlackBerry mobile device. 

 

The discoverability of Bluetooth is another important issue that has a great impact 

on the feasibility of Bluetooth based localization systems. There is a common 

misconception that there are few discoverable Bluetooth devices in a given 
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environment. This is mainly due to privacy concerns that individuals may have if their 

devices are left in a discoverable state. However, as shown in Chapter 5, there are 

numerous discoverable Bluetooth devices in a given environment. This provides the 

motivation to take advantage of this available information, and use it to the benefit of 

mobile devices to provide an alternative method of localization. 

 

The platform of interest in this thesis is the BlackBerry OS, which was created by 

Research in Motion Limited (RIM). BlackBerry devices are designed with two 

important things in mind, security and power efficiency. This focus has been carried 

through since the first BlackBerry was introduced in 1998, and due to the continued 

focus on power efficiency, BlackBerry was chosen as the platform of interest for this 

thesis. 

 

All experiments, data collection and analysis within this thesis are done using a 

BlackBerry Pearl 9100 and BlackBerry Torch 9800. These devices were chosen due 

to the fact that the BlackBerry platform supports Java which is a widely used and well 

known development language. The hardware of both devices is similar to many 

existing devices on the market, and it is assumed that the experiments performed and 

the results obtained could be replicated on another mobile device with similar 

hardware. 

 

1.2 Thesis Statement 
 

The goal of this thesis is to explore the use of Bluetooth as a form of localization on 

mobile devices. Currently the Bluetooth radio on smartphones is most commonly used 

for streaming audio, transferring data between devices and making hands-free phone 

calls. This thesis aims to extend the useful applications of this technology into 

localization for a number of reasons: 

 

 A Bluetooth radio is included in all modern mobile devices, 
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 Even underground, Bluetooth devices are discoverable due to their commonality, 

and, 

 Bluetooth hardware is inexpensive. 

By exploring alternative methods of localization on mobile devices which can be 

used in addition to existing approaches, the chance that localization attempts will be 

unsuccessful will decrease due to the additional options that will be available. As a 

result, the goal of this thesis is to determine whether Bluetooth can be used as an 

alternate method for energy efficient mobile device localization.  

 

1.3 Research Approach 
 

There are several steps in the research approach for this thesis. In order to develop an 

alternate method of localization, existing localization methods will be analyzed to 

identify areas of weaknesses where Bluetooth localization can help to fill the void. 

Afterwards, a solution for Bluetooth localization will be designed and implemented. 

Using the designed solution, data regarding Bluetooth devices and their locations will 

be collected. The data will be then analyzed to determine what kind of pre-processing 

is needed before the data is employed in the solution proposed. Next, the data is 

experimented on a selected classification technique in order to obtain preliminary 

results. Then, modifications are made to a key component of the selected standard 

classifier in order to better suit our application, which also increased the performance 

of the solution. Finally, we implement a Bluetooth localization framework which 

utilizes the classifier in collaboration with Bluetooth scan data in order to predict the 

location of a mobile device. In addition, we analyze the results obtained using the 

framework to determine the feasibility of using Bluetooth for localization on mobile 

devices.           
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1.4 Organization of Thesis 
 

Chapter 1 gave an introduction to the thesis and described the motivation for research 

in this area. It also described the thesis statement. The rest of this thesis will 

investigate a novel localization method which focuses on using the Bluetooth devices 

that are in the discoverable range of a given mobile device in order to determine the 

approximate location of the device. The solution will address the energy concerns 

surrounding localizing a mobile device and demonstrate that the Bluetooth radio on a 

mobile device has the potential to be used in addition to existing localization 

methods. The remainder of this thesis is structured as follows: 

 

Chapter 2: Describes the existing methods of mobile device localization, and the 

related work in academia surrounding alternative methods of localizing a mobile 

device. 

Chapter 3: Introduces the proposed solution, outdoor Bluetooth localization and the 

proposed architecture of the framework. 

Chapter 4: Describes the API and its implementation for the purposes of Bluetooth 

localization on BlackBerry devices. 

Chapter 5: Presents the collected data and its characteristics. 

Chapter 6: Discusses the results obtained while employing the proposed Outdoor 

Bluetooth localization framework. 

Chapter 7: Presents the conclusion and ideas for future work which could potentially 

be applied to the outdoor Bluetooth localization framework. 
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Chapter 2   

Background and Related Work 

 

Currently, there are three main methods which are used frequently for localizing 

mobile devices, GPS, Wi-Fi and Cellular. These methods vary in terms of the 

localization accuracy they produce. This chapter will outline existing methods and 

concepts of localization which are currently used in mobile devices. Also, the 

Bluetooth radio and the KNN algorithm, which are utilized for the purposes of mobile 

device localization in this research, are described in detail. In addition, this chapter 

will present some related work which focuses on methods of mobile device 

localization by using the GPS receiver in different ways. Some of the work solely 

focuses on ways to reduce the use of the GPS while others aim to take advantage of 

Bluetooth for indoor localization.  

 

2.1 The Global Positioning System 
 

The Global Positioning System (GPS) was first introduced by the United States 

Department of Defense (DoD) and became fully active in 1995 [37]. It is a satellite 

navigation system that is able to provide time and location information anywhere on 

earth, as long as there is a clear line of sight to at least four GPS satellites, which are 

needed to get a three dimensional location fix. Since its introduction in 1995, it has 

been maintained by the U.S. government. There are several components in the GPS 

system, which consists of 24 NAVSTAR satellites that orbit the earth with an atomic 

clock with each satellite, ground stations that control the entire GPS system, 5 spare 

satellites in orbit and receivers for users on earth to use to obtain their location. The 

system initially was only used by the military, but soon was opened up for civilians to 

use freely. 
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GPS works by transmitting signals to receivers on the ground. The information 

sent from each satellite contains data about which satellite sent the signal, its current 

position and at what time the signal was sent. The signal also contains information 

about where exactly the other satellites in orbit are.  The signals from the satellites 

move at the speed of light, and based on the time when each signal arrives at the 

receiver, the distance of the receiver from each of the satellites can be determined. 

Once the distance from each satellite is calculated based on the time difference, the 

positional information of the receiver on the earth can be determined. Due to each 

GPS satellite being synchronized with an atomic clock, subsequent received signals 

from multiple satellites are all sent at the same instance in time.  When the receiver 

receives the signals of at least four satellites, the position can be calculated to within 

10 to 20 meter accuracy depending on the type of receiver used. Since GPS needs a 

clear line of sight, it does not work well in areas such as around tall buildings or 

underground as the signal from the satellites cannot penetrate well through some 

materials. Figure  2.1 demonstrates how four GPS satellites can be used for 

positioning on the earth. Since the distance from each satellite is calculated based on 

the time the signal arrives at the receiver, calculations can be performed to position 

the receiver based on the time the signal is received from each satellite.  

 
 

Figure  2.1: GPS Positioning with 4 Satellites  
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It is a common misconception that three satellites are all that is needed to 

determine the location of a GPS receiver. This is true to some extent due to the 

concept of Triangulation which refers to calculating a distance from three points. By 

using Triangulation with three GPS satellites, the latitude and longitude coordinates 

on the earth can be determined (also called a two dimensional location fix); however 

it is not possible to determine the altitude of the receiver.  By using four or more 

satellites, an absolute position in a three dimensional space can be determined, which 

also gives the altitude above the earth’s surface [24]. Figure  2.2 shows an example of 

positioning using 3 satellites. 

 
 

Figure  2.2: GPS Positioning With 3 Satellite Resulting in a 2D Location Fix  

 

Today, GPS is freely available to anyone with a GPS receiver, and is used 

extensively in critical scenarios such as controlling air traffic at airports around the 

world. Without the modernization of this technology, many aspects of life that we 

take for granted such as easily navigating an unknown area in a vehicle or using our 

mobile devices to get weather updates based on our location would be much more 

difficult or sometimes not possible at all. It is something that has impacted the lives of 

everyone from different walks of life, and it has become something we rely on daily. 
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2.2 Wi-Fi Geolocation 
 

Wireless Fidelity (Wi-Fi) localization is another popular way of positioning on the 

earth, and was first introduced by Skyhook Wireless [35], followed by a separate but 

similar implementation from Google. It works by maintaining a database of wireless 

access points and their corresponding GPS coordinates. Each access point is uniquely 

identified using its Media Access Control (MAC) address, which can be obtained 

when scanning for access points. The data is obtained through war-driving which 

involves one or more automobiles traveling around a given area, continuously 

scanning for wireless access points and recording the GPS location of each access 

point as it is found. Each time a location of a mobile device needs to be found, it can 

simply perform a look-up of that wireless MAC address through a service on the 

Internet. The service will simply return the recorded location of that wireless access 

point. This method of geolocation in our own testing produced very fast response 

times (usually around 2-3 seconds) with an accuracy of around 60-120 meters, and 

also worked if there is was a clear view of the sky or not. In addition to war-driving 

efforts, Skyhook Wireless takes advantage of user submissions to keep their databases 

accurate. Using their website, individuals are able to submit the MAC address of their 

wireless access point along with their address in order to update their systems. In 

addition to user submission, Skyhook Wireless uses the following components to keep 

their databases accurate: 

 

 Baseline Data Collection and Establishing Coverage Areas: Population 

analysis is used to identify heavily populated areas in a geographic region. 

These heavily populated areas are surveyed first to gather wireless access 

point information, and then the collection is moved into less dense residential 

and suburban areas. In order to ensure comprehensive coverage, every 

passable street is included in the survey throughout the geographical area. 

 Automatic Self-Healing Network: As more mobile users use the service to 

obtain their location, changes in wireless access point geographical details are 
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updated to the Skyhook database. This helps to keep the information up-to-

date without the need to war-drive. 

 Periodic Rescan: As the data ages, it may be necessary to re-scan an entire 

area to ensure accurate performance. As each geographical area is added, it is 

monitored to determine when a re-scan may be necessary. 

 

Today, Google, Microsoft and Apple have a slightly different way of collecting 

data for use with Wi-Fi geolocation. They no longer perform war-driving in order to 

update their wireless access point information but rather use existing mobile devices 

to perform this task. For example, Google uses the Android operating system on 

smartphones and tablets for their data collection. The devices periodically obtain your 

location using GPS, Wi-Fi or Cellular localization. Once obtained, the device will 

send back anonymous information about Wi-Fi access points surrounding the device 

including the Service Set Identifier (SSID) and the MAC address of each access point. 

End users have the option to opt-out of this behavior by adjusting the location 

services option on their respective device. 

 

As all companies involved in the mobile space are now collecting data about Wi-

Fi access points, most modern mobile phones today have their own implementation of 

the original Skyhook Wireless Wi-Fi geolocation method to allow for faster 

localization. The use of the system has been extended and incorporated in Personal 

Media Players (PMP) devices such as iPods, which do not include a GPS receiver, but 

does have a Wi-Fi radio. 

 

2.3 Cellular Localization 
 

Localization using cellular towers initially was explored in the U.S due to a mandate 

from the FCC [12]. In 2001 it was a requirement for all mobile carriers to be able to 

locate mobile phones in the event of emergency 911 calls. Since then, there have been 

various methods explored for locating a mobile device using cellular localization, one 

of which can be done through the same triangulation method described in the previous 
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subsection if the locations of all cellular towers are known. Information about the 

location of cell towers is not always publicly available; therefore war-driving efforts 

are needed to map the location of cellular tower similar to what is done when 

mapping Wi-Fi access points. A more common method of cellular localization is 

Propagation Time, whereby the location of a mobile phone is calculated based on the 

time a signal takes to be received by the mobile, and then echoed back to the base 

station. This method does not require that the clock in the mobile device be accurate, 

however the clock in the base station does. With this method, the location fix estimate 

would be a radius around the base station. It is also possible that the Propagation 

Time method could use two cellular towers, and thus a second time measurement is 

made along with a second location fix estimate with the radius of the second base 

station. This might make the two circular localization estimates intersect at two points 

which produces ambiguity. This ambiguity can be solved by incorporating a third 

base station into the measurements similar to the methods described earlier. Figure 

 2.3 shows the process of locating a mobile phone with one base station. Note that the 

predicted location is within the entire radius of the distance calculated based on the 

time the signal is sent back to the base station, which is usually around 2000 meters in 

accuracy [36]. 

 

 
 

Figure  2.3: Locating a Mobile Phone with One Base Station  



 12

 
 

Figure  2.4: Locating a Mobile Phone with Angle of Arrival  

 

A second, but more accurate method of cellular localization is done via the Angle 

of Arrival of a signal sent from the base station to a mobile device. Based on the 

angle of the received signal from a base station, a straight line can be drawn from the 

mobile to the base station. In order to determine the location of a mobile, the Angle or 

Arrival of a signal from a second base station must be used. The location of the 

mobile device can then be determined when the two straight lines intersect at one 

point. This is demonstrated in Figure  2.4.  

 

The main advantage of cellular geolocation is that it provides a quick location fix 

of a mobile device while using a small amount of energy. The quick fix however 

comes at a cost as the accuracy of the location is not desirable, and is in the area of 

2000 meters or more for both described methods of cellular localization. 

 

2.4 Bluetooth Radio 
 

Although not used for localization, the Bluetooth radio on mobile devices is used to 

exchange data over short distances (around 10 meters). The devices do this by 

creating a secure Personal Area Network (PAN) which is intended to replace cables 
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that connect electronic devices together. Bluetooth is low cost and uses a small 

amount of power making it ideal for use in mobile devices. The Bluetooth radio 

operates on the Industrial, Scientific and Medical (ISM) frequency band of 2.4 to 

2.485 GHz, which is an open frequency that any electronic device can use freely 

without a license. Due to this, there is the potential for a considerable amount of 

interference, but the Bluetooth system combats this by employing Adaptive 

Frequency Hopping (AFH). AFH detects any other devices using the spectrum and 

avoids that frequency. There are 79 different frequencies within the range each at 1 

MHz intervals which allows for a high level of immunity from interference. 

 

There are three different classes of Bluetooth devices, each of which have a 

different range of operation. 

 Class 1 is primarily used in industrial applications and has a range of 100 

meters 

 Class 2 is commonly used in mobile devices and has a range of 10 meters 

 Class 3 has a range of 1 meter 

 

The power consumption of Bluetooth is very low by design. A class one Bluetooth 

radio has a maximum output power of 100mW, class two has a maximum output 

power of 2.5mW and class three has a maximum output power of 1mW [21]. In 

addition, each class of Bluetooth radio can power down when not in use in order to 

preserve energy [1]. 

 

Since its introduction, Bluetooth has become very common and has many different 

applications. Some of the common applications include: 

 Wireless communications between a  mobile phone and accessories such as 

headsets, 

 Wireless communication between mobile phone and a Bluetooth compatible 

car stereo,  

 Wireless communication between PCs to connect peripherals or to transfer 

files between two different PCs, and, 
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 Access to the Internet through a Bluetooth enabled modem. 

 

Bluetooth Radio and Bluetooth both refer to the same concept described above, 

and will be described as Bluetooth from now on. Bluetooth is explored in this thesis 

as a method of localizing a mobile device in an environment where Bluetooth devices 

are present. The research aims to take advantage of the low power consumption of the 

Bluetooth radio to provide an additional method of localization which can be used in 

conjunction with existing methods.  

 

2.5 K-Nearest Neighbour 
 

K-Nearest Neighbour (KNN) [11] is a lazy learner, or instance based learning 

classification algorithm, which is used in this thesis to assist with localizing mobile 

devices. What is meant by lazy learner is the algorithm will store all of the instances 

on which it is trained on instead of creating a model, and only once it receives data on 

which to classify will it perform computations necessary to generalize the data it has. 

