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ABSTRACT

A method to estimate the frequency offset between the internal oscillators of two or more
GPS RF front-ends is described and evaluated. The purpose of this is to allow a Non-Line-of-Sight
(NLOS) GPS receiver to acquire and track satellite signals with assistance data provided by a Line-
of-Sight (LOS) GPS receiver. This facilitates indoor positioning with GPS, which is used to
accurately position 802.11 WLAN access points that will be used in an integrated indoor
positioning system. The assistance data consists of the Doppler frequency and code phase of GPS
satellites that the LOS GPS receiver can clearly view. Knowing this information at the NLOS GPS
receiver significantly reduces the Doppler search space and code phase search space resulting in

faster signal acquisition.

To effectively use this assistance information, the NLOS GPS receiver oscillator must be
synchronized to that of the LOS GPS receiver to within 10 ns. This frequency synchronization is
accomplished by estimating the frequency offset between the two oscillators with a signal
transmitted between the two receivers via a WLAN channel. COCC (Carrier Only Cross
Correlation) and CCCC (Code + Carrier Cross Correlation) are two proposed technigues to
estimate this frequency offset to within £30 Hz. In COCC, a single carrier signal is sent by the
LOS receiver at 10.23 MHz and cross-correlated with a replica signal generated at the NLOS
receiver. This technique’s best performance (frequency estimation within £30 Hz) is achieved at
SNR > -4 dB in an AWGN channel and at SNR > 22 dB in a Rayleigh fading channel at a
separation distance of 25 m. The CCCC technique has a 1023 chip PRN code at 1.023 Mega
chips/sec modulated on the transmitted carrier signal and is cross-correlated with the replica code-

modulated signal generated at the NLOS receiver. The optimum code sampling frequency for



CCCC was found to be 10 MHz. It is shown that CCCC can estimate a frequency offset to within
+30 Hz at SNR > -14 dB in an AWGN channel and SNR > -10 dB in a Rayleigh fading channel at

a separation distance of 35 m.
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CHAPTER 1: INTRODUCTION AND THESIS ORGANIZATION

From the hand held sextant to GPS satellites orbiting 20,200 km above earth’s surface, the
field of navigation has taken a significant leap due to technological advancement. Among many
satellite systems used for the purpose of navigation, the most popular and widely used navigational
tool used in modern times is known as GPS or the Global Positioning System and is owned and
maintained by the government of the USA. In this large navigational sector, lies a segment with

immense potential and of great importance, known as indoor positioning systems or IPS.

It is also a well-established fact that even though GPS works very well outdoors, it doesn’t
work well in indoor environments [1] due to severe signal attenuation and multipath effects. A.
Angrisano et al. in [1], after performing a thorough performance analysis of the operation of GPS
in outdoor, indoor and dense urban areas, confirmed the poor performance of GPS (having an error
ranging from 10m to 30m) in indoor environments when compared to its performance outdoors.
Much work has been done in the field of IPS and although there exist several techniques for
positioning and location finding for indoor environments, they often suffer from performance

issues or high cost.

The use of W-LAN or WLAN for internet usage has largely replaced the use of physical
and bulky equipment and wires, and has become an invaluable part of our lives [2]. But this
technology also suffers from poor performance in accuracy and precision (in the range of 3m-10m
as confirmed by Zhan et al.) when used for positioning and location finding applications [2] [3].
This is because WLAN has been designed for the purpose of high speed communication, not

positioning. Solutions to this problem have also been developed by many researchers.



One solution is to integrate two or more systems to achieve higher accuracy and precision,
the consequence of which is increased device complexity and higher power consumption [4]. One
such promising solution that balances cost and high power consumption is to link the popular GPS
navigational tool with widely used WLAN for internet service to bring forth a better and more
sophisticated indoor positioning system. This is because GPS provides an accuracy of better than
3.5 meter [5] outdoors whereas WLAN can be used for indoor positioning without the need for
widespread deployment of infrastructure. Although this sounds very promising, surprisingly no

significant work has been done to date to integrate these two systems.

1.1 MOTIVATION

With the rapid increase in industries and factories throughout the world, it has become of
significant importance to keep track of personnel and critical components using wireless
technology. In this thesis and in conjunction with a company in Vancouver, called Rx Networks
Inc. that specializes in cloud based positioning, an efficient algorithm that facilitates the linking of
GPS with WLAN technology for indoor and real time location finding applications has been
developed.

Although WLAN has the required infrastructure, the system does not currently provide
accurate position estimates because its routers, otherwise called Access Points (AP), are not well
defined within a map or grid system. In order for the AP(s) to be dynamically located and hence
well defined in a map system, a GPS RF front-end or a GPS receiver can be attached to it via the
AP’s USB port. A GPS RF front-end is the part of the GPS receiver that is responsible for acquiring
the GPS signal and conditioning the signal for signal processing. But as stated earlier, GPS suffers
from attenuation indoors and, hence, the solution is to install an AP with a GPS RF front-end in a

place with clear view of the sky (near a window for example) in order to help other AP(s) attached

2



with GPS RF front-ends buried deep within the building (NLOS GPS receiver) to acquire the
appropriate GPS satellites. By providing assistance data to the NLOS GPS receiver, an accuracy
of 3 meter for the position estimate of the AP can be achieved. Also, assisting the NLOS GPS
receiver with baseband information helps in reducing the Doppler and code phase search spaces.
This drastically reduces the computational power requirement and saves time. But in order for
this assistance data to be used accurately, it is essential that all the GPS receivers in the network

be synchronized with each other to within 10 ns.

1.2 OBJECTIVE

The proposed way to do this is to send a sinusoid from the LOS GPS receiver modulated
with a GPS PRN code to the NLOS GPS receiver via the WLAN network. OFDM modulation (the
modulation scheme used in WLAN) will be used for this signal transmission. After demodulation
at the receiving end, the received signal will be correlated with the replica generated by the NLOS
GPS receiver. The correlation process will identify the frequency mismatch between the front-
ends as well as the chip sample delay between them, thus enabling the internal oscillators of the
front-ends to be tuned accordingly. The objective of this research is to develop an algorithm that
can do this task to an accuracy of 10 ns for a number of different wireless propagation channels.

This will have a significant impact as this method can be used in other types of positioning as well.

1.3 THESIS ORGANIZATION

In this thesis, all significant previous work in indoor positioning to date is outlined in Chapter 2.
Chapter 2 also includes the fundamentals of GPS and WLAN along with indoor channel models
and some important parameter that are required to understand the proposed solution. The proposed

idea along with its limitations and the proposed solution is discussed in Chapter 3. All the



experiments conducted are described, and their results discussed in Chapter 4. Finally, this thesis
is concluded with conclusions in Chapter 5 followed by experiment limitations and some ideas for

future work.



CHAPTER 2: PREVIOUS WORK ON INDOOR POSITIONING, INDOOR

CHANNEL MODELS AND SOME IMPORTANT PARAMETERS

This chapter discuss some of the methods developed for indoor positioning. Various
technologies that are used for indoor positioning include ultrasound, IR (Infra-Red), RFID (Radio
Frequency Identification), WLAN (Wireless Local Area Network/WLAN), UWB (Ultra Wide
Band), Bluetooth, sensor networks and vision and audio analysis [6] [3] [7]. Like most
technologies, each of these methods for IPS has its own advantages and disadvantages compared
to the others. Hence, in order to deliver a solution for indoor positioning that depends on the users’
need, engineers and researchers have had to come up with design parameter where the pivotal
factor was the performance of the system versus its complexity [8]. According to [8], it has been
shown that integrating two or more positioning methods with one another greatly improves the
accuracy of the positioning solution but is not cost effective. Therefore, a great deal of
investigation and research is required to come up with a solution that deliver accuracy and is cost-
effective. These investigations include system level performance analysis and identifying both the
strengths and system constraints of various methods in order to design the most effective IPS that

meets user requirements.

2.1 IPS (INDOOR POSITIONING SYSTEM): AN OVERVIEW

This section deals with the basic attributes of the methods and technologies used for IPS
with their proper evaluation criteria. A comparison and analysis is also conducted in this chapter

between different technologies for IPS in conjunction with client demands and their usage.

IPS is a system that uses sensors or a network of devices to compute a position estimate of

the point of interest. A wireless IPS would locate the point of interest or people inside an enclosed
5



space such as buildings, offices, hospitals, underground garage, etc. Based on the requirements of
the user, IPS can provide various types of positioning solution, the most common of which is
providing absolute position information with respect to a co-ordinate system or map of the

intended area of coverage [6].

2.2 DIFFERENT IPS TECHNOLOGIES, METHODS AND TECHNIQUES

Due to advancements in technology, the methods and techniques behind IPS also evolved,
but the rudimentary elements or the core technology behind IPS remain the same. An IPS uses
some very basic techniques such as trilateration, triangulation, vision analysis fingerprinting and
weighted centroid methods [9, 10] to estimate the position information of clients. Another more
complex method for IPS is using inertial navigation systems (INS). Even though INS systems
based on MEMS technology drastically reduced the size and cost of this system, using INS for IPS
is not practical because it has been reported that even with a high-grade IMU, the accuracy of the
system drifts by 1.5 km within 1 hour of device operation [11]. The errors obtained with an INS
based on low-quality MEMS technology will be even worse. Further details on the basic
positioning principles for various location finding and positioning techniques are given in the

following sub-sections.