This behavior is similar to other lazy learning algorithms such as Naïve Bayes [27], 

but opposite to eager learning algorithms such as Artificial Neural Networks (ANN) 

[43] and Decision Trees (DT) [32], which construct a generalization while it is given 

training data and before receiving any new data for testing. As a result, lazy learning 

models do less work during training, but more work when being presented with data 

to classify. In addition, lazy learners also have the ability to continue learning even 

after testing data is presented to the classifier, which is also called incremental 

learning [8] [41].  

 

KNN is used extensively in the area of pattern recognition. It works by comparing 

a given test instance with other instances it has been presented with previously. Each 

training instance (or tuple) is described by n attributes in the data [19]. This can also 

be thought of as a database consisting of stored records, where each attribute of the 

data describes a field in the database. In each instance of a data set, there is one 

attribute designated as the class. This attribute most differentiates the instances. When 
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the classifier is presented with an unknown instance to classify, it traverses the entire 

training data for  samples that are closest to the unknown instance, hence, the name 

K-Nearest Neighbour. There exist multiple closeness measures such as Euclidean 

distance and Canberra distance [25], which determine the closeness based on the 

numerical distance between the unknown instance and all training data. The Canberra 

distance is defined as: 

,
| |
| | | |

 

where , , … ,  and , , … ,  

(2.1)

 

 

  When using distance measures, it is best if all attributes are normalized to prevent 

attributes with an extremely large range from outweighing those with smaller ranges. 

Distance measures such as Euclidean or Canberra are also only applicable if the 

attributes are numerical. If the attributes are categorical, a different but simpler 

measure, also known as nominal distance measure, can be used. In this case, the 

distance between two attributes is calculated based on their actual values. If the two 

values are identical, the difference between the values is assumed to be 0. If the two 

values are not identical, the distance between them is assumed to be 1. This measure 

is best used when comparing attributes which represent data that is nominal by nature, 

such as colours. For example, a data set may contain the colours red, blue and green. 

If red is assigned the value 0, blue the value 1, and green the value 2, it cannot be said 

that red is closer to blue simply based on the fact that the number 0 is closer to 1 than 

2. Therefore, the distances for these nominal values are simply based on equality. 

 

 In terms of calculating the class value of an unknown instance, the process 

depends on how the value of the class is defined. If the class value is defined as 

numerical, the unknown instance will be classified as the average value of all the 

class values in the  nearest instances. If the class is considered as nominal, the 

unknown instance is categorized as the class which appears the most in all of the  

nearest instances. In order to find the best value of , experimentation needs to be 
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done on the data set until a  value is found which produces the lowest error rate in 

the data. 

 

To give an example of KNN, consider Figure  2.5 which demonstrates the 

classification of a new unknown instance among a group of known instances. The 

goal of the scenario is to classify the new instance as either X or O. In this case, 

nominal values are used and the outcome of the query will depend on the  value 

used, which demonstrates how important it is to select the correct  value. If a  

value of 1 is chosen, the outcome of the query will be X as it is the closest instance. 

In the case of a tie between the numbers of instances, such as when the  value is 2, 

the classification result will be unknown. In this case, either X or O can be chosen as 

the classified instance. The selection of the class can either be random, or based on 

which of the known instances is closest to the query instance. Finally, in the event a  

value of 5 is chosen, the outcome would O as there are three instances which are O’s 

and two which are X’s. This example consists of a small data set, however when 

applying KNN on large data sets, it is best to use some form of Cross-Validation in 

order to ensure the results obtained are reliable [33]. 

 

 
 

Figure  2.5: Example of KNN with Different Nearest Neighbour Values 

 

To measure the performance of the KNN classifier, a popular measure, which is 

also used in this thesis, is F-measure. F-measure as shown in equation 2.2 is a 
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function which measures the ability of the classifier based on the precision (equation 

2.3) and recall (equation 2.4). The precision and recall equations contain True 

Positive (TP), False Positive (FP) and False Negative (FN). TP represents positive 

samples that are predicted correctly. FP represents negative samples that are predicted 

as the positive class. FN represents positive samples that are predicted as the negative 

class. 

F‐measure 2 ∗
precision ∗ recall
precision recall

 
(2.2) 

 

Precision
TP

TP FP
 

(2.3) 

 

Recall
TP

TP FN
 

(2.4) 

  

The incorporation of F-measure as a performance measure works much better 

than accuracy for cases where a data set is not completely balanced among classes, 

and as a result is more suitable for real-world data which by nature may not be 

balanced. 

 

2.6 Mobile Device Localization 
 

Since the release of application stores such as BlackBerry App World and the Google 

Play store, third party developers can now create applications that run on a wide 

variety of mobile devices. This has led to the popularization of location-aware 

applications which can take advantage of the location of a mobile device in order to 

provide the end user with relevant information based on where they are. This 

popularization came at a cost to the end user. In order for someone to take full 

advantage of these applications, they need to sacrifice the usable battery life on their 

mobile device as some of the applications will continuously poll the devices GPS 

receiver in order to constantly provide location aware updates. This issue lead to the 
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investigation of methods which are able to provide localization information on a 

mobile device that use less energy than continuously polling the GPS receiver. 

 

Adaptive GPS duty cycling is a method which has been explored whereby the 

GPS is triggered either at a fixed interval [22] [40] or dynamically adjusted based on 

the users current activity [44] [6]. The advantage of the fixed interval method is the 

energy usage can be reduced dramatically if the invocations do not occur often. 

However, the location of the mobile device is unknown during invocations, thus 

reducing the overall accuracy of the localization information. In addition, this method 

does not consider if the device has actually moved from its current location and 

therefore has the potential to try and obtain the devices location when it is not 

necessary. Dynamically adjusted duty cycling can solve some of the issues with the 

fixed interval method by only sensing when it is actually necessary, but the problem 

with current methods is how to determine when to actually sense. If sensing occurs 

when it is not necessary, it is not any better than the fixed interval method. An 

adaptive duty cycling solution which used other sensors on a mobile device such as 

the accelerometer or microphone to determine when to sense the devices location has 

been proposed in [9]. In essence, when the device is stationary with a small amount of 

movement, location sensing should be suppressed, or if the sound pattern matches that 

of an outdoor environment, the location should be sensed. The drawback of using the 

microphone for suppression is that it is also a very power hungry sensor. A method 

was also proposed in [10] which estimates the location of a mobile device between 

duty cycles. It does this based on the past information about a mobile device, and 

human mobility patterns as they were found to be predictable [16]. The drawback of 

this method however is that there is increased localization error as the direction and 

velocity of the mobile device can change at any time between duty cycles.  

 

Third party applications are extremely popular for mobile devices, and many of 

them focus on location based services which take advantage of the GPS receiver on a 

mobile device. As a result, many applications may separately request localization 

information on a mobile device. Instead of combining these separate requests into one 
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invocation, each application will invoke the GPS individually. A framework was 

discussed in [45] which is able to synchronize invocations from multiple third party 

applications into one system level localization request. The framework is a low-level 

implementation, so changes were invisible to third party applications taking 

advantage of localization APIs on the mobile device.  

 

Indoor localization has energy saving characteristics of its own. While indoors, 

there is no line of sight with GPS satellites and continuous failed localization attempts 

will result in a vast amount of wasted energy, or very inaccurate localization 

information. As a result, indoor localization methods aim to provide mobile devices 

with the information needed to localize themselves while indoors. An indoor 

localization method using wireless access points was proposed in [4]. The solution 

used existing wireless access points to determine the location of a mobile device by 

measuring the signal strength of the device from each access point, which was used to 

determine the devices distances from each access point. The drawback of this method 

is interference and environmental factors can affect the signal quality, and thus 

degrade the accuracy of the prediction. To combat interference, two access points 

were positioned at locations where the number of walls between them is equal. 

Therefore, both access points would incur the same amount of interference and the 

difference between the shading and fading effect would be minimized. A method of 

indoor localization using Bluetooth beacons was explored in [7]. The beacons were 

set in inquiry mode (not discoverable) and only responded to requests directed at its 

MAC address. Positions in an indoor environment were determined when a beacon 

responded to an inquiry, and as each beacons location was known ahead of time, the 

position of the inquiring device could be determined. Another method of localization 

using Bluetooth beacons was described in [5] which determines the devices location 

based on which beacons are currently visible. This method also takes advantage of 

inquiry mode in order to directly check if predetermined devices are within the visible 

range based on the devices MAC address. It’s described that probing 12 Bluetooth 

devices can take as long as 30 seconds, which has the potential to result in a long 

delay before localization information is retrieved, and as a result direct paging was 
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used instead which takes around 2.5 seconds per beacon. An implementation of 

indoor localization using Bluetooth devices whereby devices have two different ways 

of positioning themselves was discussed in [17]. The first method is completed when 

a Bluetooth is acting in the role of a positioning service where the device would send 

its location each time it is requested by other device. A device can also play a passive 

role lookup its position in a database using its MAC address, and relay that 

information to the requesting device. An implementation of indoor localization with 

Bluetooth beacons using Received Signal Strength Indicators (RSSI) indicators was 

described in [28]. The experimental results differ from the findings in [5] where it 

was discussed that mapping RSSI values to the distance using Bluetooth was both 

difficult and prone to errors due to the variations in environmental factors in a given 

environment. The difference in their implementation however lies in the fact that in 

their test environment they employed three class 1 Bluetooth beacons (with a 100m 

range) and employed Triangulation in order to determine the approximate location of 

a Bluetooth device.  

 

The methods for Bluetooth localization which have been explored previously all 

concentrate on how to localize a device within an indoor environment. In this thesis, 

we aim to take Bluetooth localization one step further, and use the Bluetooth radio to 

localize a mobile device in outdoor environments. By focusing on outdoor 

localization rather than indoor, the goal is to allow the technology to be used in 

collaboration with existing localization methods to provide mobile device localization 

in a wide variety of environments. 

  

2.7 Summary 
 

In this chapter, the three most common methods of mobile device localization, GPS, 

Wi-Fi localization and Cellular localization were discussed in detail. We also 

introduced the Bluetooth radio, which currently is used in mobile devices for wireless 

data transfer, however in future chapters, we will propose using the technology for 

mobile device localization due to its inherit low power consumption and 
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commonality. The KNN classifier was also introduced and described as it is a very 

important classifier that is used in our research, and inherently contains capabilities, 

such as incremental learning, which are desirable for our aim. 

 

In terms of related work in the field of mobile device localization, we presented a 

wide variety of techniques and methods that have been proposed. Many of these 

methods are focused on using the GPS a certain percentage of the time in order to 

reduce the energy consumed. Other methods focus on using alternative methods such 

as Wi-Fi localization to provide localization indoor. Methods such as Bluetooth 

localization have only been experimented with and proposed to be used for fine-grain 

indoor localization.  

 

The GPS localization method described in this chapter is used as the baseline or 

ground truth for localization in our research. This is due to the fact that it produces 

the most accurate results out of all the localization methods described, in fact, the 

localization information generated from Wi-Fi and Cellular localization methods all 

are a result of information originally provided through GPS localization. Similarly, 

our solution, which will be presented in the next chapter, will use GPS localization 

information to gather data about Bluetooth devices in order to determine their location 

in the future. 
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Chapter 3  

Outdoor Bluetooth Localization 

 

This chapter presents the Bluetooth Location Service Discovery (BLSD) framework 

for mobile device localization using the Bluetooth radio. The framework can be used 

as a prototype to prove that Bluetooth devices in a given environment can be used to 

provide localization information without directly interacting with the devices 

themselves, and thus provide another method of localization which can potentially be 

used before the GPS is invoked. Section 3.1, details the architecture of the 

framework. It also provides and in-depth look at the process flow of the framework. 

The process of transforming the Bluetooth data for use in the BLSD framework is 

described in Section 3.2. Section 3.3 describes GPS location classes, an integral 

element of the framework used within the classification component. The KNN 

classification algorithm which is used in the framework to determine the location of a 

mobile device is presented in Section 3.4. Finally, Section 3.5 summarizes the BLSD 

framework and classification algorithm. 

 

3.1 Framework Architecture 
 

An overview of the framework is shown in Figure  3.1 in which the core components 

of the framework are presented. As can be seen, the BLSD framework is the mobile 

device localization system that takes advantage of a Bluetooth localization database 

containing information about past Bluetooth scans performed by mobile devices. The 

core of the framework contains modules that create location classes and transform the 

data in the localization database, which will be described later in the chapter. On top 

of those modules are algorithms for determining the location of the mobile device and 

APIs that provide mobile applications with access to the localization features of the 

framework. 
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Figure  3.1: BLSD Framework Overview 

 

The BLSD framework consists of two main components, which work together to 

provide a mobile device with localization information once requested. The framework 

is designed to provide the mobile device with more opportunities to preserve its 

battery life as the majority of processing is taken care of by a remote server. The first 

component of the framework is the mobile device. The responsibility of the mobile 

device is to handle all of the data collection and relaying of information to the user. 

By data collection we mean the collection of the MAC addresses of Bluetooth devices 

surrounding it. In terms of relaying the information to the user, the mobile device 

would present the localization information which is obtained via Bluetooth or other 

methods. The localization information presented is the latitude and longitude 

coordinates of the earth, referred to from now on as GPS coordinates, and the 

accuracy of the localization fix. The mobile device will communicate directly with 

the localization server in order to obtain this information. 
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 The second component is the localization server, which accepts requests from 

mobile devices, processes the information and returns the required information to the 

mobile device. Once the localization server receives a request, it will accept 

Bluetooth scan data in order to process the information and compare it with its local 

database. Processing the information refers to incorporating a modified version of the 

KNN algorithm in order to determine the mobile devices location. Once the 

processing of the information is complete, a response will be sent to the mobile 

device. The response will either contain the predicted localization information for the 

mobile device, or a message stating that the server was unable to determine the 

location of the mobile device based on the local information it currently stored. It 

should be mentioned that this framework is not meant to be a replacement for GPS, or 

any other existing localization method. It is simply meant to provide another 

alternative for mobile device localization which will increase the chances that a 

localization attempt will be successful due to the fact that that there is another option 

available any time a mobile device is requesting its location.  

 

3.1.1 Process Flow 
 

The process flow of the framework is depicted in Figure  3.2 which shows all possible 

branches of actions which can be taken when a Bluetooth localization request is 

initiated. The first step when a mobile device is requesting its location is to perform a 

Bluetooth scan. The purpose of this scan is to determine which Bluetooth devices are 

currently surrounding the mobile device. During this scan, MAC address information 

about each discoverable device is collected. This collection occurs without any 

interaction with discoverable Bluetooth devices, as the MAC address is retrievable 

during the Bluetooth discovery process. If the Bluetooth radio on the mobile device is 

off, the mobile device will be unable to perform a Bluetooth scan and therefore will 

fall back to existing methods of localization, such as Wi-Fi, Cellular or GPS 

localization and obtain its location in that way. Due to the fact that the Bluetooth 

radio would be off in this case, there would be technical limitations that prevent the 

MAC address of the local device from being obtained. As a result, there would be no 
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additional information to send to the server after the localization is completed. If the 

Bluetooth radio is on, but there are no Bluetooth devices found in a scan, the mobile 

device again fall back to existing methods of localization, however the difference is, 

once the location of the device is obtained, information about the local devices MAC 

address, and its current location will be sent to the server to be used for future 

localization attempts.  

 

 
Figure  3.2: Process Flow of Framework 

 

In the case that a Bluetooth scan was performed and one or more devices were 

found, the MAC address data would be sent to the server. Using this information, the 

server component would then determine if the location of the mobile device can be 

determined. If the location can indeed be determined, the localization information 

would be passed back to the device which would complete the localization process. In 

the event Bluetooth devices were found, but the server is unable to make a prediction 

due to the fact that there is no information about the devices on the server, the device 

would fall back to existing localization methods in order to obtain its location. Once 

completed, information about the Bluetooth devices found at the location obtained 
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will be sent to the server to be used in future localization attempts. Following that 

action, the localization process will be completed.  