2.2.1 Trilateration

This method is one the most basic forms of position/location finding and is the positioning
principle for many location finding and estimation technologies [12]. This is a process of
determining absolute or relative locations of points by measuring distances and then using the
geometry of circles, spheres or triangles [12]. The positioning solution for a 2-D system is obtained

in two stages. In the first stage, the distances between the point of interest and several known



reference points of known locations are measured using methods such as received signal strength
(RSS) or time of arrival (TOA). In the second stage, spheres of radius equal to the measured
distances are drawn centered at the reference points. The common point of intersection of the
spheres gives the positioning solution of the point of interest. In Figure 2.1, the point of interest is
the ‘red dot’ found at the common point of intersection of the three spheres (represented as circles)

centered on the satellites A, B and C. This method is used by GPS.

)
N

Figure 2.1. An Overview of Trilateration Technique.

In the TOA ranging method, the receiver can compute the propagation time of the signal
by differencing the time of transmission from the time of reception of the signal. By multiplying
the computed difference with the speed of light (3 x 108 m/s), the receiver can then calculate the

range between the transmitter and the receiver.

For trilateration in indoor environments, the aforementioned TOA method is the most
accurate as this method can resolve multipath effectively depending on the signal structure used.
However, for effective use of this method, the internal clock of all receivers need to be precisely

synchronized. This increases device complexity and cost and hence is difficult to implement.



In contrast to TOA, RSS is an easier method to implement and requires less complex
circuitry. The RSS technique can be used in a number of ways (proximity detection, fingerprinting,
etc.), but the ranging method using RSS is very straight forward and includes measuring the
received power and the transmit power and then computing the distance between the transmitter
and receiver using some propagation model. However, RSS may not give the same level of
accuracy as TOA because of changes in the propagation environment, details of which can be

foundin 4.2.1.

T,(X‘.Y‘.Z,) d2

B,4(0,0,0) B:(C.0.0)

Figure 2.2. Trilateration of Point T [13].

Consider Figure 2.2. Solving the mathematical model for trilateration, one can estimate the
position of the point of interest, T (shown in red) having co-ordinates, X;,Y; and Z;. First, the
equations of the three spheres with radii d,,d, and d; and having centre co-ordinates

B,, B, and Bs respectively are defined as

d? = X? + Y2 + Z¢. (1)
ds = (X, —c)+ Y2+ Z2.
d5 =Xy —a)+ (Y, — b) + Z2.

Solving the equations in (1), the co-ordinates of T, (X;, Y; and Z;) can be found as



d? —d3 + c?

> )

Xt=

v - d%—d§+(Xt—a)2+b (d? — d2 + c?)?
£t 2b 2 8bhc?2

Z, = /d% — X2 - Y2

2.2.2 Triangulation

Triangulation is a location finding and position estimation technique that measures the
angles from two or more fixed known reference points to the point of interest. The measured angle
is known as angle of arrival (AOA). In contrast to RSS and TOA methods, the method of AOA
can use a minimum of only two known fixed reference points to determine or estimate the location
or position of the point of interest [6, 12] in 2-D. However, in triangulation, the effect of an error
in the AOA significantly decreases the accuracy of the position estimate as the point of interest

moves further away from the fixed reference points [12].

2.2.3 Vision Analysis

Perhaps the most sophisticated technique for location finding and position estimation
involves vision analysis. Vision analysis uses a camera or a camera array to collect images of a
scene or an environment. It then analyzes the image to determine the position of the point of
interest with respect to other objects in the image having known location co-ordinates [3].
However, the slightest change in the environment, such as light levels, may affect the system’s
positioning accuracy. In addition, the locations of known points in the environment must obviously

be determined a-priori and stored in a database.



2.2.4 Fingerprinting Method

The term fingerprinting is a criminal investigation term. In positioning, it involves an
algorithm that first collects the features of a scene or an environment and then estimates the
position or location of the point of interest by matching the collected information (RSS value, for
example) at that point with a-priori data (previously measured RSS values at particular points in
that scene). However, the drawbacks of using this method for positioning are the necessity of
collecting the a-priori data, which can be labour intensive, the requirement of a large database to
store the a-priori information, and the possibility that this data becomes obsolete when the
environment changes. Hence, the complexity level of this technique is high making it expensive

to implement.

2.2.5 Weighted Centroid Localization (WCL) Method

In simple proximity detection, the user location is approximated as the position of a known
reference object or sensor (an AP for example). This method usually uses a dense network of
antennas or sensors having well-known positions. When the user is detected by more than one
antenna, the user is considered to be collocated with the antenna that receives the strongest signal.
However, depending on the density of the network, position errors can range from of 5 — 10 m
[14]. Therefore, this method in its simplest form is no longer used for indoor positioning that

requires accuracies better than 5 m.

A sophisticated extension to proximity detection is the weighted centroid localization
method. In WCL, a signal is sent by the user to be located, to a number of reference points of
known location. The position of the user is estimated by averaging the location coordinates of all

reference points that detect the user’s signal, where each reference point is weighted by the RSS
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of the signal received at that reference point. Hence, reference points that are near the user will
experience a higher RSS and, therefore, their coordinates will be more heavily weighted in the
averaging process. The RSS value, however, may not always directly correspond to the distance
between the user and the reference point. For example, although the user and reference point may
in fact be relatively close to each other, the RSS value may be very low due to signal attenuation

caused by major obstructions in the environment.

2.3 CATEGORIES OF INDOOR POSITIONING SYSTEMS

Indoor positioning systems can be categorized into two main types, one being network based
indoor positioning and the other being non-network based indoor positioning. A brief comparison

between these two is given in the following subsection.

2.3.1 Network Based vs Non-Network Based IPS

Depending on the type of system used by an IPS to obtain its positioning solution, it can
be categorized as either a network based approach or a non-network based approach. In a network
based system, an IPS uses an existing or a new network infrastructure to obtain its positioning

solution. An example is a system that uses WLAN for its operation.

In a non-network based system, the IPS uses its own network infrastructure that is designed
and fabricated by the designer according to the need of the user for accuracy and precision.

Examples of such systems are those using UWB, RFID tag system, etc.

2.4 EVALUATION CRITERIA FOR IPS

According to [3, 6], there exist several evaluation criteria that must be considered when

designing an IPS. In this section, some of those evaluation criteria are briefly discussed.
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24.1 Cost

The main cost of an IPS comes from the components used in its infrastructure, electronics
used per user to obtain the positioning solution and the total system installation and its maintenance
cost. As stated earlier, an existing system infrastructure such as WLAN would reduce cost in terms
of deployment but will suffer from inaccuracy and precision. This is because WLAN was
originally designed for high-speed communication, not positioning. Other costs should also be
taken into consideration such as the initial cost of the device that would be used by a user, its
maintenance, lifetime and durability. Complicated electronics on the user’s receiver that does
position computations increase the cost. Hence, the cloud-based system used by Rx Networks Inc.
[15] is a cost effective solution to positioning as the positioning solution is computed by their cloud
server and fed to the user (as they are connected within the same network). This enables the user’s

receiver to be simple and less complicated, reducing cost.

2.4.2 User Preference

User preference is one of the most vital aspects when designing a good IPS system. This
evaluation criteria ensures that the device is compact (small) and lightweight for the comfort of
the user. The user device must also be wireless so that it is easily moved and has low power
consumption. However, it should also have powerful computational capability to deliver accurate

and precise real time positioning solutions.

2.4.3 System Performance

‘Accuracy’ and ‘precision’ are the two main parameter that determine the performance of
any IPS. These evaluation criteria determine whether an IPS is appropriate for user requirements
in real life scenarios and whether it can deliver according to expectations. Accuracy relates to how
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close the estimated result is to the true position of the intended object and can be quantified with
averaging the distance error. Precision relates to the difference between multiple estimates of the
same point and can be quantified with standard deviation. The time an IPS takes to compute the
position solution is called ‘delay’ and also plays an important role in system performance. The
total number of objects that an IPS can locate with its infrastructure is another parameter that

should be looked at when evaluating the system’s performance.

2.4.4 Privacy and Security

Every indoor positioning system (except INS) uses some kind of network that is either
personal or commercial to send and receive (For example — GSM, WLAN) location information.
Hence, security and privacy is of paramount importance when evaluating any IPS. A good IPS will
protect the confidentiality of the users’ information (including position) by securely transmitting

all sensitive information.

2.5 EXISTING INDOOR POSITIONING SYSTEMS

To date, several indoor positioning systems have been proposed or developed. In this section,
some of the most common IPS are introduced along with their advantages and disadvantages. Later

in this chapter, the performance of each system is discussed and compared to that of other systems.

2.5.1 Ultra-sound Positioning System

The concept of navigating using ultra sound came from studying how dolphins and whales
navigate underwater. Ultra-sound is based on echo-location, where the positioning principle is
ranging using the TOA method. It was then used by boats to navigate in water which later inspired
researchers to come up with a solution of using this technology for navigating in indoor

environments. Some positioning examples using ultra-sound are detailed in [16]. Ultra-sound
13



technology is an inexpensive method for navigation but suffers from serious accuracy issues (often

several meters) [16] because of multiple reflections at the receiver.

2.5.2 Infrared (IR) Positioning System

This positioning technology uses proximity detection with IR signals to compute the
position estimate of the point of interest. An IR positioning system is a non-network based
technology and is expensive to implement. This positioning system requires line of sight
communication between the transmitter and receiver, making this system limited to within a room.
Also, to obtain the absolute position estimation of an object or point of interest, interference from
strong light sources such sunlight must be avoided [17]. In IR positioning, the object that is being
tracked includes a proprietary emitter that periodically transmits a unique IR beacon. Specialized
IR receivers (placed at known locations) throughout the positioning environment detect the beacon
and determine the approximate location of the object because of the known locations of the IR
receivers. Hence, complex algorithms such as noise cancelling and optical filtering are required
during signal processing to cancel out the interference effect from sunlight as well as bright

florescent light sources [17]. This increases cost and complexity and is considered a disadvantage.

2.5.3 Indoor Positioning Using Radio Frequency (RF)

As the name suggests, this IPS method is based on radio waves in the frequency range from
125 kHz to 5 GHz. Like all electromagnetic waves, radio waves can travel through objects such as
walls as well as humans with minimal distortion at close range. This is an obvious advantage for
use in indoor positioning systems. Another vital advantage of using a RF based IPS is that it can

utilize existing infrastructure that is based on RF technology (such as WLAN). Discussed below
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are IPS systems that utilize RF technology for positioning in indoor environments. A detailed

report on all RF based positioning solutions can be found in [6].

2.5.3.1 RFID (Radio Frequency Identification)

RFID, or radio frequency identification, is widely used. Because of the system’s accuracy
and convenience, it is used for several applications such as theft protection of automobiles and
merchandise, managing traffic, collecting bridge tolls without stopping the vehicle, vehicle
parking, etc. [6]. RFID is commonly used in complex indoor environments. RFID systems work
by using small tags worn by the object or person of interest. Each tag is unique [14], enabling the

system to uniquely identify the object or person of interest within the tracking system.

RFID uses proximity detection as its positioning principle. Several RFID scanners are
installed at known locations throughout the positioning environment and scan the RFID tags
attached to the objects or persons of interest. Each tag has a unique electronic code. A centralized
station stores the codes for each tag as soon as they are scanned. Because the centralized station
knows the location of the scanners placed throughout the facility (pre-stored), it can display the
location of each tag in a grid system as the location of the nearest scanner. For example, when a
person wearing an RFID tag enters a room, the positioning system indicates the existence of the
person as soon as the RFID tag is detected. In this scenario, having one RFID scanner per room

would limit the accuracy of the system to the size of the room.

Although RFID is advantageous from the user’s perspective, the technology is dependent
on the positioning of the RFID scanners (a greater number of scanners would improve accuracy
but would increase cost of deployment) and requires various components to be installed in its

infrastructure before deployment. The system requires constant maintenance [14]. Also, when it
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comes to applications requiring high levels of accuracy and precision, RFID is not an appropriate
solution as it delivers positioning solutions with a typical error of 5 — 10 m [14]. No frequency or

time synchronization is required by this method.
2.5.3.2 Ultra-Wideband (UWB)

In an IPS using UWB technology, both the aforementioned AOA and TOA methods may
be used for determining a position estimate. Among the many performance criteria of an IPS, one
is how well the IPS can mitigate multipath effects. UWB technology can resolve multipath by
using extremely large bandwidth signals or, in other words, using extremely short pulse-widths
(period less than 1 ns), to filter reflected signals from the original. An UWB based IPS is able to
have accuracies on the centimeter level because of its extremely short pulse width. One particular
UWB system offers a coverage area of about 400 m? with a level of accuracy of about 15 cm in 3-
D space [6, 18]. In comparison to other IPS systems, UWB offers many advantages such as
superior multi-path mitigation, almost no interference with other signals and high levels of
penetration [6, 18]. Although an UWB based IPS system has many advantages, the technology
requires highly precise clock synchronization making the receiver design very complex, costly and
impractical to implement in real life scenarios when compared to other systems such as Rx

Network’s cloud based positioning system using GPS and WLAN.
2.5.3.3 Bluetooth

Bluetooth technology is also known as the IEEE 802.15.1 standard and is based on RF
technology. This positioning technology is focused on trilateration using RSS values for distance
computations. A network of Bluetooth devices can be constructed for the purpose of indoor

positioning. The advantage of using Bluetooth technology in an IPS is that the system is cost
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effective as no new infrastructure for information transportation is required. In addition, the system
can use devices that already have Bluetooth integrated in them. However, the drawback of using
this system is that an accuracy of 4 — 10 m is achievable only after a minimum delay of 20 seconds.
Another disadvantage of the system is that the operational range is only a few meters and the data

rate is low [19].

2.5.3.4 Wireless Local Area Networking, WLAN

An IPS based on WLAN technology can incorporate either proximity detection (not so
common today due its large variance in position estimation), fingerprinting or the weighted
centroid method using RSS values. WLAN, most commonly known as Wi-Fi is used almost
everywhere in the world and hence, an IPS based on this technology is cost effective as no new
infrastructure need be installed for its operation. For the scope of this thesis, more details on how
WLAN is used for position estimation using fingerprinting and the weighted centroid method are
given in section 2.7.1. Since these methods are based on RSS, there is no requirement to have a

frequency or time synchronized routers or AP(S).

2.5.4 Sensor Networks

This sort of IPS technology uses sensor networks laid out in predefined known locations
within an indoor environment. These sensors are devices that are sensitive to light, temperature,
pressure, sound, etc. and generate proportional data when there is a slight change in the physical
or environmental properties into which they are placed. The point of interest can be located using
measurements taken from these sensors. Hence, the positioning principle of this technology is
either fingerprinting or trilateration based on the data obtained by the sensors. Although an IPS

using sensors appears promising due to emerging sensor network technology, there is a limitation
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in processing capability and battery power because of the miniature structure of these sensors and
their low price. Hence, when compared to other IPS, this system has poor location estimation

accuracy [6].

2.5.5 Vision/Image Based Positioning System

Vision-based positioning systems use fingerprinting for positioning. Images or scenes of a
particular environment are stored in a database as a-priori data to be later used for positioning by
matching an image/scene captured during the positioning process, to those stored in the database.
The advantage of this technology is that no device need be carried by the user of the system. The
same, inexpensive cameras used to take the multiple images of the scene/environment that are
stored in a database may be used to take the range of the user which is then compared to the images
stored in the database. However, this method is not good when the privacy of people is a matter of
consideration. Moreover, this system is also not reliable in a dynamically changing environment
since images taken in the process of positioning may no longer resemble those saved in the
database. Also, when multiple target objects or people of interest move in the same environment,
it becomes a challenge for the IPS system to do position estimation since an extensive amount of

computation capability is required. Details on vision-based systems can be found in [20].

2.5.6 Positioning System Using Sound

The concept of an audible sound 3-D positioning system called ‘Beep’ is discussed in [21].
In ‘Beep’, trilateration based on TOA measured by sensors are used. It has been reported in [21]
that during an experiment in an environment of dimensions 20 m X 9 m x 3 m, an accuracy of
around 0.4 m was achieved 90% of the time. The advantage of using such a system is the re-

usability of existing wireless devices that emit audible sounds, such as mobile phones, PDA(S),
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etc. to compute position estimates. Conversely, systems such as these also suffer from external
interference such as noise when deployed in indoor public places like shopping malls. Also, since
transmitting sound for positioning computation is a continuous process, it can be an irritant to

people in closed indoor environments.

2.6 GPSFOR INDOOR POSITIONING SYSTEM

In this section, the positioning estimation technique for GPS will be very briefly discussed.
Recent advancements in using GPS for IPS shall also be discussed together with possible solutions

to mitigate the common problems of using GPS in indoor environments.

2.6.1 GPS System Structure

The entire GPS system consists of three segments, which are:

1) Space Segment: Consists of 32 uniquely identifiable satellites in 6 orbital planes,
orbiting 20,200 km above the earth’s surface (medium earth orbit) with a spare
satellite in each orbit.

i) Control Segment: Among the many components within this segment, the most vital
component is the Master Control Unit or MCU. This unit operates the entire system
and provides command and control functions. Some other important tasks of the
MCU are maintaining GPS time, the satellite orbits and their ephemerides, and
updating the navigational message which includes satellite health.

iii) User Segment: This segment consists of the GPS receivers whose positions are

being estimated.
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2.6.2 GPS Position Estimation Technique

This section details very briefly the basic position estimation technique of the GPS system.

This positioning estimation technique is used for both outdoor and indoor environments.