 

3.1.2 Maximum Contribution Mode 
 

A parameter within the framework allows a mobile device to contribute as much 

information as possible. This option is known as maximum contribution mode. When 

enabled, max contribution will force the mobile device to re-scan for Bluetooth 

devices once more before uploading any information about its location to the server. 

This ensures that the localization information of as many devices as possible will be 

uploaded to the server, which creates a greater chance that future localization attempts 

will succeed due to the fact that there will be more information about Bluetooth 

devices on the server. The drawback of this mode is the requirement for more energy 

on the BlackBerry device because two Bluetooth scans will be needed to complete a 

localization request. Max contribution is only to be used in cases when the server is 

unable to determine the location based on the Bluetooth devices which were sent to it. 

After the device determines its location using existing localization methods, it will 

perform a Bluetooth scan again and append information about additional devices to its 

list of originally found devices, and upload all information to the server. 

 

3.2 Data Transformation 
 

The BLSD framework operates on Bluetooth scan data in order to predict the location 

of a mobile device; however, the data cannot be used within the framework in its raw 

form. The format of the raw data is shown in Table  3.1. In order to employ the 

collected Bluetooth data for the purposes of Bluetooth localization, the framework 

will transform the data into a format suitable for use with KNN algorithm employed 

in our research. The goal of this transformation is to adjust the value representation 

into a format that can be used effectively within the algorithm. The goal in this 

process is to transform the raw data into the format shown in Table  3.2.  
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Table  3.1: Format of Raw Bluetooth Scan Data 

 GPS Coordinates  
Date/Time Latitude Longitude Accuracy Fix Method # of 

Devices 
Found 
Devices 

Tue Oct 25 11:35:56 
America/New_York 
2011 

43.53134 -80.22722 60 WLAN 
Geolocation 

1 0025005E0314
::Computer:: 

Laptop 
 

Table  3.2: Format of Transformed Bluetooth Scan Data 

Time Device ID 1 GPS Location Class 
11 22 243 

 
 

To transform the data into a suitable format, the date is first omitted as it is not 

correlated to the class or any other features. This is due to the fact that dates do not 

repeat, so it has the potential to be seen as noise to the classifier and not useful 

information which can be used to predict the location class. The time is binned to 

specific values which range from 0 to 23, corresponding to each 1-hour interval 

within a day. Therefore, the values assigned would be 0 for times between 12:01am 

and 1:00am to 23 for times between 11:01pm and 12:00am. By splitting the time into 

ranges, the classification algorithm can better predict the location of the Bluetooth 

device by including the time that the device was found in the predictions. It was found 

in [20] that humans exhibit patterns. Based on that, it would also mean that if a device 

was found at the GPS coordinates of 43.521963, -80.213717 almost every day at 

11:30am (or range value 11), that information can be used to make a prediction of the 

location of the same device if it is found by a Bluetooth scan between 11:01am and 

12:00pm, therefore is it an important piece of information to have. The attributes for 

Accuracy and Location Fix Method are omitted as both values are correlated with 

each other, and do not contribute any additional information which could assist in 

predicting the location of a mobile device. As discussed previously, a location fix 

using GPS satellites usually has an accuracy of around 10 meters, Wi-Fi around 60 to 

120 meters and Cellular around 3000 meters. This information will likely remain 

similar regardless of the location, so it is omitted from being included in the data used 

with the KNN algorithm. It is however useful for us in the implementation of the 
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Bluetooth localization framework, which will be discussed in later sections in the 

chapter. The device classes of the found device(s) – computer, smartphone, cellular 

phone, headset, etc. – which is shown after the first group of colons in the device 

string is omitted, and only the MAC address of the device is kept for the KNN 

algorithm. The MAC address is the real unique identifier of any Bluetooth device, and 

therefore can be used to uniquely identify every device. Therefore, uniquely 

identifiable numerical values are assigned to each MAC address. The GPS latitude 

and longitude coordinates are transformed into their corresponding location class 

values using the process which will be discussed in the next section. 

 

3.3 GPS Location Classes 
 

Location classes are used for the purposes of predicting the location of a mobile 

device. They can be thought of as GPS coordinates with some pre-defined boundaries. 

The construction of the location classes depend on the desired distance between each 

class. For large geographical areas, where precise localization may not always occur, 

it may be advantageous to have larger location classes. The advantage of larger 

location classes is helping to correct errors due to inaccurate localization with existing 

methods. For example, a single device may be in a fixed location inside a building. 

When the device attempts to obtain its location, it may determine its location to one 

set of GPS coordinates using Wi-Fi localization, and another set of GPS coordinates 

using GPS localization in a separate request. If the two coordinates have a distance 

from each other of about 150 meters, and each location class has an end-to-end 

distance of 100 meters, there is the potential that the coordinates will be translated to 

different location classes although the device has not moved. There is also the 

advantage that the Bluetooth localization system will have fewer classes to learn 

information about, however localization errors in this case will be more significant as 

there is a larger distance between location classes. On the other hand, if smaller 

location classes are used, it can translate to lower localization errors when predictions 

are made as the distance between each class is smaller, however there will be more 

classes for the system to learn. The potential for errors due to incorrect location class 
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translation in this case will be higher as well. This could result into lower accuracy in 

terms of actually predicting the correct location class; however, an incorrectly 

predicted class could potentially be much closer to the actual class if the distance 

between each location class is very short. The details concerning the creation of GPS 

location classes are described in the following subsections. 

 

3.3.1 Haversine Distance Measure 
 

An important measure used in the creation of GPS location classes is the Haversine 

Distance Measure. The Haversine formula is used calculate the distance between two 

points on earth [39].  It is also referred to as the great circle distance, which is the 

shortest distance between any two points on a sphere. Since the earth is a sphere, the 

formula can be used to approximate the distance between two points on earth. 

Another distance measure which has the potential to be for this purpose is the 

Euclidean distance. The drawback of using the Euclidean distance measure for this 

purpose is that it measures the straight line distance between two points, unlike the 

Haversine distance which is the spherical distance between two points. One thing to 

note is that the Haversine distance does not take into consideration irregularities such 

as hills, but for the purpose of this research, it is acceptable. The Haversine formula is 

defined as: 
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(3.1)

 

 

The radius of the earth in kilometers is represented as  and has a fixed value of 

6,371. and  represent the latitude of the two GPS coordinates being 

considered. We use the result of the Haversine formula, , to determine the amount of 

decimal places in GPS coordinates to use for the construction of the location classes. 
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Table  3.3 and Table  3.4 show the distance between each latitude and longitude point 

depending on the number of decimal places used. By observing these tables, we can 

see how fine grained the location classes can actually get. For example, the area 

inside a location class while constructing them with 3 decimal places of separation 

will be 9043  (i.e., 111.2m * 81.32m) while the area inside a location class with 4 

decimal places of separation will be 91  (i.e., 11.2m * 8.132m). As can be seen, the 

difference is significant. 

 

Table  3.3: Decimal Place Distance for Latitude 

Decimal Places 0 1 2 3 4 5 

Distance 111.2 Km 11.12 Km 1.112 Km 111.2 m 11.2 m 1.12 m 

 

 
Table  3.4: Decimal Place Distance for Longitude 

Decimal Places 0 1 2 3 4 5 

Distance 81.32 Km 8.132 Km 813.2 m 81.32 m 8.132 m 0.81 m 

 
 

3.3.2 Construction of GPS Location Classes 
 

When constructing GPS location classes, we use the Haversine formula to determine 

the starting and ending GPS coordinates for each location class. This is done by 

increasing the coordinate value in a specific decimal place by 1. Depending on the 

decimal place used, we separate the location classes by pre-determined distances. For 

our test case of the University of Guelph, we used 43.519801,-80.240207 for the 

starting coordinates and 43.545251,-80.218835 for the ending coordinates with 3 and 

4 decimal places to separate the location classes. For the case of using 3 decimal 

places, the first row of location classes would begin at the starting coordinates of 

43.545251,-80.240207 and end at the coordinates of 43.545251,-80.218835. Notice 

that the latitude coordinates did not change (shown with italics). The construction can 

be thought of as a grid structure in which the bottom row is completed first (longitude 

values are changed). After the first row is completed, the latitude value increases by 1 

in the third decimal place, and the second row is completed, therefore the construction 
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would start at the coordinates of 43.546251,-80.240207 and end at the coordinates of 

43.546251,-80.218835. A visual example using 2 decimal places for simplification is 

shown in Figure  3.3. It should be noted that in order for each data point to be assigned 

to a specific location class, it must meet the boundary requirements for that class as 

the coordinate values for location classes do not overlap. For example, in order for an 

instance to be assigned to location class 1, the latitude must be greater than or equal 

to 43.54 but less than 43.55 and the longitude coordinate value must be greater than 

or equal to -80.12 and less than -80.11.  

 
Figure  3.3: Construction of Location Classes using 2 Decimal Places 

 

In actual practice, there is the potential to have a lot more than 4 location classes. 

Going back to our test scenario of the University of Guelph, we defined (43.519801,  

-80.240207) as the starting coordinates and (43.545251, -80.218835) as the ending 

coordinates. In the case of using 3 decimal places to separate each location class, the 

total number of location classes possible would be equal to 525, and when using 4 

decimal places, the number of possible classes would be equal to 54,356. It is 

important to remember that this is the maximum number of classes possible. In 
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practice, only a fraction of those classes will be in use because there will only be data 

available for Bluetooth devices in a portion of the available classes. In our real-world 

experiments (discussed in Chapter 6), the same starting and ending GPS coordinates 

are used with a location class separation of 4 decimal places, which will reduce the 

overall error when transforming location classes back to GPS coordinates. To further 

illustrate an area overlaid with location classes, a map of the University of Guelph 

obtained from Google Maps is shown in Figure  3.4. 

 

 
Figure  3.4: Sample Location Classes for the University of Guelph 

 

3.3.3 Converting GPS Coordinates to Location Classes 
 

To determine which location class is assigned to specific GPS coordinates, a series of 

calculations are required. These calculations will result in a corresponding GPS 

location class when given specific latitude and longitude values. When constructing 
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the GPS location map, specific values are retained to be used when the calculation of 

location classes is required. These values consist of the number of decimal places 

which separates each location class, referred to as the increment value. In addition, 

the starting and ending latitude/longitude GPS coordinates as well as the number of 

latitude and longitude partitions are also saved. Equations 3.2 and 3.3 demonstrate 

how the GPS latitude and longitude partitions are calculated.  

 

latitude	partitions
∆
increment	value

 
(3.2) 

 

longitude	partitions
∆
increment	value

 
(3.3) 

 

 

Going back to our previous example of the University of Guelph, using 43.519801 

and 43.545251 as the starting and ending latitude coordinates with 3 decimal places to 

separate each location class, our increment value would be equal to 0.001. Therefore, 

the number of latitude partitions would be equal to 
.

.
 which would result in 25 

latitude partitions.  

 

When a location class needs to be determined based on specific GPS coordinates, 

the following process takes place: 

 

 The GPS latitude and longitude coordinates in question are subtracted from the 

starting latitude and longitude coordinates in the location map. The values which 

are subtracted are also equal to the starting latitude and longitude coordinates for 

location class 1.  This would result in values which we define as ∆  and 

∆ ,  

 The ∆  and ∆  values are both divided by the pre-determined 

increment value which results in the values xValue  and yValue that represent the 
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latitude row and longitude column respectfully in the location map. The floor of 

the resultant values is used, and, 

 The xValue, yValue and the pre-calculated longitude partitions are substituted into 

equation 3.4 which represents the location class as a single value. 

	 ∗  (3.4) 

 

Due to the fact that determining the location class value for a specific GPS 

coordinate can be completed with simple calculations, the BLSD framework is 

extremely scalable as there is no limit on the number of location classes which can be 

employed.  

 

3.3.4 Converting Location Classes to GPS Coordinates 
 

When a prediction is made about the location of a mobile device based on its 

surrounding Bluetooth devices, one of the previously generated location classes will 

be returned as the prediction. As discussed, the system stores the following 

information when creating location classes: 

 

 Starting and ending latitude and longitude coordinates, 

 Latitude and longitude partitions, and,  

 Increment value between each location class.  

Using these same items, it is possible to convert previously generated location 

classes back to GPS coordinates. In order to do this, the row of the location class grid 

structure is first calculated with Equation 3.5.  

 

row  
(3.5)  
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Afterwards, the latitude increment is found by computing 

∗ 	 	 . The starting latitude value is then computing by adding the 

originally stored starting latitude value with the latitude increment. This results in the 

starting latitude for a specific location class number. 

To calculate the starting longitude value, the column of the location class grid is 

first calculated using Equation 3.6.  

 

column 	 	 ∗ 	 1	 

 

(3.6)  

Similar to latitude, the longitude increment is determined by calculating ∗

	 	  which is then added to the originally stored starting longitude 

value to result in the starting longitude value for a specific location class. With the 

starting latitude and longitude calculated, in order to obtain the coordinates for a 

specific location class, half the	 	  is added to the starting latitude and 

longitude for a specific location class. This will result in GPS coordinates which are 

in the exact middle of a location class, and will be used as the predicted location by 

the system. 

 

3.4 Determination of Device Location using KNN 
 

The location classes as described in Section  3.3 are not only used for transforming 

GPS coordinates into their respective class number, but are also used in our 

implemented KNN algorithm in the BLSD framework. The location classes are used 

within the implemented KNN algorithm as the classes that the classifier will learn in 

order to predict the location of a mobile device. These predictions are based on the 

information provided by Bluetooth scans on mobile devices. The entire process will 

be described in this section. 
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3.4.1 Distance Measure 
 

When employing the KNN algorithm using the transformed data, the time is defined 

as a numerical value, and all other attributes (device IDs and the location class) are 

defined as nominal values. In order to measure the distance between the instances of 

the data, a mixed Canberra distance measure is used. When employing this measure, 

the distance between numerical attributes are determined using the Canberra distance 

measure, and the distance between nominal values are calculated with the nominal 

distance measure. The values for all distances calculated for an instance are then 

summed together to result in the mixed Canberra distance. In the case of the 

Bluetooth data being used, the time of the scan is the only numerical attribute and the 

IDs representing the Bluetooth devices as well as the location class are nominal 

values. The Bluetooth devices are chosen to be nominal attributes due to the 

following: 

 

 The IDs assigned to Bluetooth device are based on their MAC address, and, 

 It does not make sense to compare how close two devices are based on unique 

values assigned to them, which represent their MAC addresses.  

3.4.2 Enhanced-KNN Algorithm 
 

There are some issues when using the Bluetooth scan data with the original KNN 

algorithm which prevented the application of it without first making some 

modifications. This problem stems from the way the KNN algorithm calculates the 

distance between each instance which was not suitable for our purposes. If we 

consider the original KNN algorithm, the distances between instances are calculated 

based on the order of the attributes. Table  3.5 demonstrates an example data set which 

could potentially be fed into the KNN algorithm. The time values in each instance are 

the same for the sake of simplicity. Remembering that Device IDs are nominal 

attributes, if the goal is to determine which of the instances is closest to instance 1, 

the original KNN algorithm will simply find which instance has matching values for 
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Device A, Device B and Device C. Based on that, the closest instance will be 

determined, which in this case is instance 2 because the Device B column value 

matches for instance 1 and 2. In this case, the calculated distance between instance 1 

and 2 would be 2 because two of the attribute values are not the same (the distance 

increases by 1 each time attribute values are not equal) while the distance between 

instance 1 and 0 would be 3 as all attributes are not equal. This would make instance 

2 the closest to instance 1. If we take a look at the values in instance 0 and instance 1, 

we can see that there is an issue with calculating the distance in this way. The device 

IDs between instance 0 and 1 are actually the same, but just in a different order. The 

original KNN algorithm will only compute the distance of the values on a column 

basis, and does not consider the order of the values in each instance. This is by 

design; however it is not suitable for Bluetooth scan data. This is due to the fact that 

in multiple consecutive Bluetooth scans of the same devices, the order in which the 

devices are found has the potential to be different each time, and thus the original 

KNN algorithm is not reliable in this case. 