2.6.2.1 GPS Signal Structure

GPS uses spread-spectrum signalling and the technique of trilateration to derive its position
estimates. The technology of GPS works on the basic principle of radio wave propagation at the
speed of light, c = 3 x 108 m/s. Each satellite has its own unique PRN (Pseudo Random Number)
code consisting of 1023 chips in one code period. This helps a GPS receiver identify the specific
satellite it is observing. The navigational message is encoded onto these PRN codes at 50 bits/sec.
The resulting GPS signal bandwidth is about 2 MHz. The signal is then transmitted by the satellites
being BPSK modulated on to the L1 carrier frequency of 1575.42 MHz (C/A code at 1.023 Mega
chips/sec for civilian use and P code at 10.23 Mega chips/sec for military use) and the L2 frequency

of 1227.60 MHz (P code for military use).
2.6.2.2 The Receiver

A GPS receiver has a set of all 32 satellite codes in its memory and identifies which satellite
it is observing by cross-correlating the 32 different satellite codes with the received signal. This is
known as code phase acquisition. Once the correct satellites are identified, demodulation of the
signal takes place and the navigation message is retrieved to acquire the satellite ephemerides
followed by the computation of the positioning solution. The range measurement is based on the
TOA method where the positioning principle is trilateration. The pseudo-range between the

receiver and a particular satellite is given by
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P =T +c(8tg — 8tg) + I, + Ty, + & . (3)

Here, py is the pseudo-range, 7y, is the true geometric range for the k" satellite to the user,

dtg and Stg are the receiver and satellite clock biases respectively, c is the speed of light, I;, and
T, are the ionosphere and troposphere delays respectively and g, is multipath, noise and other

random measurement errors.
2.6.2.3 Mathematics for Code to Distance Conversion of GPS Signals

Position estimates of the point of interest using GPS signals can be found either with the
code phase measurement (C/A code or P-code) using a DLL (delay locked loop), with the carrier
phase measurement using a PLL (phase locked loop) or by using both (requires an advanced GPS

receiver).

Code Phase Measurement using C/A Code

The chip width of a single chip in the C/A code is given by

8
C/A code (civil use): A = = = X190 ~ 300 m. (4)
f 1.023 Mega chips/sec

i.e. - each chip in the 1023 chip code corresponds to 300 m in distance.

The period of a single chip in the C/A code is

1

Period of a single chip = = 977.5 ns. (5)

1.023 Mega chips/sec

Now, in order to acquire a positioning accuracy of 3 m (as per the requirement of Rx
Networks Inc., the received C/A code and the receiver generated replica code must be aligned with
each other to a maximum allowable difference of 10 ns. This is because if the samples of the
received C/A code and the replica code are misaligned by 10 ns, it would correspond to 3 m in

positioning inaccuracy. This relation can be shown by
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300m _ 3 9.775 10 (6)
100 = m . ns ns.

Here, one chip, which is equivalent to 300 m is divided into 100 samples, making each
sample of the chip equivalent to 3 m. This means that the equivalent period of one chip is also

divided 100 times, making the period of each sample to be approximately 10 ns.

Code Phase Measurement using P Code

The chip width of a single chip in the P code is given by

- L9 € _ _3x10%
P code (military use): 1 = 7= Tozsmiz 30 m. (7)

i.e. — Each chip width in 10 chips corresponds to 30 m in length. Hence, using the P code for

position estimation would result in higher accuracy than using the C/A code.

Carrier Phase Measurement using L1 Frequency

In the carrier phase measurement, the difference in the phase between the receiver
generated replica carrier signal and the carrier received from the satellite at the instant of the
measurement is one component of the range estimate [12]. The second is the exact number of
whole cycles of the carrier (wavenumber) between the satellite and the receiver and is known as
the integer ambiguity. The carrier phase method is more prone to errors as the integer ambiguity
can be difficult to identify (as every cycle looks identical). Signal continuity is required for
efficient position estimation using this method as a loss in signal continuity would cause the

estimation process to start from the beginning.

When measuring the distance using the L1 carrier frequency, the wavelength of the carrier, 1 is

8
Using L1 Carrie: 1= <= =2 _19¢m. (8)
f 1575.42 MHz
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Using L2 Carrier: A = /; - _3*1°  o5em. (9)

1227.60 MHz
Assuming there are no clock bias and measurement errors, the carrier phase measurement in units

of cycles can be written as

¢ = pu(t) —p°(t—T) + N, (10)
where, ¢, (t) is the phase of the receiver generated replica signal, ¢°(t — 7) is the phase of the
signal received from the satellite at time t, 7 is the propagation delay and N is the integer ambiguity.

Simplifying equation (10) and writing the phase as the product of frequency and time gives

) =ft+N (11)

_ r(tt-1)

n + N.

Here, f and A are the carrier frequency and wavelength and r(t,t — t) is the geometric
range between the satellite and the user position at time t. Including the clock bias and other

measurement errors, equation (11) can be re-written as
c
¢ =2A"r+ 1+ Ty] +Z(6tu—6t5)+N+s¢,. (12)

2.6.3 Problems Associated with IPS using GPS Technology

As stated earlier, the performance of GPS in indoor environments is very poor due to the
signal attenuation of the satellite signals. According to Hui et al. in [3], GPS signals are severely
attenuated due to blockage and reflections from walls, roofs, etc. As a result, the signal received
by the receiver becomes too weak to detect. In addition, when multiple copies of the signal reach
the receiver due to reflections, the signals add either constructively or destructively due to phase
differences and this can also cause further attenuation of the signals. This results in the receiver

taking a longer time to identify the satellites in view. For weak signals, the integration time for
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satellite acquisition needs to be extended to improve the signal-to-noise-ratio (SNR). This
inevitably increases the satellite acquisition time with the square of the integration period [22]. In
addition, if the integration time is extended beyond 20 ms (the bit length of the 50 bps navigation
message), important information required by the receiver to successfully acquire satellite signals
will be lost. Without this a-priori data (the satellite ephemerides included in the GPS almanac in
the navigation message) and a coarse estimate of its own position, the receiver needs to search for
all possible satellites, at all possible Doppler frequencies (up to £5 kHz) and at all code phases.

This can be a time intensive process.

The search space can be considered two-dimensional, as shown in Figure 2.3, with the

dimensions of Doppler frequency and code phase.

1 search bin
5 K‘Hz /
-
@ | . | ...
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1023 chips at % spacing

Figure 2.3. 2-D Satellite Acquisition Search Space.

The search space is divided into bins. Two samples per code chip are used while searching
for the correct bin in the code phase dimension. Hence, there are 2046 (1023 x 2) samples, and

because there are two channels (I and Q), the total number of samples is 4092. Therefore, the
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number of bins in the code phase dimension is equal to 4092. The frequency width (f.) of a bin in

the Doppler frequency dimension is given by

== (13)
where, N is the integration time period. The total number of bins in the search space can then be

found from

(14)

Total bins = 4092 X (w)

fe

For example, when searching for a single satellite, without a-priori data, and using a 10 ms
integration time, the total search space would consist of 6,13,800 bins. Searching this number of

bins for each satellite results in very long acquistion times and a very large time to first fix (TTFF).

The GPS satellites have very accurate and expensive atomic clocks on board, which are
highly synchronized with each other and controlled by the GPS control segment. However, hand
held GPS receivers for civilian use do not contain high precision clocks and these tend to drift in
time. This time drift leads to large discrepancies in the estimated position solution as the codes in
the code phase do not line up correctly. As shown earlier in equation (6), even a mismatch of 1/100
of a chip width in the code phase would lead to position error of 3 m, for which clock

synchronization in the order of 10 ns is critical for efficient GPS operation.
2.6.4 Current Techniques to Mitigate the Problems of GPS for IPS

Extensive research has been done by the GPS community to mitigate the problems
experienced by GPS in indoor environments. The most promising solution to the indoor GPS

problem is A-GPS or Assisted GPS technology.
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A-GPS was developed to enable mobile phone users to obtain their location when a clear
view of GPS satellites is not available. Recently, however, this technology has been further
enhanced to support users in indoor environments. The basic architecture of the system consists of
a GPS reference receiver (typically placed on the roof of buildings) and a server. The GPS
reference receiver has a clear view of the sky and hence a clear view of the potential satellites
within view. The user’s GPS receiver is connected to the same server (via a network for example)
as the GPS reference receiver. The GPS reference receiver provides, to the server, the satellite
orbit parameter, ionosphereic corrections, an accurate estimate of the local time, satellite clock
corrections, an initial position estimate, information of the visible satellites in the vicinity, Doppler
frequencies and any relative code delay offsets. The server then communicates this information to
any users in the area for use by their GPS receivers that may not have a clear view of the sky.
Having this a-priori information about the Doppler frequencies and the relative code delay offsets
substantially reduces the search space in the user’s GPS receiver which consequently decreases
the satellite acquisition time. Thus, the advantages of an A-GPS system include very fast TTFF

and a very precise and accurate position estimate (5 — 50 m) [23, 24, 25].
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Figure 2.4. An Overview of A-GPS System Structure.

In Figure 2.4, the mobile user receives GPS assistance information from mobile base
stations (BS) (GSM network) which in turn receive GPS information from an A-GPS server. It is
obvious that the user must be close enough to the A-GPS server such that it views the same set of
satellites as the server. Here, the A-GPS server sees the GPS satellites, generates the assistance

data and then transmits the data to the user through the BS.

One disadvantage of A-GPS is the privacy of the user. Since the user’s location information
is being passed to the user using a network, the network operator has the full ability to view
sensitive user information and hence cause a breach in privacy. In addition, for A-GPS, the user

needs to be within 150 km of the GPS reference receiver for accuracy [22].

Although A-GPS technology is a possible choice for IPS, it is costly because an A-GPS
server needs to be deployed and placed strategically so as to always have a clear view of the sky.

Also, in indoor environments, a user may be buried deep within a building where even a partial
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view of the satellite may not be available, resulting in no position solution at all, or inaccuracies

in any position estimate obtained.

2.7 WLAN FOR INDOOR POSITIONING TECHNIQUE

In this section, the use of WLAN for indoor positioning technique is discussed. This section

also details the advantages and disadvantages of using WLAN as an IPS solution.

2.7.1 Position Estimation using WLAN

The basic principles used by WLAN for IPS are simple proximity detection, location
fingerprinting and the weighted centroid localization method (WCL) [26]. The approximate
location of the user using simple proximity detection is the location of the AP from which the user
receives the strongest signal. This can result in an inaccurate position estimate having large
variance from the actual user position. Hence, proximity detection has been recently discarded
[26]. Therefore, the two most common techniques used by WLAN positioning are the
fingerprinting method using empirical data to estimate the approximate location of the target object
and the weighted centroid localization method (WCL). The fingerprinting method and the WCL

methods are concisely detailed below.

In fingerprinting, a local radio map of all the AP(s) is constructed manually by measuring
the RSS of each AP(s) at known locations, otherwise called— calibration points. Each calibration
point is given a unique ID. This phase is known as the offline phase or calibration phase and the
RSS values in dBm are measured using a mobile device. In the online or the positioning phase, the
location of the user is approximated by comparing the measured RSS values obtained by the user’s

mobile device at an unknown location with that of the stored radio map [26]. A position estimation
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algorithm is used to compute and plot the user’s location on the map. In this method, the modeling

of complex radio signal propagation can be avoided.

The WCL method is similar to proximity detection with the exception that the locations of
more than one AP are used to estimate the user’s position. In this method, a weight is given to the
co-ordinates of each AP based on the merit of how strong their RSS value is for a user at a
particular point in comparison to other AP(s) within the vicinity. Hence, in this technique a subset
of AP(s) with the strongest RSS values, are selected and weighted. A position estimate of the user
is then found by averaging the weighted co-ordinates of the AP(s) in that selected subset. However,
for the weighted centroid localization method to work, accurate a-priori knowledge of the location

of the AP(s) is required.

In the first phase of the process to estimate user position, all APs send a beacon signal B;
with their position (x; , ;) to all the APs in the network. In the second phase, the user calculates
an approximation (%; , y;) of their own position, using the known positions of all APs (xj ,yj) [27].

The centroid localization equation is given by

G630 = =37 (3, ), (15)
where, ‘n’ is the total number of APs in the network. In the centroid method described by equation
(15), all APs have the same weight, 1. However, in WCL, the generalized version of equation (15),
variable weights w; ; are given to each AP within the vicinity based on the RSS of each AP’s

beacon as measured by the user. A larger RSS implies a shorter distance between the user and the

AP, which in turn implies a larger weight should be used for that particular AP. Therefore, the

WCL equation computes the user’s position (xl , yl) as
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(16)

(xi,y:) = .

where w; ; is the weight of the j™ AP for the purpose of estimating the position of the i

user.
2.7.2 Advantages and Disadvantages of a WLAN based IPS

The Fingerprinting Method:

An advantage of this method is that the radio map is stored in a database and can be
accessed in offline mode. No line of sight requirement is necessary and the accuracy of the system
is approximately 4 — 10 m [26]. This is deemed to be very good when balanced against cost and
robustness. Another major advantage of this system is that it is very cost effective as no new
hardware is required to be deployed in to the network and no frequency or time synchronization

between the access points are required.

However, the main disadvantage of a WLAN based IPS using fingerprinting for positioning
is its non-dynamic nature. Since the radio map of the WLAN AP is constructed using pre-measured
RSS values at different points, any change in the signal propagation environment would heavily
affect the RSS values used in its creation [26]. So, if the map is not updated periodically with

current RSS values, inaccuracy in the position estimate obtained using this method will increase.
WCL Method:

The main advantage of WCL over fingerprinting is its non-requirement of a large database
to store an offline map along with the RSS values at pre-determined positions. This reduces the
cost even more as the position estimates are now determined by weighting the co-ordinates of each

AP according to how close the user is to that particular AP.
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One of the factors that affects the accuracy of WCL is the mapping of RSS to a weight. In
a very cluttered environment (particularly when there is no LOS path between an AP and the user)
the RSS may not accurately reflect the distance between the user and the AP. For example, consider
an AP that is very close to the user, but the LOS path between the two is blocked. The RSS will
be low, resulting in a small weight for this AP when in fact it is quite close to the user and should
have a large weight. Hence, APs need to be deployed very strategically. Another factor affecting
the performance of the WCL method is the number of APs used in the averaging calculation as
well as their deployment density within the positioning environment. The most commonly used

RSS to distance conversion equation is given by

RSS = —(10qlog,od + a), 17)
where, a refers to the RSS at 1 m distance to a certain AP, q is the indoor signal attenuation
exponent (typically ranging from 2 to 4 for indoor environments) and d is the distance between

the object and the AP.

The accuracy of the position estimate of the user is also dependent on how accurate the
positions of the APs are known with respect to their true co-ordinates. AP positions must be
determined manually by visiting each AP, measuring its location via some technique, and
recording its co-ordinates in a database. However, in a dynamic environment where a new AP
needs to be installed or moved, the process is repeated over and over again which can be
cumbersome and would not be cost effective. Hence, automatically determining the true co-
ordinates of APs in this is advantageous, as manually entering the location co-ordinates of new
APs or APs that are moved would be tedious and costly in large indoor (like a warehouse)

applications.
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2.7.3 Recent Advancements in IPS using WLAN Method

In recent years, there have been significant advancements in WLAN based IPS. In this
section, some of the latest research on WLAN based IPS, mainly focusing on fingerprinting and

the WCL method, is presented.

In [28], a method known as distance-based trilateration is discussed. In this method, the
co-ordinates of three known APs detected by the user’s device, are used to estimate the user’s
position. The distance computation between the user and an AP is done by knowing the signal

path-loss, PL expressed by

PL = PLy,, + 10log,,(dY) + s, (18)
where, PL4,, is the signal pathloss over a 1 m distance, y is the environment path-loss exponent
determined empirically, d is the distance between the receiver and the AP and s is the standard
deviation of the signal strength variability. PL can be found by subtracting the RSS from the
transmitted signal strength. Then, by using equation (18), the distance d in meter can be computed
which is the radius of a sphere centred on the AP on which the user is proposed to be located.
Solving equation (18) for radius d for the three APs nearest to the user, results in three spheres
centred on the APs. Using the trilateration equations (1 and 2), the location of the user can be

estimated by solving for the intersection point of the three spheres.

According to Solomon et al, it has been reported in [28] that for fingerprint position
estimation with WLAN signals, an improvement is required to correctly match the RSS with the
fingerprint database. Suggestions in [28] to enhance the performance of the system include using

certain database algorithms for correlation such as K-nearest-neighbor (KNN).
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In the KNN method, a fixed number of k neighbors are used to calculate the position of
the AP. The nearest k neighbors are found by the smallest signal space distance (SSD) from the
user to the AP. Here, SSD is the signal distance converted from the RSS value according to

equation (17). The weighting factor, w,, for each k neighbor is found by

Sk

Kmax 19
S (19)

Wy =

1

— W_k — 1 5 — vKmax
= ZKmax T _S ZKmax 1 and d= 2k=1 Wkdk'
j=1 w; klij=q

Sj

Here, wy, is the weighting factor of neighbor k, s, is the SSD of neighbor k, d is the KNN
estimated distance and dj, is the power spectral density (PSD) of neighbor k. Hence, only the
nearest k APs in the fingerprinting database are used to deduce the location co-ordinate of the user.
In this method, an increase in the k members would increase the accuracy in the estimated position

but the main drawback is the increased complexity to deduce the k members for each sample.
2.8 SUMMARY OF IPS

Table 1 summarizes the various IPS methods discussed in terms of positioning principle,
approximate indoor accuracy that can be achieved, requirement of LOS, multipath effect and the
cost of deployment. Table 2 compares different IPS systems, the accuracy that can be achieved
indoors, coverage area of the systems along with the power requirement and the cost of

deployment.
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Table 2.1. Comparison Between Different IPS Methods [29].

Accuracy Multipath
Method Type (Indoor) LOS/NLOS Effect Cost
Time Difference of

ToA/TDoA High LOS Yes High

Arrival

Directional
Angle of Arrival Medium LOS Yes High
(A0A)
Fingerprinting RSS High Both Yes Medium
Dead Reckoning Acceleration or

Low NLOS Yes Low

(INS) Velocity

Table 2.2. A Comparison Between Popular Positioning Systems Used for IPS [29].