 

Table  3.5: Example Data Set to Illustrate the KNN Algorithm 

Instance Time Device A Device B Device C 
0 11 22 23 24 
1 11 24 22 23 
2 11 26 22 27 

 
  

To overcome this issue, the framework introduces a version of the KNN 

algorithm, referred to now as Enhanced-KNN which is not sensitive to the order of the 

attributes. The implementation of the base KNN algorithm before modifications is 

verified using a commonly used data set from the UCI Repository [13]. The 

comparison confirmed the correctness of the implementation, and the results are 

provided in Appendix B. If presented with the same scenario in Table  3.5, the 

Enhanced-KNN algorithm would calculate the distance for each instance while 

ignoring the order of the Device IDs. By incorporating the Enhanced-KNN algorithm 

in the framework instead of the original KNN algorithm, the prediction performance 

increased, the details of which will be discussed in  Chapter 6. 
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There are some important differences with the Enhanced-KNN algorithm which 

should be noted. The first important difference has to do with the distance calculation. 

In addition to the calculation ignoring the order of attributes representing Bluetooth 

devices, the calculation also subtracts from a pre-defined value instead of calculating 

the summation of the distances. The pre-defined value depends on the number of 

attributes used which represent Bluetooth devices. If considering the data in Table 

 3.5, there are 3 attributes used to represent Bluetooth devices. This would mean that 

the distance for each attribute would start with 3 by default rather than 0 when using 

the original KNN algorithm. It is important to note that the distance calculations for 

the time attribute is added to the distance, and not subtracted like the attributes which 

represent Bluetooth devices. 

 

Another important difference has to do with the distances calculated, and the 

actual prediction that is made with the algorithm. As the Enhanced-KNN algorithm is 

modified to work with Bluetooth scan data, and return a prediction based on the 

devices found in a scan, there will be cases when a location cannot be predicted. This 

is due to the fact the Bluetooth devices found in a scan may not exist in the data set 

being used to make a prediction. The original KNN algorithm would simply return the 

distance between the instances without considering this; however the Enhanced KNN 

algorithm will return a value that represents that the location cannot be predicted 

based on the input data. This value is returned if the distances calculated for all stored 

Bluetooth scan data instances are greater than or equal to a threshold value. The 

threshold value will be equal to the number of attributes which represent Bluetooth 

devices, which in the case of in Table  3.5, is equal to 3. This value is chosen based on 

the worst-case scenario which would occur when calculating a distance. When 

considering Table  3.5, there may be a case when there are no Bluetooth devices in a 

scan which match the instances stored. In this case, the distance would be a minimum 

of 3 for all instances, as the distance for the time attribute is still calculated for all 

instances and summed to the calculated distance.  
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The Enhanced-KNN algorithm also incorporates a nearest neighbour threshold, 

which is another important difference. When making a prediction about the location 

of a mobile device based on the surrounding Bluetooth devices, the BLSD framework 

will use the data it already has about the found devices in order to make a prediction. 

The nearest neighbour threshold is used to prevent the framework from making 

prediction when there is not enough data. For example, if a Bluetooth scan is 

completed with one device found, and the server only has a single instance of 

information about that particular Bluetooth device, that is not enough information to 

make a prediction with. Therefore, the server will not predict localization information 

based on that single instance. As described in subsection  3.1.1, the mobile device in 

this case will send its localization information to the server along with information 

about the surrounding Bluetooth devices. This will add to the data in the server about 

that same Bluetooth device so that there will be more information in the future which 

can be used to make a prediction about the location of a mobile device. The overall 

aim of the nearest neighbour threshold is to ensure that there is a sufficient amount of 

information about past locations of Bluetooth devices before they are used to make 

localization predictions. In the implemented BLSD framework, a nearest neighbour 

threshold of 3 samples is employed. 

 

3.4.3 Selecting Customized Instances to use with Enhanced-KNN 
 

As described in Section  2.5, the KNN algorithm and as a consequence, the Enhanced 

KNN algorithm will load the Bluetooth scan data into memory in order to compare a 

new piece of Bluetooth data against all other existing data. In order to have more 

accurate results when predicting the location of a mobile device, the BLSD 

framework will load specific instances into memory based on the accuracy of the 

stored information. Accuracy refers to the accuracy of the recorded location of a 

mobile device after it completes a Bluetooth scan. As described in Section  3.2, the 

combination of this information is stored as a single record. In the BLSD framework, 

this is referred to as an accuracy threshold, and the value set for use in this research is 

400 meters. This means that any instance with a recorded localization accuracy of 
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above 400 meters will not be loaded into memory to be used with the Enhanced KNN 

algorithm. This will reduce the likelihood that when the GPS coordinates of a stored 

instance is transformed into a location class, the class assigned to the instance will not 

be representative of where the Bluetooth device was actually located due to inaccurate 

localization information. This is especially important in the cases where Cellular or 

Wi-Fi localization is used to obtain the location of a mobile device. It should be noted 

that as the accuracy decreases, this effect has the potential to become worse. An 

example of a case where an inaccurate location fix translates to an incorrect location 

class for a mobile device is shown in Figure  3.5. The figure also shows an ideal case 

where a low accuracy threshold is used, which results in the correct location class 

transformation for a mobile device. 

 
Figure  3.5: Incorrect Location Class due to Localization Error 

 

3.4.4 Location Determination 
 

To determine the location of Bluetooth devices, a Bluetooth scan data point is fed into 

Enhanced-KNN algorithm. The algorithm will go through all stored instances and 

compute the distance between them and the unknown instance. After majority-voting 

is performed, based on the K-Nearest instances, the location class which appears the 

most in all of the K-Nearest neighbours will be the predicted location of the mobile 

device. This information however does not help the mobile device to determine its 

location as it is just a number. The location class must be converted back to into GPS 

coordinates, using the process described in Section  3.3.4. Once converted, the 
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coordinates would be returned to the mobile device as the predicted location. The 

accuracy of the location fix is also determined using the stored Bluetooth instances 

which are used to make a prediction about the location of a mobile device. Based on 

the distance between the location classes, and the recorded accuracy of GPS location 

of an instance in the database, the localization accuracy can be estimated by the 

addition of these two values. Figure  3.6 demonstrates a complete example of 

determining the location using Enhanced-KNN with a K value of 1. In this case, a 

single nearest instance will be chosen in order to predict the location. 

 

 
Figure  3.6: Enhanced-KNN Example 

 

As can be seen, instance 1 is chosen over instance 3 although they both contain 

the exact same devices as the query Bluetooth scan data due to the closeness of the 

time in instance 1. In addition, the order the devices appear does not affect the 

outcome of the prediction. It is also important to note that the threshold in this case is 

2 as there are two attributes which represent Bluetooth devices. Instance 2 in this 

example has a distance of 2.034, which is above the threshold and is not considered 

for localization predictions. If a K value other than 1 was used, voting would be 
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performed based on the K nearest neighbours. In this case, the location class which 

appears the most out of all nearest neighbours will be selected as the predicted 

location class.  

 

3.4.5 Determining Localization Accuracy 
 

Traditional localization methods have a corresponding accuracy value to determine 

how reliable the localization information is once the location of a device is found. The 

BLSD framework calculates the accuracy of the predicted location of a mobile device 

using two different values, the localization accuracy of the samples used to make the 

prediction and the distance between location classes. These values are added together 

to calculate the theoretical maximum error which could occur taking into 

consideration the error in localization and the distance of a location class. The 

calculation is demonstrated in Figure  3.7 using a localization accuracy of 80 meters 

and a location class distance of 400 meters.  

 

The figure demonstrates a scenario when a mobile device finds Bluetooth devices, 

obtains its location and sends the data to the server while at the very edge of a 

location class. If the same information is used in the future to predict the location of 

another mobile device, the accuracy of the prediction would be calculated based on 

the localization accuracy of the mobile device which originally submitted the 

information, and half the distance of the location class. In the case of this example, 

the prediction accuracy would be 280 meters ( 80). As described previously, 

when location classes are converted to GPS coordinates, the result represents the GPS 

coordinates in the center of the location class (which is the reason why the distance 

for the location class is divided by 2). Once calculated, the accuracy of the prediction 

is returned along with the prediction location with each Bluetooth localization request 

by the mobile device. The entire process described in this chapter is taken care of by 

the BLSD API, the implementation of which is described in the next chapter. 
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Figure  3.7: Localization Prediction Accuracy Determination 

 

3.5 Summary 

 

This chapter introduced and discussed the BLSD framework which is used for mobile 

device localization using the Bluetooth radio. Surrounding concepts and detailed 

information regarding the framework, the discoverability of Bluetooth devices, 

Bluetooth data transformation, GPS location classes, and the Enhanced-KNN 

algorithm and related information used for the purposes of predicting the location of a 

mobile device was described in detail. In the next chapter, the implementation of the 

BLSD API which can be incorporated into BlackBerry applications will be discussed. 
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Chapter 4  

Implementation of the BLSD API 

 

This chapter discusses the implementation of the BLSD framework. The 

implementation of the framework is completed using Java, and is used to provide 

BlackBerry developers with the opportunity of incorporating Bluetooth localization 

into their applications with minimal coding effort. The API takes care of all aspects of 

Bluetooth scanning, error handling, and localization features and simply allows the 

developer to request a location, and have it completed by either Bluetooth 

localization, or one of the existing methods of localization. The technical details of 

the API will be discussed in this chapter. 

 

4.1 Server API 
 

The first component of the API is the server component. Although access to methods 

on the server API is not directly available to developers, it is important to discuss the 

implementation of these methods as the BlackBerry smartphone API itself interacts 

with them. As discussed in  Chapter 3, the framework implements an Enhanced-KNN 

algorithm with the goal of using Bluetooth scan data to predict the location of the 

mobile device. This algorithm is implemented completely on the server due to the 

amount of data and calculations that need to be performed as quickly as possible to 

provide fast mobile device localization.  

4.1.1 ServerMain class 
 

The server API consists of 3 main classes, the ServerMain class, ServerWorker class 

and the KNNServerComponent. Each class has a specific purpose which as a whole 

helps to complete the mobile device localization request based on the information sent 

from the BlackBerry API. The first step the server API completes on execution before 

any localization requests are handled is initialization, which is completed by the 
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ServerMain class. The ServerMain class is a threaded class which uses thread pools 

[15] to handle separate requests from multiple BlackBerry devices, which is 

completed by the run() method. Once a request from a BlackBerry device is accepted, 

the connection is handed off to a ServerWorker thread which completes the entire 

localization request. 

 

 Upon initialization of the server, Bluetooth scan data is also loaded into memory 

to be used as quickly as possible when a new localization requested from a 

BlackBerry device is accepted. However, before the data is loaded into memory the 

location classes need to be created as well in order to transform the GPS coordinates 

in the stored data into location classes. As was discussed in  Chapter 2, this process is 

completed using calculations based on the starting and ending GPS coordinates, and 

the desire degree and granularity. Initially we experimented with creating location 

class objects in memory representing each possible location class between a set of 

GPS coordinates, however we found that this limited the amount of classes which 

could be created, which would affect the scalability of the framework. As a result, we 

opted to calculate the information regarding location classes on demand rather than 

storing them in memory. 

4.1.2 ServerWorker class 
 

The ServerWorker class includes functions which interact with the 

KNNServerComponent class to complete a localization request; however before doing 

so, the data from the mobile device is sent to the server. This is done via a TCP 

ServerSocket connection in which the server and mobile device perform handshakes 

to ensure the data is sent correctly. In the process of sending and receiving data, a 

work code is specified by the BlackBerry depending on what type of request needs to 

be completed. There are two separate requests which the ServerWorker class handles: 

 

 A request for the server to append Bluetooth device and location to its database, 

or, 
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 A localization prediction request based on Bluetooth scan data. 

Depending on the function called from the BlackBerry API, a different work code 

will be used when communicating with the server. A work code represents a message 

from the BlackBerry device telling the server what it needs to do. In the case that 

additional Bluetooth information needs to be sent, the server will simply request that 

the device send a string containing the MAC address of Bluetooth devices it found, 

and its current location in the form of GPS coordinates. Once received, the server will 

refresh the information in memory so that future localization requests can use this 

new information. If the work code indicates that this is a localization prediction 

request, the server will wait for the mobile device to send information about 

Bluetooth devices in its area, and then pass the information to the 

KNNServerComponent class in order to obtain a prediction about the location of the 

device to send back to the BlackBerry device. 

4.1.3 KNNServerComponent class 
 

The KNNServerComponent class is responsible for comparing the Bluetooth data 

collected with the local server database in order to attempt to localize the mobile 

device using the Enhanced-KNN algorithm. This class also handles all aspects of data 

preprocessing, such as data normalization, location class transformation, etc. 

Bluetooth data is sent for processing using the classify() method of the 

KNNServerComponent class. The classify() method will convert the data sent to the 

same format as the stored data in order to compare the data properly. This involves 

binning the time values, and transforming the MAC addresses into unique identifiers. 

This is the same process that is performed on the data stored in the database when the 

server is initialized. The implementation of transforming the MAC address into a 

unique identifier is rather simple, and is done with the use of a Hash Map where the 

unique identifier assigned depends on the order in which the MAC address is added to 

the Hash Map.  The snippet of code in Appendix E shows the method in the 

KNNServerComponent class that is responsible for this transformation process.  
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After the transformation of the sent data is completed, the classify() method will 

compare the newly transformed instance will all stored instances in the database, 

keeping each instance which has devices in common in a vector for sorting. Finally 

after comparisons and sorting based on the distance of the instances is performed, 

majority voting occurs. During voting, the instances stored in the database which are 

closer to the data sent to the classify() method are weighted more, which is also called 

weighted voting. Afterwards, the instances with the most votes are used to determine 

the location of the mobile device, as which point it is time to return the information to 

the device itself. As described in Section  3.4, the Enhanced-KNN algorithm returns a 

Location Class which must be transformed into GPS coordinates. The snippets of 

code in Appendix E detail the technical details of transforming GPS coordinates to 

location classes and vise-versa. Once transformed, the GPS coordinates are sent back 

to the ServerWorker class and then returned to the device through the Server Socket 

connection. 

 

The Server API is a private API that developers do not have direct access to, but 

rather use the Smartphone API to perform Bluetooth localization with the help of the 

Server APIs. The Smartphone API which developers have access to in order to 

incorporate Bluetooth localization into their applications is discussed in the next 

section. 

 

4.2 Smartphone API 
 

The second component of the API is the smartphone component. This is the 

component of the API which is open to developers to include Bluetooth localization 

into their applications. The smartphone API takes care of all functions related to 

Bluetooth localization including Bluetooth scanning, communication with the server 

API and error handling. The technical details about important classes and interfaces 

within the smartphone API will be discussed in this subsection. 
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4.2.1    Location Class 
 

The Location class is used to hold data about the localization information used in the 

API. This data includes the GPS latitude and longitude coordinates, the error of the 

coordinates, and two Booleans indicating whether or not the class contains valid 

localization information and whether or not the location request timed out. This class 

is used by the main BluetoothLocationServiceListener interface, which contains a 

method which is called when a localization request is completed. 