Power
System | Accuracy Technique Coverage Cost
Req.
GPS 10-20m ToA Poor Indoor Medium High
ToA, TDoA, RSS, Excellent (Building
WLAN 2-5m High Low
Fingerprinting, WCL Level)
Infra-Red | 1-2m Proximity, ToOA Good Low Medium
Ultrasound | 3cm-1m ToA, AoA Only Indoor Low High
ToA, TDoA, RSS,
Bluetooth | 2-5m Only Indoor Low High
Fingerprinting
RFID 1-2m Proximity, ToA, TDoA, RSS Only Indoor Low Low
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From the above two tables, it can be deduced that WLAN fulfills the requirement of having
an excellent coverage area in indoor environments. But, as stated in section 2.7.2, the problems
associated with using WLAN as an IPS are the requirements of having a costly and labour intense
database (fingerprinting), or automatically finding the location of APs in a dynamic environment
for position estimation using WCL. Since Rx Networks Inc. does indoor positioning with WLAN
using the WCL method, the idea proposed to overcome the problem of automatically locating APs

is to locate those APs with GPS by integrating a GPS RF front end into every AP.

2.9 CHANNEL MODELS AND IMPORTANT PARAMETERS

The wireless radio channel imposes many challenges that need to be dealt with to ensure
reliable high-speed communication. These channels are not only susceptible to noise, but are also
susceptible to interference and other phenomena that change over time in unpredictable ways due

to user movements and dynamic environments [30].

In this section, the different channel models that will be used in the simulations to follow,
are discussed. The chapter gives an overview of all the channel models that may apply for an
indoor positioning application. For comparison, the models discussed in this chapter are applicable
to frequencies ranging from 2 GHz to 30 GHz. Here, all the transmitted and received signals are
considered to be real signals because the modulators are built using oscillators that generate real
sinusoids, although the channels are modeled using complex frequency response for analytical
simplicity. As the channel introduces an amplitude and phase change of the signal, the modulated
and the demodulated signals are represented as the real part of the complex expression, where the

complex part is the phase change associated with each frequency.
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2.9.1 Free-Space Path-loss Model (FSPL)

According to the definition given in [30], free-space path loss in telecommunications is
defined as the loss in signal strength of an electromagnetic wave having a line of sight path with
the receiver after propagating through air, with no nearby obstacles to cause any reflection or
diffraction. This channel model does not take into account any power loss due to hardware
imperfections or the effects of transmitter or receiver antenna gains. FSPL is proportional to the
square of the distance between the transmitter and the receiver as well as the square of the

frequency of the radio signal [30]. The FSPL is given by

FPSL = 10l0gy ((22)).

(20)
and replacing A = ]% equation (20) can be re-written as
2
FSPL (frequency) (dB) = 10l0gso ((@) ) 21)
The ratio of received power (B.) to transmit power (P,) is
22
- M]z (22)
Pt - 4mtd ’

In the equations from (20 to 22), d is the separation distance between the transmitter and

the receiver, A is the wavelength of the transmit frequency and c is the speed of light.

In equation (22), assuming that the product of transmit and the received antenna gain is 1
(omnidirectional antenna), then VG, = 1. Thus, rearranging equation (22), the transmit power is

given by

2
P,= P % . (23)
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Equations (20 - 23) are of particular importance because they help a designer to adjust the
transmit power of a signal to maintain the required power at the receiver based on the free-space-

path-loss model.

2.9.2 Empirical Path-loss Channel Model

Often, indoor wireless communication systems are subjected to complex propagation
environments which cannot be modeled as FSPL and, therefore, a number of targeted path-loss
models have been developed over the decades to accurately predict the path loss of wireless signals
inside buildings [30]. These models are based on empirical data measured over a given a distance
in a particular frequency range for particular environments. However, since these models are used
in general indoor environments, and as the application of these models is not restricted to the area
or environment where the measurements on which they are based were taken, their accuracy

becomes an issue.

Nevertheless, these models are widely used in wireless systems for general performance
analysis [30]. Among many such empirical path-loss models, the two models most relevant to the

context of this thesis are the simplified path-loss model without and with shadow fading.

2.9.2.1 Simplified Path-Loss Model

According to A. Goldsmith in [30], the complexity of wireless signal propagation makes
it very difficult to obtain any single model that accurately characterizes path loss across a range of
different signal propagation environments. Hence, it is recommended to use a simple model that
can capture the characteristics of signal propagation without resorting to complicated path-loss
models. The simplified path-loss model that is used the most in indoor environments for wireless

communications is given by
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P. = PK [@]Y . (24)

This model is a function of distance and has a variable y which is an empirical value

known as the path-loss exponent (given in Table 2.3). K is a unitless constant that is dependent on
the antenna characteristics and the average channel attenuation and is given by equation (26). The
parameter d, is the reference distance for the antenna far field. Equation (24) can be written in

terms of dB as

d
B. (dBm) = P, (dBm) + K(dBm) — 10ylog,, [d_]' (25)
o
where, K is found by

K (dB) = 20logy, (ﬁ) . (26)

Table 2.3 below gives typical empirically obtained values of the path-loss exponent y [30].

Table 2.3. Typical Path-Loss Exponents [30].

Environment Y Range

Office Building (same floor) 1.6-3.5

Office Building (multiple floors) 2-6

Retail Store 1.8-2.2
Factory 1.6-3.3
Home 3

2.9.2.2 Simplified Path-loss Model with Shadow Fading

It is typical for the received strength of a wireless signal to undergo random variations due
to blockage by objects in its path. These signal strength variations, called fading, are mainly caused

38



by reflecting surfaces and scattering objects in the nearby environment. Hence, a channel model
that accounts for this fading in the received signal strength is required. The most common model
for this additional attenuation is known as log-normal shadowing and has been confirmed
empirically to accurately model the variations in the received signal power for indoor signal

propagation environments [30].

In log-normal shadowing, the ratio of the transmit to received power is given by

v= g (27)
where, s is assumed to be random with log-normal distribution, which when measured in dB, is a
random variable that follows a Gaussian distribution. Shadowing effects are normally incorporated
into a simplified path-loss model by the addition of a Gaussian random variable with zero mean
and standard deviation o, N (0, 6), where o is estimated empirically [30]. This gives rise to a more

accurate path-loss model given by

Py d
P (dB) = 10logsoK — 10Y10910d_0_ Vap. (28)

For later simulations incorporating the simplified path-loss model with shadow fading, a value of

3.91 was used for y [30].

(wgphamod |euds xy

>
> log (distance)

Figure 2.5. Received Signal Power vs Log of Distance for Shadow Fading and FSPL [30].
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In Figure 2.5, the received power in dBm is shown as a function of the log of distance. As
can be seen from Figure 2.5, the received power due to path loss (dotted line) decreases linearly
as the separation distance between the transmitter and the receiver increases. In the same plot, the
effect on the received power due to shadowing is also shown (green curve), which is seen to have
large variance at smaller separation distances than at larger separation distances. This is because
shadow fading is a random variable and is very much dependent on the signal propagation

environment rather than distance alone.

2.9.3 AWAGN Channel

The name AWGN (Additive White Gaussian Noise) is given to this channel model because
the noise being added to the signal is white, which refers to uniform noise power distribution across
the frequency band of the signal and normally distributed noise in the time domain with an average
value of zero (Gaussian distribution). The AWGN channel model is the simplest wireless
communication mathematical model that incorporates the addition of noise. A high level block

diagram of this channel model is shown in Figure 2.6.

Channel
s H@ > r() = () +n(t)
0

Figure 2.6. High Level Block Diagram of an AWGN Channel.

In Figure 2.6, an incoming signal, s(t) is added to noise n(t), resulting in the received signal

given by

r(t) = s(t) +n(t). (29)
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The sources of white/wideband noise are mainly natural such as thermal variations of atoms
in conductors (thermal noise), black-body radiation from hot objects and from the earth, shot noise

and noise from celestial objects like the sun [31].

The power spectral density (PSD) gives the power of a random signal as a function of
frequency, whereas the variance is a measure of the average power of the signal. For white noise,

the power is the same at all frequencies within that signal, and hence, the PSD of an AWGN is
always constant and given as N, Watt/Hz, whereas the variance is given as % This is because half
of the noise power, N,, is for positive frequencies and the other half is for negative frequencies.

Figure 2.7 illustrates this.

Sn(f)

—B—— —B—

-Ng/2

-'FC fC

Figure 2.7. Real Band-pass Noise PSD.

Consequently, the SNR (Signal to Noise Ratio) of an AWGN channel is given by

Py
NoB

SNR =

(dB), (30)

where PB. is the power of the received signal and B is the bandwidth.