 

4.2.2    BluetoothLocationServiceListener Interface 
 

The BluetoothLocationServiceListener interface is an interface which must be 

implemented in Java classes that developers wish to use to handle Bluetooth 

localization events. Once the interface is implemented, there are certain methods 

which should be overwritten which are called when certain events happen: 

 

 locationFound (Location location, boolean usingBluetooth) 

 debugLog(String msg) 

The locationFound (Location location, boolean usingBluetooth) method of the 

BluetoothLocationServiceListener interface is called when a localization request is 

completed. The first argument which is a Location object holds information about the 

details of the localization. The second argument is a Boolean which is true depending 

on whether or not Bluetooth was used to complete the localization request. Built-in to 

the smartphone API is fallback feature. If Bluetooth localization fails for any reason, 

the location of the mobile device will be obtained using traditional localization (GPS, 

Wi-Fi and Cellular) methods instead. The debugLog(String msg) method of the 

BluetoothLocationServiceListener is used for developers to get detailed debug 

information about the current processes are happening in the localization request.  
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The BluetoothLocationServiceListener interface is required when creating an 

instance of the BluetoothLocationServiceDiscovery class, which is the main class 

which provides a method to begin the process of Bluetooth localization.  

 

4.2.3    BluetoothLocationServiceDiscovery Class 
 

The BluetoothLocationServiceDiscovery class is a threaded class that contains the 

core functions of the API. The class runs in its own thread due to the fact that the 

methods within the class perform multiple blocking operations which would cause 

BlackBerry devices to freeze if executed in the main BlackBerry event thread. In 

order to take advantage of the Bluetooth Localization API, an instance of this class 

must be created. The constructor of the class accepts an instance of a class which 

implements the BluetoothLocationServiceListener interface so that the calling class 

can know when the localization request is completed. Once an instance is created, the 

getLocation() method can be invoked, which begins the main execution thread of the 

BluetoothLocationServiceDiscovery class to obtain the location of the mobile using 

Bluetooth. The BluetoothLocationServiceDiscovery class also features an additional 

method, obtainLocationUsingTraditionalMethods(), for obtaining the location of the 

mobile device using traditional localization methods, such as GPS, Wi-Fi and Cellular 

localization. To do this, the Smartphone API also incorporates the SimpleLocation 

API [34] which is provided by Research in Motion. 

 

 The process of obtaining the location of the BlackBerry device using Bluetooth 

also takes advantage of two additional classes, the BluetoothScanThread class which 

is responsible for all Bluetooth scanning operations and the ServerConnectThread 

class which is responsible for communication with the Server API.  
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4.2.4    BluetoothScanThread Class 
 

The responsibility of the BluetoothScanThread class has to do with obtaining 

information about Bluetooth devices surrounding the BlackBerry device. The class 

runs in its own thread, and takes advantage of the DiscoveryListener interface of the 

BlackBerry API to retrieve data about devices using the Bluetooth radio. The class 

include extra features on top of core Bluetooth scanning functions which includes 

stopping the scan if a specific amount of Bluetooth devices are found, and taking care 

of errors if the Bluetooth radio on the device is off.  

4.2.5    ServerConnectThread Class 
 

Communication with the server API is completed using the ServerConnectThread 

class. The class features automatic selection of the methods used for communication 

with the server depending on the available methods on the device, however, 

preference to the Wi-Fi radio as it uses less energy. The class also handles the 

differences in communication with the server depending on the work code used. A 

timeout is also enforced in this class so that if communication fails after a certain 

amount of time, the calling class will be informed of this. In this case, one of the 

existing localization methods, GPS, Wi-Fi or Cellular will be used. 

 

4.2.6    Incorporating the Smartphone API into Third Party Applications 
 

Developers can easily incorporate the BLSD API into their applications in a few steps 

using the classes and methods described previously. These steps include: 

 

 Implementing the BluetoothLocationServiceListener interface, 

 Overriding the locationFound() and debugLog() methods of the 

BluetoothLocationServiceListener interface, 
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 Creating an instance BluetoothLocationServiceDiscovery class and providing the 

BluetoothLocationServiceListener as an argument to the constructor of the class, 

and, 

 Calling the getLocation() method to begin the localization process. 

The design of the API aims to make the incorporation of location services into 

BlackBerry applications simple, which follows the trend of the SimpleLocationAPI 

provided by RIM. Due to the fact that all localization steps are performed in their own 

thread, developers can continue to execute application logic while Bluetooth 

localization is being completed by the device. A sample BlackBerry class which 

incorporates the BLSD API is shown in Appendix F. The Javadoc documentation 

about each class within the Server and Smartphone APIs of the Bluetooth Location 

Service Discovery API is shown in Appendix G.  

 

4.3 Summary 
 

This chapter discussed the implementation of the BLSD API. The API features a 

number of different Java classes which work together to provide Bluetooth 

localization for BlackBerry devices. Although the API used in this thesis was 

completely implemented for BlackBerry devices, it can be extended to any other 

mobile platform which contains native APIs that provide access to the Bluetooth 

radio. 

 

 With the use of the BLSD API, multiple applications were implemented to collect 

Bluetooth data in order to experiment with the results, and to test the API in real-

world situations. The details of the data collected, and the application used to test the 

API will be discussed in the next chapter. 
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Chapter 5  

Data Collection and Experimentation 

 

The data used in this thesis is collected by multiple BlackBerry smartphones running 

a third party application with incorporates the BLSD API. The application will 

perform Bluetooth scans at intervals of 30 minutes. The devices were carried around 

throughout multiple weeks in the University of Guelph and also collected data at 

fixed spots in the University of Guelph. The data itself, the discovered characteristics 

of the data, and the application use to experiment with the data will be described in 

this chapter. 

 

5.1 Data Characteristics 
 

The collected data includes different information about the BlackBerry device which 

performed the scan and the surrounding discoverable Bluetooth devices at the time of 

the scan. The format of the raw data before any sort of transformation which was 

shown in Chapter 3 is again presented in Table  5.1. 

 

Table  5.1: Format or Raw Bluetooth Scan Data 

 GPS Coordinates  
Date/Time Latitude Longitude Accuracy Fix Method # of 

Devices 
Found 
Devices 

Tue Oct 25 11:35:56 
America/New_York 
2011 

43.53134 -80.22722 60 WLAN 
Geolocation 

1 0025005E0314
::Computer:: 

Laptop 
 

The first field represents the date and time that the Bluetooth scan was completed. 

The second and third fields represent the location of the BlackBerry device in the 

form of GPS latitude and longitude once the scan is completed. The combination of 

the second and third fields can be considered as the location class for each row of raw 

data, which is described in future sections. The fourth field describes how accurate 

the GPS latitude and longitude coordinates of the location fix are. The fifth field 
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denotes which localization method was used to obtain the location of the BlackBerry 

device. While running the application, the BlackBerry device will always try to use to 

most accurate localization method. The possible methods of localization are 

Autonomous GPS, WLAN Geolocation and Cellular Tower Geolocation. The sixth 

field details the number of devices found in the current Bluetooth scan and the 

seventh field denotes the MAC addresses of the actual found devices. If there is more 

than one device found, an extra field of data will be added for each additional device. 

Therefore, the number of fields for each instance is equal to 6  where  is equal to 

the number of Bluetooth devices found. In the 6  field, the data is delimited by 

two colons (‘::’) and first includes the MAC address followed by the major Bluetooth 

class, followed by the minor Bluetooth class of the device. The classes are easily 

retrievable during a Bluetooth scan as the protocol transmits this information during 

the discovery phase. This is due to 12 bits which identify the major and minor class of 

a Bluetooth device. The first 5 left-most bits are used to identify the major device 

class, and the 6 right-most bits excluding the first bit which is not used, are used to 

identify the minor class. A few examples of these classes can be found in Table  5.2 

and Table  5.3. A more extensive list of minor device classes for each major class can 

be found in Appendix A. Based on the characteristics of the collected data and the 

information retrievable in each Bluetooth scan; the discoverability of Bluetooth 

devices is investigated, and is described in the next section. 

 

Table  5.2: Major Device Classes 

 Bit Number 
Major Device Class 12 11 10 9 8 
Computer (Desktop, notebook, PDA, etc.) 0 0 0 0 1 
Phone (cellular, cordless, payphone, modem, etc.) 0 0 0 1 0 

 
Table  5.3: Minor Device Class Fields for Computer and Phone Classes 

 Bit Number 
Minor Device Class 7 6 5 4 3 2 
Desktop workstation 0 0 0 0 0 1 
Laptop 0 0 0 0 1 1 
Cellular  0 0 0 0 0 1 
Smartphone 0 0 0 0 1 1 
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5.1.1    Distribution of Location Classes within the Collected Data 
 

An analysis was performed on the collected data to determine the distribution of the 

data in terms of the location classes. Considering all the data collected with the use of 

the BLSD API, there was a total of 1,168 different samples, each containing 

information about the Bluetooth devices found and the location GPS coordinates 

those devices were found at. All samples of data were transformed, and the 

distribution of the location classes was calculated for different cases. The cases 

consist of transforming the original data samples into data sets which feature a 

different number of maximum Bluetooth devices per sample. In order to transform the 

samples of the data into a different number of maximum Bluetooth devices, the 

following process is performed on each sample, using 2 devices as an example: 

 

1. If the sample has less than 2 Bluetooth devices, do not make any changes. 

2. If the sample has more than 2 Bluetooth devices, perform the following: 

a. Create an additional sample with the same time and GPS location class for 

each two devices encountered from left to right.  

b. In the event there are an uneven number of devices found, the last sample 

created will contain the last device. 

The number of maximum Bluetooth devices per scan experimented with are 2, 4, 

6, 8 and 10. Once this process is completed, there are a greater number of total 

samples depending on the number of maximum devices used, with a maximum of 2 

devices providing the most instances. These results are detailed in Appendix D.  

 

5.2 Discoverability of Bluetooth Devices 
 

The collected data is analyzed to determine how discoverable Bluetooth devices are 

within the University of Guelph. This is important because the aim of this research is 
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exploring Bluetooth as a method of localization for mobile devices. If there is an 

inadequate amount of devices to gather information from, there will be no other 

option but to use traditional methods of localization, and thus energy would be wasted 

by performing a Bluetooth scan. As a result, the discoverability of Bluetooth devices 

in an important factor in the feasibility of mobile device localization using Bluetooth. 

In this section, we will present the data gathered about discoverable Bluetooth devices 

at the University of Guelph. 

 

A common myth about Bluetooth devices is that they are all set to a non-

discoverable mode; however, this is contrary to our findings. Over the span of six 

weeks, three separate tests were performed, each lasting two weeks. In each test, an 

application was installed on a BlackBerry device which performed a Bluetooth scan 

every 30 minutes when the device was within the confines of the University of 

Guelph. The results of the Bluetooth scans performed are detailed in Table  5.4, 5.6 

and 5.7. 

 

Table  5.4: Found Bluetooth Devices Statistics for both Stationary and Non-Stationary Devices 

 
Total number 

of unique 
devices found 

Maximum number 
of unique devices 
found in a single 
Bluetooth scan 

Average number of 
unique devices 

found in a single 
Bluetooth scan 

Standard 
Deviation

Test 1 213 31 5.86 4.21 
Test 2 275 27 2.48 3.01 
Test 3 94 19 2.63 3.21 

Average 194.0 25.6 3.66 3.48 
 

Table  5.5: Found Bluetooth Devices Statistics for Non-Stationary Devices 

 Total number 
of unique 

devices found 

Maximum number of 
unique devices found in 
a single Bluetooth scan 

Average number of 
unique devices found in 
a single Bluetooth scan 

Standard 
Deviation 

Test 1 179 26 5.12 3.72 
Test 2 234 20 2.24 2.79 
Test 3 90 18 2.60 2.67 

Average 167.6 21.3 3.32 3.06 
 

Table  5.6: Breakdown of Non-Stationary Devices found in Each Test 

 Cellphones Smartphones Laptops Tablets 

Test 1 10 26 142 1 

Test 2 34 84 110 6 

Test 3 19 25 46 0 
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Table  5.7: Percentage of Non-Stationary Devices Found by Each Device 

 Test 1 Test 2 Test 3 Average 

Percentage of Non-Stationary Devices Found 84.03 85.09 95.74 88.27 

 

Table  5.4 presents the statistics of obtained Bluetooth scan data from devices 

which are both stationary and non-stationary. This means, the figures include devices 

which are laptops, desktops, smartphones, cellphones, tablets, or any other device 

which has a Bluetooth radio, and is in a discoverable mode. Over a two week period, 

an average of 194 unique Bluetooth devices was found within the University of 

Guelph. Keeping in mind that the individuals carrying the devices simply went about 

their daily routine, this is a considerable amount of discoverable devices to find in 

such a short period of time. In addition, on average, the maximum amount of 

stationary and non-stationary Bluetooth devices found in a single scan is close to 26 

devices. This tells us that in crowded areas, there is the potential to find many 

discoverable Bluetooth devices due to many factors including the use of wireless 

hands-free devices and peripheral devices such as Bluetooth mice. Furthermore, there 

were close to 4 Bluetooth devices found during each scan on average, therefore, 

according to our findings, whenever a Bluetooth scan is performed, there is a very 

good chance of finding on average 4 devices. 

 

In regards to Bluetooth devices found which are mobile devices, such as 

smartphones, tablets, and laptops, Table  5.5 details our findings based on the 

Bluetooth scan results. It can be seen that on average, the total number of unique 

mobile Bluetooth devices found was close to 168, which would indicate that within 

the two week period, there were roughly only 26 stationary Bluetooth devices found 

on average. A breakdown of the actual type of mobile devices found in each test is 

detailed in Table  5.6. We find that the majority of devices which were discoverable in 

each test are laptops, which makes sense given that these tests were performed in a 

University environment. Table  5.7 demonstrates the percentage of non-stationary 

devices found, and it can be seen that on average, of all the devices found, 88% 

percent of them were mobile devices. Therefore, the majority of discoverable 

Bluetooth devices were personal devices which were carried by individuals. 
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Based on our findings, it is evident that the discoverability of Bluetooth devices is 

not an issue in populated areas such as the University of Guelph. Each deployed 

device was able to find a suitable amount of unique Bluetooth devices, and each was 

able to confirm that the majority of discoverable devices are in fact mobile devices. 

Based on the data, we conclude that there should be no shortness of discoverable 

Bluetooth devices available. With this new information, there is the potential for 

applications in the area of crowdsourcing to take advantage of the available data and 

make it useful for individuals in the vicinity of the Bluetooth devices. 

 

5.3 Application for Data Experimentation 
 

Based on the collected data, a BlackBerry application is developed to take advantage 

of the BLSD API for mobile device localization using Bluetooth. The application was 

tested within the University of Guelph, and uses the collected data to attempt to 

localize the device in different locales within the campus. As the application is being 

used, it takes advantage of the information provided by the API to inform the user 

how their location is found, either by Bluetooth or traditional methods. The entire 

process of localizing the device is transparent to the user, and the user has no 

knowledge that the Bluetooth radio on the device is being utilized. The screenshot of 

the application used for experimenting with Bluetooth localization is shown in Figure 

 5.1. 
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Figure  5.1: Sample Application which uses the BLSD API 

 

5.4 Summary 
 

In this chapter, the data collected with the use of the BLSD was presented. In 

addition, it was shown that although some individuals may keep their Bluetooth radio 

set in a non-discoverable state due to privacy concerns, there are still enough 

discoverable Bluetooth devices available to gather enough data from for the purposes 

of Bluetooth localization. The application which was described in this chapter is used 

for collecting real-world results to evaluate the effectiveness of Bluetooth localization 

using the BLSD framework. These results and evaluation will be described in the next 

chapter. 
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Chapter 6  

Results and Evaluation 

 

In this chapter, the results achieved while employing the Enhanced-KNN algorithm 

on the collected experimental data will be presented. To give an understanding of the 

overall performance improvement, a comparison of using the same data with the 

original KNN algorithm will be detailed as well. Finally, this chapter will display 

real-world results while using the BLSD framework and API within the University of 

Guelph, which include localization results and response time. 