White Gaussian noise is added to a signal to also represent the noise generated by the receiver

electronic components, cables and thermal noise.
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2.9.4 Rayleigh Fading Channel

The sort of fading that is experienced by a signal due to a large number of reflectors present
in an area is called Rayleigh Fading, and is typical in environments such as urban areas or an office
block for indoor navigation. A Rayleigh propagation model is most suitable for situations where
there exist multiple signal paths due to reflection, refraction and scattering from various objects
within an environment, none of which is dominant. Because of this, the signal paths will vary in
propagation path as well as propagation time, and hence would have an impact on the overall signal
at the receiver. The delays associated with the multiple signal paths in a multipath fading channel
change in an unpredictable manner, and hence a statistical approach is required to analyze and

characterize the overall nature of the radio communication channel.

Rayleigh Faded Signal at the Receiver

When a signal undergoes Rayleigh fading, it is typical to assume that multiple copies of
the transmitted signal arrive at the receiver via multiple propagation paths. Hence, the signal at the
input to the receiver is a combination of all the signals that have reached the receiver via different
paths. Because the signals have travelled different paths, each will have a phase associated with
its particular path. These signals, at the receiver, will add up either destructively or constructively.
If the received signals have the same phase (typically not the case), all the signals at the receiver
will undergo constructive interference when they combine and increase the strength of the overall
received signal. When the signals differ in phase (by 180° in the worst case) they combine
destructively resulting in a decrease in the overall received signal strength. The phase of a signal
is a function of its propagation path length between the transmitter and the receiver, which may
change due to relative motion between them or if the position of the reflecting object changes.

Hence, it should be noted that the phase of a signal is of particular interest as it strengthens or
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weakens a received signal composed of a number of such signals. A weak signal is more prone to

higher distortion and degradation of its contents.

Rayleigh Fading Channel

When there are a large number of signal paths present, the central limit theorem can be
applied for modeling the time-variant impulse response of the channel as a complex-valued
Gaussian random process [30]. A Rayleigh fading channel is formed when the impulse response

of the channel is modeled as a zero-mean complex valued Gaussian process.

It can be shown that for any two Gaussian random variables, X and Y with zero mean and equal

variance ¢?

Z =+X2+Y?2 (31)
is Rayleigh distributed, where Z?2 is exponentially distributed [30]. Hence, with variance o2 for

both the in-phase and the quadrature components of a signal, that signal as given by

z(t) = |r(t)| = /r,z (O)+75(¢) (32)

is Rayleigh distributed, having the distribution given by

pz(z) =5 ¢ l %l (33)
- zenl-2) =0

Here, 202 is the average received power of the signal based on path-loss and shadowing.
Hence, the power distribution is obtained by replacing z2(t) = |r(t)|%in equation (35) resulting

in
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pz*(x) = P%e_x/P_T = %e‘x/z"zx > 0. (34)

From equation (36) it can be concluded that the received power of the signal has an

exponential distribution with mean 2¢2. The equivalent low-pass signal for r(t) is given by
e (D) =170 + jro (O). (35)
2.9.5 Rician Fading Channel

Rician fading is experienced by a signal when a fixed LOS component (specular) exists
along with multipath components (scatter). In Rician fading, we define r; as a random variable
with non-zero mean, s, that corresponds to the LOS component. We define 7, as a zero mean
random variable corresponding to the multipath components. Both random variables have equal
variance o2.The received signal is a superposition of the LOS component with a complex Gaussian

component [30]. The signal envelope, in this case, is Rician distributed [30] as defined by

pz(z) = éexp [_(ZZ+SZ)] Iy (;—Z) ,2 = 0. (36)

202

Here, 202 is the average power in the NLOS components and s? is the power in the LOS
component. I, is the modified Bessel function of the zeroth order. Thus, the average received

power in a signal undergoing Rician fading is given by
B = [, #*pz(2)dz = s + 20% (37)
Rician fading is characterized by a fading parameter known as the Rician k factor, (k) and
is given by

Rician k factor,k = 10log4, (i) indB. (38)

202
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This k is a ratio of the power of the LOS component of the signal to the power in the NLOS
components (the multipath components) expressed in dB. Rayleigh fading occurs when the value
of k is 0 and there is no fading when the value of k is c. Hence, k is a measure of the severity of
fading a signal is likely to undergo [30], where a lower k value equates to severe fading. To

compute the power in a Rician faded signal (equation (39)), s and o can be found by

(k+1) (39)

1
0= 2x(k+1) (40)

2.9.6 Pseudo-Random Number (PRN) Code

A PRN code, or pseudo random number code, is a sequence of bits produced by a process
that exhibits statistical randomness but actually generates a very deterministic casual process. GPS
uses PRN codes (C/A and P(Y) codes) for range measurement purposes as well as the satellite
identification process. PRN codes are unique due to their auto and cross correlation properties. For
GPS, these PRN codes are generated using a series of maximal length LFSR (Linear Feedback

Shift Registers) sequences.

2.9.6.1 Generating PRN Codes using LFSR

The C/A codes and the P(Y) codes used by GPS are produced by a combination of two
maximal length LFSR sequences, which are also called m-sequences. The LFSRs (Linear
Feedback Shift Register) are used to quickly generate non-sequential list of numbers (PRN codes)
on microcontrollers. The generation of a PRN sequence only requires a right-shift and an XOR

(exclusive OR) operation. The GPS C/A code repeats itself after every 1023 chips, but for
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simplicity here, the length of the codes is chosen to be 31 chips. An example of generating a 31

chip long PRN code using one sequence produced by 5 LFSRs is shown in Figure 2.8.

L Un+4

X |«

Un+3 I Un+2 L Un+1 [ —p Un

m-sequence from ua

A 4

{-1,1,1.1,1.-1.1,1,-1. 1. -1, -1. 1, 1, -1, -1, -1, -1,

A

-1,1,1,1,-1,-1, 1, -1, -1, -1, 1, -1, 1}

or equivalently

11::0,10,0,:0:1,0,0,.1,8; 1, 1.:0,0:1, 1,1.1,1.0;0,

0,1,1,0,1,1, 1,0, 1, 0}

Figure 2.8. A sequence of 5 LFSRs.

Each two bit long register, un can hold 2 values, which are +1 and -1, and hence the
maximum possible states are given by 25 — 1 = 31 possible states (except all ‘zero’ state). A
register’s input bit is a linear function (XOR) of its previous state. If the feedback function that is
used to produce the input is well chosen (i.e. — placement of the XOR logic gates), the LFSR can
be used to produce random values (PRN code) with very long cycle (maximal length or m-
sequence). Designing of a maximal length LFSR is governed by a generator polynomial that
dictates where the XOR gates need to be placed in order to produce a long cycle of random
numbers. It is easy to replace the -1 with ‘1’ and ‘+1’ with a ‘0’ and replace the multiplication

process with the exclusive OR (XOR) operation:

000=0,001=1;160p0=1,16D1=0
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GPS uses the properties of PRN codes to generate Gold Codes that essentially become the
C/A code for each distinctive GPS satellite [12]. For any code length, N=2" -1 (where n is the
number of LFSRs), usually more than one m-sequence (maximal length sequence) exists. In most
cases, two distinct m-sequences are used to generate an entire family of sequences that have both
good auto and cross correlation properties, and these special sequences are called the Gold Codes
or Gold Sequence. By carefully choosing two 1023 length m-sequences, it is possible to construct
a family of 33 Gold codes, assigning a unique Gold code for each of the 32 GPS satellites. Figure
2.9 and Figure 2.10 show two examples of creating Gold Codes of 127 chips length, using a series

of D-flip flops. The two generator polynomials for generating such Gold codes are

g(x) = 1+x x7 and g(x) = 1+x3+x’ (shown respectively).

[PN1 GENERATOR 127 BITS |

» ok J
CE
Logical
Opr
L S D, LI LI D D, D,
CLE (LE (LE I CLE (LK CLK {CLE PN OUT
plicLr '@ icLr 19 ficLr 9 ek Oy '@ Ly '@ plicir '@
D Flip-Flop D Flip-Flopl D Flip-Flop2 D Flp-Flop3 || D Flip-Flops D Flip-Flop5 D Flip-Flop6
} . | |
Comstart.

Figure 2.9. 127 bit long Gold Code generated using the polynomial g(x) = 1+x*+x’ [32].
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Figure 2.10. 127 bit long Gold Code generated using the polynomial g(x) = 1+x3+x’ [32].

2.9.7 Cross-Correlation and Auto-Correlation Function of Gold Codes

The Gold codes are unique for their auto and cross correlation properties. Auto-correlation
measures the similarity between a waveform and time shifted version of itself. Cross-correlation

measures the similarity between the two different signals or corrupted version of the same signal.

Cross-Correlation

Cross-correlation is a process that is used to measure the similarity between two different
signals or the similarity of a signal with a corrupted version of itself. In this technique, samples of
the received signal are multiplied by samples of the receiver generated signal and added. In this
thesis, since the two signals might have two different frequencies (due to clock bias), the method
used to measure the similarity between these two signals is cross-correlation. A higher cross-

correlation value, R(t) indicates a greater degree of similarity between the two signals. The

mathematical model for cross-correlation is

REN(7) = [ x(O)y(t — Dt (41)
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where, x(t) is the received signal and y(t) is the receiver generated signal to be cross-correlated
with x(t). For discrete valued signals, x[i] and y[i], the cross-correlation between x[i] and y[i]

for a shift of k samples in y[i] with respect to x[i] is

= Ym=ox[m] — y[m + k], (42)

where N is the number of samples in each of [i] and y[i].