 

6.1 Introduction 
 

When determining which classification algorithm to use for the purposes of 

mobile device localization using Bluetooth, an immediate candidate which matched 

the requirement was the K-Nearest Neighbour (KNN) classification algorithm. This 

algorithm is chosen as a candidate because it provides very fast classification using a 

lazy learning approach, and also includes the ability to provide incremental learning, 

a very important requirement for this task.   

 

The distance measure used in all experiments is Canberra distance. This measure 

was chosen due to the behavior of the formula depending on the number of attributes 

used. For example, if one attribute (time) is used, the distance value calculated will be 

between 0 and 1. This results in the potential reduction of processing time by not 

normalizing the time values. The next subsection will present the performance of the 

KNN algorithm using the collected Bluetooth data described in the previous chapter. 

 

The data used in all experiments is the originally collected Bluetooth scan data 

from the University of Guelph. However, the data used for the experiment is chosen 

among the samples which have 120 meters or less. 120 meters is used for the 
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accuracy threshold rather than 400 in this case to only focus on those samples which 

have more accurate localization information. 

 

6.2 Performance Comparison of the KNN Classifier on 
Bluetooth Data 

 

For the purpose of experimenting with the KNN classifier on the collected Bluetooth 

scan data, multiple experiments were setup with different algorithmic parameters. 

These parameters include using weighted voting, defining the device IDs and location 

classes as nominal values, the time as a numerical value, and varying the K-value in 

each test. The K values tested are 2, 4, 6, 8 and 10. The results obtained from all 

experiments showed that a K value of 2 performed best on the Bluetooth scan data 

using the KNN classifier. The result of the experiment using a K value of 2 is shown 

in Figure  6.1 which details the performance for different numbers of Bluetooth 

devices per scan.  

 

 
Figure  6.1: Performance of KNN with a K value of 2 

 

The best results when using the KNN classifier with a K value of 2 occurs when a 

maximum of 2 devices per scan is used (F-measure of 42.37%) and the worst 
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performance occurs a maximum of 10 devices per scan is used (F-measure of 

35.27%). As can be seen, there is a downward trend in the performance of the KNN 

classifier on the Bluetooth scan data as the number of devices increase. This is due to 

the design of the KNN classifier in which the order the devices appear matters. For an 

instance to be matched correctly, the devices must appear in the exact same order, 

which becomes increasingly unlikely as the number of devices increase. As 

previously discussed, to address this issue, we employed the Enhanced-KNN 

classifier on the Bluetooth scan data, the results of which are presented in the next 

section.  

 

6.3 Performance Comparison of the Enhanced-KNN 
Classifier on Bluetooth Data 

 

The Enhanced-KNN algorithm is experimented with the collected Bluetooth scan data 

in order to increase the performance over the KNN classifier. As discussed 

previously, there are numerous benefits to the Enhanced-KNN classifier over the 

traditional algorithm which makes it more suitable for classifying Bluetooth scan 

data. The same parameters used in the original KNN classifier are used with the 

Enhanced-KNN classifier for a fair comparison. The results obtained from all 

experiments showed that a K value of 2 performed the best on the Bluetooth scan 

data. The result of the experiment completed with a K value of 2 is shown in Figure 

 6.2. 

 

The best result achieved with the Enhanced-KNN classifier occurs when a 

maximum of 10 Bluetooth devices is used per scan (F-measure of 73.8%), and the 

worst performance occurs when using a maximum of 2 Bluetooth devices per scan (F-

measure of 65.08%). This behaviour is opposite to that of the original KNN algorithm 

due to the fact that the order in which Bluetooth devices appear in each scan does not 

affect the predictions made by the Enhanced-KNN classifier. In terms of overall 

improvement over the KNN algorithm, the average performance of the Enhanced-

KNN classifier is 29.6% above the average performance of the KNN algorithm. 
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Figure  6.2: Performance of Enhanced-KNN with a K value of 2 

 

 

6.4 Performance Comparison of the Enhanced-KNN 
Classifier on Bluetooth Data with Omitting Samples 

 

Due to the real-world characteristics of the collected Bluetooth scan data, it is 

possible that when predicting the location of a Bluetooth device based on a Bluetooth 

scan, none of the stored samples will match the device(s) found in the new scan. As 

discussed, the Enhanced-KNN classifier accounts for this by only making predictions 

based on samples which have exact matches stored in the database. Therefore, if a 

device appears that the BLSD framework has no prior knowledge about, it will be 

unable to predict a location class for that device. The results obtained are those with 

samples that are omitted if they cannot be predicted using the stored Bluetooth data in 

an attempt to improve the overall F-measure. The same parameters used in the 

original KNN classifier are again used with the Enhanced-KNN classifier with 

omitting samples for a fair comparison. The results obtained with omitting samples 

showed that a K value of 1 performed the best on the data. The result when using a K 
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value of 1 is shown in Figure  6.3 which details the performance when using a 

different maximum amount of Bluetooth devices per scan. 

 

 
Figure  6.3: Performance of Enhanced-KNN while Omitting Samples with a K value of 1 

 

 

 The results obtained show a similar trend of the Enhanced-KNN classifier in 

which the best results occur with a maximum of 10 Bluetooth devices per scan (F-

measure of 78.31%), and the worst performance occurs with a maximum of 2 

Bluetooth devices per scan (F-measure of 68.76%). In terms of overall improvement, 

the average performance of the Enhanced-KNN classifier which omits samples is 5% 

above the average performance over the Enhanced-KNN classifier which does not 

omit samples, and 34.6% above the average performance of the original KNN 

algorithm. Figure  6.4 compares the best results of all three experimented classifiers.  
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Figure  6.4: Performance Comparison of all Classifiers Experimented 

 

 In the next section, based on the results obtained, a real-world experimentation 

using the BLSD framework and API will be performed. The goal of this real-world 

experiment is to investigate whether localization by Bluetooth can be an alternate to 

traditional localization methods. 

 

6.5 Real-World Results using the BLSD Framework 
 

To determine the real-world performance of the BLSD framework, an experiment is 

performed within the University of Guelph using the collected Bluetooth scan data. 

The goal is to determine if the location of a mobile device can be determined based on 

the discoverability of Bluetooth devices around the University. By using information 

previously collected about discoverable devices within the University, the goal is to 

make a prediction about the GPS coordinates that the mobile device is positioned in, 

and compare that prediction with the actual GPS coordinates of the device. 
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6.5.1    Experimentation Setup 
 

Based on the results obtained with the Enhanced-KNN algorithm while omitting 

samples that could not be predicted, the experiment is setup to test the real-world 

usability of the BLSD API. In terms of the Enhanced-KNN algorithm, the parameters 

used are: 

 

 A K-value of 1, 

 Weighted Voting, 

 Nearest Neighbour Threshold of 3, and, 

 Accuracy Threshold of 400 meters. 

Although the experiments performed on the Bluetooth scan data employed an 

accuracy threshold of 120 meters, for the real-world tests we increased this value to 

400 meters to allow more samples to be used for Bluetooth localization purposes.  

 

Each Bluetooth scan using the BLSD API in real-world testing was limited to 2 

devices. This means that when the API initiates a Bluetooth scan, once two devices 

are found, the scan will end. Although 2 devices did not perform as well as 8 or 10 

devices, it was chosen for the following reasons: 

 

 The time taken to scan for 2 devices is shorter, and thus, response time can be 

improved, 

 When exploring the discoverability of Bluetooth devices in Chapter 5, the 

average amount of Bluetooth devices found in each scan was 3.66 with an 

average standard deviation of 3.48. Therefore, 2 devices is within the standard 

range of the discoverable Bluetooth devices found, and, 
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 The worst performance with two devices using the Enhanced-KNN classifier is 

better than the best performance of the KNN classifier using two devices (23% 

improvement in F-measure). 

 

The construction of the location classes for the experiment is done with a starting 

latitude of 43.519801, a starting longitude of -80.240207, a ending latitude of 

43.545251, and a ending longitude of -80.218835, which encompasses the majority of 

the University of Guelph. The location classes are created with 4 decimal places of 

separation, which is equivalent to a location class separation of 11.2 meters between 

latitude points and 8.132 meters between longitude points. By creating location 

classes with 4 decimal places of separation, the goal is obtain reduce the overall error 

that occurs when location classes are transformed to GPS coordinates, while still 

taking into consideration the number of classes which the BLSD framework must be 

able to predict.  

 

The application discussed in Chapter 5, which incorporates the BLSD API is 

installed on a BlackBerry 9800 and used for experimenting with Bluetooth 

localization around the University of Guelph, using the BLSD framework. The results 

of the experimentation are detailed in the next section. 

 

6.5.2    Experimental Results 
 

Experiments using the BLSD framework are completed within the University of 

Guelph by attempting to localize the mobile device within different buildings around 

the University campus, and comparing the coordinates obtained with Bluetooth 

localization to the coordinates obtained with the GPS receiver. As stated in Chapter 2, 

GPS localization is used as the baseline or ground truth for localization, and will be 

compared to in order to determine how accurate the results of the BLSD framework 

are. By completing these experiments, it will be demonstrated that using Bluetooth 
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devices for mobile device localization is a feasible alternative to traditional 

localization methods. 

 

 The results of the experiment are detailed in Table  6.1. It can be seen that the 

BLSD framework is able to determine the location of a mobile device using Bluetooth 

scan data with an average error of 28.71 meters. The error in meters refer to the 

distance between the GPS coordinates obtained using Bluetooth and the GPS 

coordinates obtained with the device GPS, which are calculated with the use of the 

Haversine formula.  

 

Table  6.1: Bluetooth Localization Real-World Results 

Location using Bluetooth GPS Location Additional Information 
Latitude Longitude Latitude Longitude Error in 

Meters 
Test Location 

43.531169 -80.227981 43.531446 -80.22773 36.59 Library 
43.529969 -80.228781 43.530411 -80.22853 53.15 Science Complex 
43.530669 -80.226381 43.530681 -80.22625 10.18 University Centre 
43.530569 -80.229081 43.530771 -80.229059 22.53 Reynolds Bldg 
43.532345 -80.22723 43.53264 -80.227264 32.92 MacKinnon Bldg 
43.531045 -80.229 43.531267 -80.228605 40.29 MacLachlan Bldg 

 

 

In terms of response time, the BLSD framework has a response time that is close 

to Cellular localization. The factor that affects the response time the most is the 

number of Bluetooth devices required to complete a scan, which is one of the major 

reasons that Bluetooth scans are limited to a maximum of 2 Bluetooth devices in the 

BLSD framework. A comparison of the average response time of the BLSD 

framework under different conditions is detailed in Table  6.2. For each of the 

conditions, 5 separate tests are performed. 
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Table  6.2: BLSD Framework Response Time under Different Conditions 

Condition 
Average Response 

Time (seconds) 
1 Bluetooth Device Found – Location Predicted 10.7788 

1 Bluetooth Device Found – Location Determined with 
Traditional Methods 

10.9732 

2 Bluetooth Devices Found – Location Predicted 4.0882 
2 Bluetooth Devices Found – Location Determined 

with Traditional Methods 
3.106 

No Bluetooth Devices Found – 
Location Determined with Traditional Methods 

10.5752 

 

 

The response time is the longest for cases when either there are no Bluetooth 

devices in a given environment, or there is 1 Bluetooth device found. The reason for 

this is a Bluetooth invocation on a BlackBerry device completes in about 10 seconds, 

regardless of how many devices are found. The small difference in average response 

time between finding no Bluetooth devices and finding 1 device using the BLSD 

framework is due to the time taken to communicate with the server. The 

communication in these tests was performed over Wi-Fi, and as can be seen, 

completes in under 1 second on average. As can be seen, the difference in response 

time depending on whether or not the location of the mobile device can be determined 

is minimal. In terms of the response time when 2 Bluetooth devices are found, 

regardless whether the location of the device can be determined or not, it is much less 

than the other conditions experimented with. This is due to the setup of the BLSD 

Framework in which Bluetooth scans are completed when two devices are found. The 

result of this is the response time more than doubles when using the BLSD 

Framework and API to obtain the location of a mobile device.  

 

It should be noted that in cases where the location of the mobile device cannot be 

predicted with a Bluetooth scan, the BLSD API will obtain the mobile devices 

location with traditional localization methods. The traditional localization method 

used will be the most optimal as defined by the RIM Simple Location API.  

Depending on the method used, the response time will vary with Wi-Fi and Cellular 

localization providing the fastest response, and GPS providing the slowest response. 
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The average response time of 5 separate tests in multiple test locations for each 

localization methods is shown in Table  6.3.  

 

Table  6.3: Response Time of Different Localization Methods 

Localization Method 
Average Response 

Time (seconds) 
Wi-Fi Localization 0.244 

Cellular Localization 2.271 
GPS Localization 15.238 

 

 

6.6 Summary 
 

This chapter presented the experimental results obtained using the BLSD Framework 

and API. The performance of the KNN algorithm in comparison to the both variations 

of the Enhanced-KNN algorithm was presented, and it was found that there is a 

noticeable increase in F-measure when using the Enhanced-KNN algorithm on 

Bluetooth scan data to determine the location of a mobile device. This is due to the 

fact that the Enhanced-KNN algorithm ignores the order in which devices appear, 

whereas the KNN algorithm takes the order into consideration.  

 

This chapter also detailed the results of a real-world experiment in which the 

BLSD framework and API were used to localize a mobile device at various locations 

within the University of Guelph, and it was shown that the BLSD framework is able 

to produce results which are comparable to those which would be obtained using the 

GPS receiver. The response time of the BLSD framework in comparison to traditional 

localization methods was done, and it was found that in ideal conditions, the BLSD 

framework has a response time which is comparable to cellular localization, but 

produces results with far greater localization accuracy. 
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Chapter 7  

Conclusion and Future Work 

7.1 Conclusion 
 

There exist a limited number of localization methods for mobile devices, such as 

GPS, Wi-Fi and Cellular. In this thesis, it was shown that Bluetooth can be an 

alternate method for outdoor localization of mobile devices. One of the important 

factors of using this alternate method, as it is shown in this thesis is that Bluetooth 

uses less energy than some of the other existing localization methods. Another 

important factor for utilizing the Bluetooth radio over other existing methods for 

determining the location is that Bluetooth can be always used regardless if the device 

is situated indoors or outdoors. 

 

The contributions of this thesis are: 

 

 Evaluation and analysis of the discoverability of Bluetooth devices, and results 

detailing that a great deal of Bluetooth devices are indeed discoverable. 

 The concept of GPS location classes which can potentially be expanded into other 

areas of mobile device localization research. 

 A Bluetooth Location Service Discovery framework which can be used to provide 

mobile device localization using Bluetooth devices. 

 An enhanced version of the K-Nearest Neighbour algorithm for use with 

Bluetooth Scan data. 

 An API for use on BlackBerry devices which automatically handles all aspects of 

Bluetooth localization. 
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As it was found through real-world experiments that there is a large number of 

discoverable Bluetooth devices, the research performed aimed to benefit from the 

inherit information which is discoverable based on the time and location of the 

devices that are found. This information is used to determine the location of mobile 

devices based on the Bluetooth devices which surround it. This is completed with the 

assistance of an enhanced version of the KNN algorithm, which is specifically 

tailored to assist with Bluetooth localization.   

 

It is a goal that this thesis will inspire further research in Bluetooth localization 

methods for mobile devices, as the low energy usage, and commonality of Bluetooth 

make it an attractive technology to explore for the purposes of localization. 

    

7.2 Future Work 
 

While this thesis was successful in providing enough evidence that Bluetooth can be a 

successful tool in localizing a mobile device, there is still much work to be done in 

this area. Our future work includes the use of Bluetooth to suppress GPS invocations.  

By analyzing the Bluetooth devices found in a given area, it can be determined 

whether or not a mobile device has moved from its current location. In essence, if the 

same devices are found in subsequent Bluetooth scans, it can be assumed that the 

device has not moved from its previously obtained location, and thus an invocation of 

the GPS can be suppressed. 

 

 The Bluetooth localization data used in this thesis represents the date and time 

that Bluetooth devices were found in specific locations. Due to the fact that the 

information is time based, it has a potential be irrelevant at some point. Research 

needs to be completed in determining the appropriate amount of time to keep the 

collected data about specific Bluetooth devices so that the information used to 

complete localization requests is always current and accurate.  
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 The BLSD framework and API currently support BlackBerry devices only, which 

are used to test the concept of Bluetooth localization. Additional work needs to be 

completed in expanding the framework and API to support all popular mobile 

platforms, specifically those which feature devices that include low-power Bluetooth 

hardware. 
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APPENDIX A: Energy Usage Comparison 
 

A series of experiments were performed using a BlackBerry Pearl 9100 to measure 

the energy usage of various sensors on the device. The sensors tested include the 

Bluetooth radio, the GPS receiver and the Wi-Fi radio. The tests consisted of the 

device running an application which continuously uses one of the previously 

mentioned sensors until the battery is depleted. To ensure a completely fair test, the 

device was security wiped and no other third party applications were running on the 

device. The tests started at 100% battery level and ended at 5% battery level. The 

results of the test show that the BlackBerry Pearl 9100 device used the most amount 

of energy when the GPS receiver is active, lasting about 36.4 hours. The Bluetooth 

radio on the other hand was more energy efficient using about half the energy of the 

GPS receiver, lasting 63.7 hours. Lastly, the Wi-Fi radio used the least amount of 

energy lasting 105.5 hours. These results are depicted in Figure  A.1. It should be 

noted that a single device is recharged and reused for each test. Ideally multiple new 

devices should be used to avoid any potential effects on the battery after recharging. 

 

 
Figure  A.1: BlackBerry Pearl 9100 Energy Usage 
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APPENDIX B: Major and Minor Bluetooth Classes 

 
During a Bluetooth scan, the class of a device found is easily discoverable without the 

need to directly communicate with the device. These classes are based on global 

standards. There are 12 bits which identify the major and minor class of a Bluetooth 

device. The device major and minor class tells exactly what type of device was found, 

whether it is a smart phone, cellular phone, laptop, desktop computer etc. 
 

Table  B.1: Major Device Classes 

 Bit Number 
Major Device Class 12 11 10 9 8 
Miscellaneous 0 0 0 0 0 
Computer (Desktop, notebook, PDA, etc.) 0 0 0 0 1 
Phone (cellular, cordless, payphone, modem, etc.) 0 0 0 1 0 
LAN /Network Access point 0 0 0 1 1 
Audio/Video (headset, speaker, video display, etc.) 0 0 1 0 0 
Peripheral (mouse, joystick, keyboards, etc.) 0 0 1 0 1 
Imaging (printing, scanner, camera, display, etc.) 0 0 1 1 0 
Wearable 0 0 1 1 1 
Toy 0 1 0 0 0 
Health 0 1 0 0 1 
Uncategorized 1 1 1 1 1 
All other values reserved x x x x x 

 
Table  B.2: Minor Device Class Field – Computer Major Class 

 Bit Number 
Minor Device Class For Computer Major Class 7 6 5 4 3 2 
Uncategorized, code for device not assigned 0 0 0 0 0 0 
Desktop workstation 0 0 0 0 0 1 
Server-class computer 0 0 0 0 1 0 
Laptop 0 0 0 0 1 1 
Handheld PC/PDA (clam shell) 0 0 0 1 0 0 
Palm sized PC/PDA 0 0 0 1 0 1 
Wearable computer (Watch sized) 0 0 0 1 1 0 
All other values reserved x x x x x x 

 
Table  B.3: Minor Device Class Field – Phone Major Class 

 Bit Number 
Minor Device Class For Phone Major Class 7 6 5 4 3 2 
Uncategorized, code for device not assigned 0 0 0 0 0 0 
Cellular 0 0 0 0 0 1 
Cordless 0 0 0 0 1 0 
Smartphone 0 0 0 0 1 1 
Wired modem or gateway 0 0 0 1 0 0 
Common ISDN Access 0 0 0 1 0 1 
All other values reserved x x x x x x 
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APPENDIX C: Verification of KNN Implementation 
 
To verify the correctness of the implementation of the KNN algorithm used in this 

research before modifications are made to handle Bluetooth data, the implemented 

algorithm is tested on the Iris data set from the UCI Machine Learning Repository 

[13]. The Iris data set is a well-known data set, which contains 4 attributes, 1 class 

value and 150 instances. The result of the KNN algorithm implemented for this 

research are compared to the results obtained using a RapidMiner [29] 

implementation of the KNN algorithm. Since RapidMiner is a well-known and trusted 

data mining tool, the implementations of the algorithms within it, and the result 

obtained can be used to verify the correctness of the algorithm in our research. The 

experiment is setup with a K value of 1, using 5-fold cross validation, with numerical 

attributes and a nominal class. The distance measures used is Canberra distance for 

the numerical attributes, and nominal distance for the class. The results are detailed in 

Table  C.1 and Table  C.2. 

 

Table  C.1: Results of Rapid Miner Implementation for the Iris Data Set 

 Pred 0 Pred 1 Pred 2 Class Recall 
True 0 50 0 0 100% 
True 1 0 45 5 90% 
True 2 0 3 47 94% 

Class Precision 100% 93.75% 90.38%  
 

 Table  C.2: Results of Research Implementation for the Iris Data Set 

 Pred 0 Pred 1 Pred 2 Class Recall 
True 0 50 0 0 100% 
True 1 0 46 4 92% 
True 2 0 3 47 94% 

Class Precision 100% 93.88% 92.16%  
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APPENDIX D: Distribution of the Data 

 
The collected Bluetooth scan data is analyzed to determine the distribution of location 

classes. Due to the fact that the data is experimented with a different number of 

maximum Bluetooth devices in each scan, the distribution of the location classes for 

these data sets are also presented. The results shown are generated using an accuracy 

threshold of 120 meters, which means any samples which have accuracies higher than 

120 meters are not included. 120 meters is used for the accuracy threshold rather than 

400 in this case to only focus on those samples which have more accurate localization 

information. The distribution of the original data set without considering a maximum 

number of Bluetooth devices is shown in Table  D.1. The results in Tables D.2, D.3, 

D.4, D.5 and D.6 show the distribution of the data when a maximum of 2, 4, 6, 8 and 

10 Bluetooth devices are used.  

 

Table  D.1: Location Class Distribution for Original Collected Data 

Location Class 159 203 221 224 242 243 244 263 524 
Number of 

Samples 
274 6 72 10 55 282 25 8 436 

Percentage 23.46 0.51 6.16 0.86 4.71 24.14 2.14 0.68 37.33 
 

Table  D.2: Location Class Distribution with a Maximum of 2 Devices per Scan 

Location Class 159 203 221 224 242 243 244 263 524 
Number of 

Samples 
856 11 572 18 136 654 74 73 1278 

Percentage 23.31 0.30 15.58 0.49 3.70 17.81 2.02 1.99 34.80 
 

Table  D.3: Location Class Distribution with a Maximum of 4 Devices per Scan 

Location Class 159 203 221 224 242 243 244 263 524 
Number of 

Samples 
522 7 309 12 81 404 43 37 788 

Percentage 23.69 0.32 14.03 0.54 3.68 18.34 1.95 1.68 35.77 
 

Table  D.4: Location Class Distribution with a Maximum of 6 Devices per Scan 

Location Class 159 203 221 224 242 243 244 263 524 
Number of 

Samples 
419 7 211 10 62 336 35 27 627 

Percentage 24.16 0.40 12.17 0.58 3.58 19.38 2.02 1.56 36.16 
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Table  D.5: Location Class Distribution with a Maximum of 8 Devices per Scan 

Location Class 159 203 221 224 242 243 244 263 524 
Number of 

Samples 
365 6 171 10 60 297 29 20 547 

Percentage 24.25 0.40 11.36 0.66 3.99 19.73 1.93 1.33 36.16 
 

Table  D.6: Location Class Distribution with a Maximum of 10 Devices per Scan 

Location Class 159 203 221 224 242 243 244 263 524 
Number of 

Samples 
340 6 144 10 58 295 28 19 503 

Percentage 24.23 0.43 10.26 0.71 4.13 21.03 2.00 1.35 35.85 
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APPENDIX E: Code Snippets from the BLSD Framework 

 
Two functions within the BLSD framework, creating unique identifiers for each MAC 

address and transforming GPS coordinates to and from location classes are shown 

below. The purpose of detailing these functions is to provide more in-depth technical 

information on the actual process that takes place within each function. 
 
Creation and Retrieval of Unique Device Identifiers: 

/** 

* Returns the unique identifier of a MAC address. If MAC address has  
* not been seen before, it will be assigned a unique value and that  
* value will be returned. 
* @param MAC The MAC address 
* @return The unique identifier 
*/ 

public String getMACAddressUniqueIdentifier(String MAC) 
{ 
//Check if MAC is already in Hash Map. If it is, get the value stored 
in the Hash Map for that MAC and return it. 
//If not, add the MAC to the Hash Map with the next available key. 
 if(MACAddressHM.containsKey(MAC)) 
 { 
  return String.valueOf(MACAddressHM.get(MAC)); 
 } 
 else 
 { 
  int key = MACAddressHM.size(); 
  MACAddressHM.put(MAC, key); 
  return String.valueOf(key); 
 } 
} 

 
 
Transforming GPS Coordinates to Location Classes: 

/** Searches for the location class that matches the sent latitude and 
* longitude, then returns the location class. Uses binary search 
* @param latitude The GPS latitude 
* @param longitude The GPS longitude 
* @return The location class number. Returns -1 if no location class 
defined for these coordinates 
*/ 
public long getLocationClass(double latitude, double longitude) 
{   

//Make sure the latitude sent to the method is not outside the 
bounds of the start latitude and longitude, if it is return -1 

 if(latitude >= endLatitude) 
 { 
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  return -1; 
 } 
 if(longitude >= endLongitude) 
 { 
  return -1; 
 } 
   

//Make sure the longitude sent to the method is not outside the 
bounds of the start latitude and longitude, if it is return -1 

 if(latitude < startLatitude) 
 { 
  return -1; 
 } 
 if(longitude < startLongitude) 
 { 
  return -1; 
 } 
   

int tempMaxVal1 = 
Math.max(getNumberOfDecimalPlace(startLatitude), 
getNumberOfDecimalPlace(startLongitude)); 
int tempMaxVal2 = Math.max(getNumberOfDecimalPlace(endLatitude), 
getNumberOfDecimalPlace(endLongitude)); 

    int incrementDecimalPlaces = Math.max(tempMaxVal1, tempMaxVal2); 
    

BigDecimal roundedLatitude = 
BigDecimal.valueOf(latitude).setScale(incrementDecimalPlaces, 
BigDecimal.ROUND_HALF_UP); 

   
BigDecimal roundedLongitude = 
BigDecimal.valueOf(longitude).setScale(incrementDecimalPlaces, 
BigDecimal.ROUND_HALF_UP); 

   
double latitudeDifference = 
roundedLatitude.subtract(BigDecimal.valueOf(startLatitude)).doubl
eValue(); 

   
double longitudeDifference = 
roundedLongitude.subtract(BigDecimal.valueOf(startLongitude)).dou
bleValue(); 

   
 long yValue = (long)(latitudeDifference/incrementValue); 
 long xValue = (long)(longitudeDifference/incrementValue); 
   
   
 long locationClass = (yValue*longitudePartitions)+ xValue;   
   
 return locationClass; 
} 

  
Transforming Location Classes to GPS Coordinates: 

/** 
* Converts the class value back to GPS coordinates 
* @param classVal The class value which to convert 
* @return The GPS coordinates as a comma separated pair 
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*/ 
public String convertClassToGPSCoordinates(double classVal) 
{ 
    //Find the row 
    double temp = Math.floor(classVal/longitudePartitions); 
    //Calculate latitude values 
    double latitudeIncr = temp*incrementValue; 

double startLat = 
BigDecimal.valueOf(startLatitude).add(BigDecimal.valueOf(latitude
Incr)).doubleValue(); 

   
    //Find the column 
    double temp2 = temp * longitudePartitions; 
    temp2 = classVal - temp2 - 1; 
  

//Calculate longitude values 
    double longitudeIncr = temp2*incrementValue; 

double startLong = 
BigDecimal.valueOf(startLongitude).add(BigDecimal.valueOf(longitu
deIncr)).doubleValue(); 

   
BigDecimal halfIncrement = 
BigDecimal.valueOf(incrementValue).divide(BigDecimal.valueOf(2)); 
double classLat = 
BigDecimal.valueOf(startLat).add(halfIncrement).doubleValue(); 
double classLong= 
BigDecimal.valueOf(startLong).add(halfIncrement).doubleValue(); 

     
    return classLat+","+classLong;  
} 
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APPENDIX F: Sample Application using the BLSD API 

 
A sample application which incorporates the BLSD API is shown below. The 

application simply invokes the BLSD API to determine the location of the mobile 

device, and once the process is completed, displays a pop-up with the GPS 

coordinates of the device. 

 

BLSDApp Class: 

package com.blsd.sample.app; 
 
import net.rim.device.api.ui.UiApplication; 
 
/** 
 * This class extends the UiApplication class, providing a 
 * graphical user interface. 
 */ 
public class BLSDApp extends UiApplication 
{ 
    /** 
     * Entry point for application 
     * @param args Command line arguments (not used) 
     */  
    public static void main(String[] args) 
    { 

  // Create a new instance of the application and make the        
currently 

        // running thread the application's event dispatch thread. 
        BLSDApp theApp = new BLSDApp();        
        theApp.enterEventDispatcher(); 
    } 
     
 
    /** 
     * Creates a new BLSDApp object 
     */ 
    public BLSDApp() 
    {         
        // Push a screen onto the UI stack for rendering. 
        pushScreen(new BLSDScreen()); 
    }     
} 

BLSDScreen Class (Takes advantage of the BLSD API): 

 
package com.blsd.sample.app; 
 
import net.rim.device.api.ui.Field; 
import net.rim.device.api.ui.FieldChangeListener; 
import net.rim.device.api.ui.UiApplication; 
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import net.rim.device.api.ui.component.ButtonField; 
import net.rim.device.api.ui.component.Dialog; 
import net.rim.device.api.ui.container.MainScreen; 
/** 
 * This class is used to invoke the BLSD API 
 */ 
public final class BLSDScreen extends MainScreen implements 
BluetoothLocationServiceListener, FieldChangeListener 
{ 
 //Creating buttons and API elements 
 private ButtonField getBTLocButton; 
 private BluetoothLocationServiceDiscovery btd;     //An 
instance of the BluetoothLocationServiceDiscovery class is 
      //needed for Bluetooth Localization invocations    
 private Location foundLoc;       
  
    public BLSDScreen() 
    {         
     super(DEFAULT_MENU | DEFAULT_CLOSE); 
     setTitle("BLSD Sample Application"); 
      
     //Create a button that will start the localization process 
 getBTLocButton = new ButtonField("Localize Mobile Device",   
      Field.FIELD_HCENTER|ButtonField.CONSUME_CLICK); 
    
 //Add a listener to the button then add it to the GUI 
      getBTLocButton.setChangeListener(this); 
      add(getBTLocButton); 
    } 
     
    /** 
     * Overridden method 
     */ 
    protected boolean onSavePrompt()  
    { 
     return true; 
    } 
     
    /** 
     * Called to begin the localization process 
     */ 
    public void attemptToGetLocation() 
    { 
      
 btd = new BluetoothLocationServiceDiscovery(this);   //Create 
a new instance of the BluetoothLocationServiceDiscovery  
      //class with using this class (which implements the  
      //BluetoothLocationServiceListener class) as an argument 
 btd.getLocation();     //Begins the localization process 
 Dialog.alert("Trying to obtain location using Bluetooth..."); 
    } 
     
    /** 
     * Listens to events from elements in the GUI 
     */ 
    public void fieldChanged(Field field, int context)  
    { 
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 if(field==getBTLocButton) 
 { 
   attemptToGetLocation(); 
 } 
    } 
 
    /** 
     * Overridden methods of the BLSD API. Used to be notified when the 
       localization process is completed.  
     */ 
 public void locationFound(final Location location, final Boolean 
      usingBluetooth)  
 { 
   foundLoc = location;  //Save the location for future use 
    
        UiApplication.getUiApplication().invokeLater(new Runnable() 
        { 
          public void run() 
          { 

//Check if the localization request was completed using  
//Bluetooth 

       if(usingBluetooth)   
      { 
        //Alerts the user if localization information  
   //was obtained with Bluetooth 
         Dialog.alert("LOCATION OBTAINED USING BLUETOOTH:   
              "+location.latitude+","+location.longitude+". Maximum  
              Error: "+location.maxerror + " meters"); 
      } 
      else 
      { 
        //Alerts the user if localization information  
   //was not obtained with Bluetooth 
        Dialog.alert("LOCATION OBTAINED WITHOUT BLUETOOTH:  
              "+location.latitude+","+location.longitude+". Maximum  
              Error: "+location.maxerror + " meters"); 
      } 
          } 
      }); 
 } 
 
 /** 
  * Overridden methods of the BLSD API. Used to receive debug  
         messages from the API 
  */ 
 public void debugLog(String msg)  
 { 
   System.out.println("BTLOCSCAN-DEBUG: "+msg); 
 } 
  
} 
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APPENDIX G: Javadoc Documentation for the BLSD API 
 

The Javadoc documentation for the BLSD API is shown below. The documentation 

details each function within both the Server and Smartphone API, a list of parameters, 

and what the function returns. 

 

Server API 

 

ServerMain Class 
 
public ServerMain () 
 

The constructor of the ServerMain class. This class will wait for incoming  
BlackBerry device connections on a specific port number (default 44444). 

 
public void run() 

 
The run method. The run method is used to wait for connections from 
BlackBerry devices. Each time a device connects, a ServerWorker thread is 
started 
 
Specified by: 
run in interface java.lang.Runnable 

 

ServerWorker Class 
 
ServerMain 
 
public ServerMain () 
 

The constructor of the ServerMain class. This class will wait for incoming  
BlackBerry device connections on a specific port number (default 44444). 

 
public void run() 

 
The run method. The run method is used to wait for connections from 
BlackBerry devices. Each time a device connects, a ServerWorker thread is 
started 
 
Specified by: 
run in interface java.lang.Runnable 
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KNNServerComponent Class 
 
public KNNServerComponent(String fp, 
                          int kVal, 
                          boolean wVote) 
 

Constructor of the KNN component class. Accepts parameters and initializes 
the classifier. 
 
Parameters: 
fp - The file path to load the data from 
kVal - The K value used in the algorithm 
wVote - A boolean indicating whether or not weighted voting should be used 

 
public classify(Vector dataToClassify) 
 

Uses the KNN algorithm to classify the unknown instance. 
 
Parameters: 
dataToClassify - A vector of attributes from the unknown instance 
Returns: 
The classified class 

 
 
public double calcDistance (double[] query, 
                 double[] reference) 
 

Calculates the distance between two sets of data. The calculated distance 
depends on if the attribute is nominal or numerical. 
 
Parameters: 
query - The query point or the point being classified 
reference - The reference point from the training data set 
Returns: 
The distance between the points 

 

 
public boolean arrayContains (double[] array, 
                 double value) 
 

Called when we need to check if a value is inside an array. 
 
Parameters: 
array - The array to check 



 86

value - The value used to check if it is contained the array 
Returns: 
True if value is contained, false if not 

 
 
public boolean arrayContainsMinus1 (double[] array, 
                 double value) 
 

Called when we need to check if a value is inside an array while ignoring -1 if 
the function encounters it. 
 
Parameters: 
array - The array to check 
value - The value used to check if it is contained the array 
Returns: 
True if value is contained, false if not 

 
 
public double haversineDistance(double startLat, 
                                double startLong, 
                                double endLat, 
                                double endLong) 
 

Used to calculate the Haversine distance between two GPS points. 
 
Parameters: 
startLat - The start latitude 
startLong - The start longitude 
endLat - The end latitude 
endLong - The end longitude 
Returns: 
The distance between the two points 

 
 
public String arrayToString(double[] array) 
 

Changes the value inside a double array to a comma separated string. 
 
Parameters: 
array - The double array to change 
Returns: 
The comma separated string 

 

 
public void normalizeData(double minValue, 
                          double maxValue, 
                          double[] attributesToClassify) 
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Normalizes the data inside the data set. Normalization only occurs if data is 
numerical. 
 
Parameters: 
minValue - The minimum value to assign to the normalized data 
maxValue - The maximum value to assign to the normalized data 
attributesToClassify - The attribute values to normalize 

 

 
public double getMaximumErrorDistance(double classVal) 
 

Calculates the maximum error of the class prediction. 
 
Parameters: 
classVal - The class value to obtain the accuracy (error) of 
Returns: 
The predicted accuracy value 

 
 
public double getClassDistance(double classVal) 
 

Calculates the distance inside a location class from end to end. 
 
Parameters: 
classVal - The class value to obtain the distance of 
Returns: 
The distance inside a class 

 

 
public String convertClassToGPSCoordinates(double classVal) 
 

Converts the class value to GPS coordinates. 
 
Parameters: 
classVal - The class value which to convert 
Returns: 
The GPS coordinates as a comma separated pair 

 

 
public void loadDataIntoMemory(BufferedReader in)throws IOException 
 

Loads all the instances from the data set into memory. 
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Parameters: 
in - The BufferedReader of the input file 
Throws: 
java.io.IOException - Thrown if there is an error reading in the file 

 

 
public String getMACFromDeviceInfo(String deviceInfo) 
 

Gets the MAC address from the device information string in the stored data. 
 
Parameters: 
deviceInfo - The device info string 
Returns: 
The device MAC address 

 

 
public void addInstance(String hour, 
                        String accuracy, 
                        String founddevicesstring, 
                        String gpsLocationClass) 
 

Adds an instance to the vector to hold the attributes in memory. 
 
Parameters: 
hour - The hour the scan was completed 
accuracy - The accuracy of the localization information for this instance 
founddevicesstring - The found devices as their unique identifies 
gpsLocationClass - The location class the devices were found in 

 

 
public void printClasses() 
 

Prints all the classes corresponding to each of the instances that are saved. 

 
 
public void printInstances() 
 

Prints all the instances that are saved. 

 

 
public void printNormalizedInstances() 
 

Prints all the normalized instances that are saved. 
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public String getMACAddressUniqueIdentifier(String MAC) 
 

Returns the unique identifier of a MAC address. If MAC address has not been 
seen before, it will be assigned a unique value and that value will be returned. 

 
Parameters: 
MAC - The MAC address 
Returns: 
The unique identifier 

 
 
public String getLocationClass(double latitude, double longitude) 
 

Searches for the location class that matches the sent latitude and longitude, 
then returns the location class. 
 
Parameters: 
latitude - The GPS latitude 
longitude - The GPS longitude 
Returns: 
The location class number. Returns -1 if no location class is defined for these 
coordinates 

 
 
public String getHour(String date) 
 

Extracts the hour from a string formatted as a date. 
 
Parameters: 
date - The string formatted as a date 
Returns: 
The hour 

 
 
public boolean createLocationClassMap(double startLat, 
                                      double startLong, 
                                      double endLat, 
                                      double endLong, 
                                      double incrementValue) 
 

This function creates the location map based on the start latitude/longitude and 
ending latitude/longitude. The starting latitude/longitude should be from south 
west, ending latitude/longitude should be at north east 
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Parameters: 
incrementValue - The value used to determine the number of decimal places to 
increment until all classes are created 
startLat - The starting latitude 
startLong - The starting longitude 
endLat - The ending latitude 
endLong - The ending longitude 
Returns: 
Returns true if the creation was successful, otherwise returns false 

 
 
public int getNumberOfDecimalPlace(double value) 
 

Returns the number of decimal places in a double value. 
 
Parameters: 
value - The double value 
Returns: 
The number of decimal places 

 
 
public String getFileName() 
 

Returns the filename which the data set is stored in. 
 
Returns: 
The file name 

 
 
public void reloadData() 
 

Reloads all the data from the data set file. This is called after a new instance is 
added to the data set. 

 

Smartphone API 

 

BluetoothLocationServiceListener Interface 
 
public void locationFound(Location location,  

         boolean usingBluetooth) 
 

Triggered when the location is found using a Bluetooth scan. 

Parameters: 
location - The location that was obtained 
usingBluetooth - True if the location was found using Bluetooth 
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public void debugLog(String msg) 

 
Called when a debug message is available. Applications can use this log to 
debug this API. 
 
Parameters: 
msg - A debug message. 

 
 
BluetoothLocationServiceDiscovery Class 
 
 
public BluetoothLocationServiceDiscovery 
(BluetoothLocationServiceListener intf) 
 

The constructor of the BluetoothLocationServiceDiscovery class 
 
Parameters: 
intf - The BluetoothLocationServiceInterface interface. 

 
 
public void getLocation() 

 
This method will start the thread of this class. 

 
 
public void run() 

 
The run method. Called when the thread is started (when start() is called). This 
thread performs all the necessary actions to obtain the location of a device, 
either by Bluetooth or traditional methods. 
 
Specified by: 
run in interface java.lang.Runnable 
Overrides: 
run in class java.lang.Thread 
 

 
public void obtainLocationUsingTraditionalMethods() 

 
This method is used in the event a Bluetooth localization request cannot be 
completed. The methods will use the existing BlackBerry APIs to get the 
location of the device. 
 
Returns: 
The location of the BlackBerry device as a Location object 
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public void getLocationFromServer(String bluetoothDevices) 

 
This method is used to communicate with the server side to request the 
location of the mobile device using the found Bluetooth devices. 
 
Parameters: 
bluetoothDevices - A string of comma separated MAC addresses that were 
found in the Bluetooth scan 
Returns: 
The predicted location of the mobile device as a Location object 
 

 
public void getBluetoothDevicesAsString(BluetoothScanThread btthread)  

 
Accepts the BluetoothScanThread class, extracts the found Bluetooth devices 
from the instance of the class, and converts it to a comma separated string of 
MAC addresses. 
 
Parameters: 
btthread - The BluetoothScanThread object that has completed a Bluetooth scan. 
Returns: 
The string of Bluetooth devices to send to the server 
 

 
public void sendDebugDevicesFound(BluetoothScanThread btthread)  

 
This method sends debug messages to the class that implements the 
BluetoothLocationServiceInterface. 
 
Parameters: 
btthread - The BluetoothScanThread object that has completed a Bluetooth scan. 

 
 
public void getMajorDeviceClassString(int num)  

 
Converts the device class code to a string representation (phone, computer, 
etc.) 
 
Parameters: 
num - The device code 
Returns: 
String representation of the device type 

 
 
public void getMinorDeviceComputerClassString(int num)  

 
Converts the device class code to a string representation (laptop, tablet, etc.) 
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Parameters: 
num - The device code 
Returns: 
String representation of the device type 

 
 
 
public void getMinorDevicePhoneClassString(int num)  

 
Converts the device class code to a string representation (cellphone, 
smartphone, etc.) 
 
Parameters: 
num - The device code 
Returns: 
String representation of the device type 

 
BluetoothScanThread Class 

 
 
public BluetoothScanThread(BluetoothLocationServiceListener interf, 
                           java.lang.Object l, 
                           int foundDevicesLimit)  
 

The constructor for the BluetoothScanThread class. 
 
Parameters: 
interf - The BluetoothLocationServiceInterface interface implemented by the 
class which requested the Bluetooth Location Services 
l - The lock object used to wait until the Bluetooth scan completes 
 

 
public void run() 
 

The run method. This is called when the thread starts. The thread will scan for 
Bluetooth devices. 
 
Specified by: 
run in interface java.lang.Runnable 
Overrides: 
run in class java.lang.Thread 
 

 
 
public void deviceDiscovered(RemoteDevice btDevice,  
         DeviceClass cod) 
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Overridden method of the DiscoveryListener interface. 
public void servicesDiscovered(int transID, 
                               ServiceRecord[] servRecord) 
 

Called when services are discovered. An overridden method. Not used 
 

 
 
public void serviceSearchCompleted(int transID, 
                                   int respCode) 
 

Called when the service search is over. An overridden method. Not used 
 

 
 
public void getDeviceVector()  

 
Returns the Vector of found Bluetooth devices. 
 
Returns: 
The Vector of found Bluetooth devices 

 
Location Class 
 
public Location(String latitude, 
                String longitude, 
                double maxerror) 
 

The constructor of the location class. 
 
Parameters: 
latitude - The latitude of the location fix 
longitude - The longitude of the location fix 
maxerror - The maximum error of the location fix 
 

 
public void setLocationInfoAvailable()  

 
This method sets a flag of this class to determine if the data within it is valid. 
 
Parameters: 
b - True if the data is valid, false if the data is not valid (failed localization 
request) 

 
 
public void setBTLocRequestTimedOut()  

 
This method sets a flag of this class to determine if the BT localization request 
timed out. 
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Parameters: 
b - True if the data is valid, false if the data is not valid (request timed out) 
 

 
public boolean didBTLocRequestTimeOut()  

 
Returns a boolean determining if the BT localization request timed out. 
 
Returns: 
True if data is request timed out, false if it did not time out 

 
 
public boolean isLocationInfoAvailable()  

 
Returns a boolean determining if the data in this class is valid (the localization 
information is valid). 
 
Returns: 
True if the data is valid, false if it is not valid 

 
ServerConnectThread Class 
 
public ServerConnectThread(String message, 
                           BluetoothLocationServiceListener btInterf, 
                           String wc) 
 

The constructor of the ServerConnectThread class. 
 
Parameters: 
message - The message which should be sent to the server 
btInterf - The interface of the class responsible for Bluetooth Localization 
wc - The work code which determines what exactly needs to be done (location 
request or updating data on the server) 

 
 
public void receiveLocationPrediciton() throws java.io.IOException 

 
Receives the location prediction from the server and changes it to a Location 
object which is stored within the class. 
 
Throws: 
java.io.IOException - Thrown if error in receiving data occurs. 
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public void padString(String s)  

 
Pads the string for the part size to the maximum allowable amount. This is 
used when splitting the data into parts to send to the server. Padding is used on 
the last part of data. 
 
Parameters: 
s - The string to be padded 
Returns: 
The padded string 

 
 
public Location getPredictedLocation()  

 
Gets the location prediction which was retrieved from the server. 
 
Returns: 
The location prediction as a Location object 

 
 
public void run()  

 
The overridden run() method. The entire communication process is completed 
in this thread. 
 
Specified by: 
run in interface java.lang.Runnable 
Overrides: 
run in class java.lang.Thread 
 
Returns: 
The location prediction as a Location object 

 
 
public static Vector split(String _strMessage, 
                           String _delimiter)  

 
Since there is no split function implemented in the J2ME or RIM API, a 
custom implementation is used. 
 
Parameters: 
_strMessage - The string to split 
_delimiter - The delimiter to split with 

 
Returns: 
A vector of the split string components 
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