Auto-Correlation Function

Auto correlation is cross correlation of a signal with itself. It is a measure of the similarity
between two versions of the same signal as a function of the time lag between them. The time

averaged auto-correlation function for the code of the k" satellite, x® () is given by

R®(z) = = [T x®(0)x® (¢t — 7). (43)

It is clear from the auto-correlation equation above that the incoming signal x(t) is
multiplied with a time shifted replica of itself and the product is integrated. If x(¢) is similar
to x® (¢t — 1), then R® (1) will be large. The equation above is also identified as the periodic or
circular auto-correlation function. Figure 2.11 shows the auto-correlation property of a code. It

should be noted that the peak appears at O code offset (i.e. T(time shift) = 0).
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Figure 2.12. Auto-correlation Function for N=31 Gold sequence.

Figure 2.12 is the auto-correlation result of a 31 chips long PRN code. It is shown in Figure

2.12 that a time delay of O chips would result in a perfect auto-correlation peak.

In Figure 2.12 where an auto-correlation of only 31 chips long PRN code is shown as an
example, the distinct peak in the middle allows the GPS receiver to measure the code phase with
high precision. The sharp unique peak helps to distinguish the GPS signal arriving directly from

the satellite from any other signal that has travelled using other propagation paths such as via
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reflections or scattering [12]. If the reflected signals come delayed by more than one sample
relative to the direct signal, then secondary peaks are entirely distinguishable from the main
correlation peak. This enables the receiver to differentiate the two peaks and avoid errors due to

multipath.
2.9.8 Circular Shift

A circular shift is the rearranging of entries in an ordered list of n elements either by moving
the last element to the first position while shifting all the other entries to their next position in the
bit sequence, or moving the first element to the last position while shifting all the other entries to
the previous position in the bit sequence. For example, consider an array of 5 elements, i = {a, b,
c,d, e}. A circular shift of ‘i’ by 1 element to the right would be, i = {e, a, b, ¢, d}. A circular shift
of ‘i’ by 2 element to the right would be, i = {d, e, a, b, c}. In MATLAB®, this action is
implemented by the function ‘circshift’. This is used in the experiments to shift the samples of the
code in the code modulated signal to measure the sample delay between the received signal and

the receiver generated replica code.
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CHAPTER 3: FREQUENCY AND PHASE OFFSET ESTIMATION FOR

IPS

In this chapter, the proposed frequency and phase offset estimation technique that facilitates
GPS-WLAN augmented indoor positioning is presented along with the fundamentals required to

do indoor positioning using a GPS RF front-end.
3.1 GPS SATELLITE CONSTELLATION

The 32 GPS satellites orbit 20,200 km above the earth and have been placed in 6 orbitals
planes such that at least 4 satellites are visible to a receiver anywhere on the earth at all times [12].
Although typically up to 11 satellites are visible to a GPS receiver at all locations (except at
receivers located at very high altitudes), a minimum of four satellites are required by a GPS
receiver to estimate the user’s latitude, longitude, altitude and receiver clock offset at any given

instance.

A complete GPS satellite constellation consists of 24 satellites with 4 satellites in each of 6
different orbital planes. The orbital planes are inclined at 55° and may also contain a spare satellite.
The satellites are constantly moving in their orbital planes at a speed of 14,000 km/h [33] relative

to an observer on earth and take about 12 hours to complete one revolution around the earth.
3.2 IMPORTANCE OF SYNCHRONIZATION IN GPS TECHNOLOGY

Each GPS satellite transmits a signal containing information regarding its location and its
current time. This operation is synchronized amongst all GPS satellites so that these repeating

signals are transmitted at the same instant. In order for a GPS receiver to calculate a PVT (Position,
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Velocity and Time) solution, the receiver first needs to determine which GPS satellites are in view.

For this, the GPS receiver needs to know three things:

1. The receiver’s local time.
2. An approximation of its own location.

3. The satellite orbital information (provided from the Almanac and the ephemeris data).

Almanac data contains the orbital information of all satellites and each satellite broadcasts
this information for every satellite in the sky. Ephemeris data is satellite specific and contains that
particular satellite’s orbital information and where it will that be at any time throughout the day.
A GPS receiver uses this Almanac data to determine which satellites will be in view in its local
sky at the receiver’s local time. The Almanac and the ephemeris data is contained in each satellite’s
navigation message (transmitted at 50 bits/sec) and must be decoded, once the signal acquisition
phase is complete, to compute the PVT of the GPS receiver. Information contained in the Almanac

is usually valid for 6 months whereas the ephemeris information is valid for only 4 hours [12].

All GPS satellites are in constant motion in their orbital planes at all times. This means that
the Doppler frequency of each satellite is different (usually £5 kHz) [12]. So, once the receiver
knows which satellites are visible, it then tries to acquire each satellite’s signal by predicting the
satellite’s Doppler frequency (which it can roughly estimate given it knows where each satellite
is, from the Almanac, and roughly where the receiver itself is) and code phase. Given this
information, the two dimensional Doppler frequency and code phase search space will be relatively

small allowing the receiver to quickly acquire the satellites.

For indoor operation, a GPS receiver buried deep within a building (NLOS GPS receiver)
will have difficulty acquiring the correct satellites because it will receive weak satellite signals [3,

7, 34] and, therefore, will require longer integration time to successfully cross-correlate the
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received satellite PRN codes with its pre-stored replica codes. The longer integration time means
that the receiver can’t receive the 50 bits/sec navigation message and, therefore, does not receive
the Almanac. As a result, the GPS receiver does not know which satellites are visible and must
search for all satellites at all possible Doppler frequencies and all possible code phases. This

searching takes an excessively long time.

Assistance data can help by providing the NLOS GPS receiver with the knowledge of which
satellites are in view along with their Doppler frequencies and code phases. This assistance data
can be provided by another GPS receiver that is close by and has a clear view of the sky. This

technique is called Assisted GPS (AGPS).

3.3 GPS-WLAN AUGMENTED IPS AND ITS CHALLENGES

The idea of using GPS and WLAN for indoor positioning is to connect a GPS RF front-end
to a WLAN AP via the access point’s USB port. The GPS RF front-end can be used to position
the AP’s location which will be stored in a database. Measurements of WLAN signals transmitted
by APs (i.e. received signal strength, RSS) can be used to locate a user, provided the AP positions
are known. The continued presence of the GPS front-end allows the AP’s location to be updated

if the AP is moved.

However, if an AP augmented with a GPS front-end is buried deep within a building, the
probability of it receiving a strong GPS satellite signals (at least -139 dBm) are very minimal as
has been verified in [3]. Even if the RF front-end attached to that AP receives a very weak GPS
satellite signal (-159 dBm), it will take long time to produce a position estimate because of the
need to search a wide range of Doppler frequencies and code phase bins to find the appropriate
satellites in its range. This can be mitigated by helping the AP buried deep in the building by

sending it assistance data from an AP connected to a GPS RF front-end that has good view of the
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satellites. This assisting AP, for instance, can be placed near a window so that it has a good view

of the sky, and hence the GPS satellites.

Assuming that the assisting AP is relatively close to the NLOS GPS receiver, one can
conclude that the GPS front-ends connected to these AP’s will receive signals from the same GPS
satellites (although the GPS receiver in distress will receive these signals at a much lower power
level such as -180 dBm). In that case, the assisting AP will be able to provide assistance data to
the NLOS GPS receiver for the appropriate satellites. This assistance data, consisting of Doppler
frequencies and code phases for particular satellites, can be used by the GPS front-end in distress

to significantly reduce the time to acquire the satellite signals.

However, in order for all NLOS GPS receivers to use this assistance data, the internal clocks
of all the GPS RF front-ends need to be synchronized with that of the assisting GPS RF front-end
to within 10 ns. This is because the Doppler and the code phase of the detected satellite (provided
in the assistance data) are not only functions of relative motion and distance between the satellite
and the receiver, but are also affected by the low cost and moderately accurate oscillators used in
GPS receivers. For instance, if the oscillator used in a GPS receiver has an uncertainty of 2 ppm,
at the GPS L1 carrier frequency this uncertainty would be equal to approx. + 3 kHz (1575.42 MHz
x 2 us). Therefore, even if the assisting GPS receiver sends the assistance data of the currently in
view satellites (their Doppler and code phase information) to the NLOS GPS receiver (equipped
with a 2 ppm oscillator), the search space would again end up being = 3 kHz centered at the
Doppler transferred from the assisting GPS receiver. This diminishes the advantage of assistance
data and hence, the oscillators of both the receivers must be synchronized to within 10 ns (one

hundredth of a chip ~ 3 m).
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3.4 REASONS FOR CLOCK DRIFT AND FREQUENCY DIFFERENCE

It is very common for every oscillator to undergo a certain amount of drift [35]. The causes
of clock drift and frequency differences are diverse and range from a mismatch between the clocks
or differences in the environments they are subjected to, to an interjection of charges from external
radiation [35]. The four main causes of frequency drifts are given below, further details of which

can be found in [36, 35].

) Temperature and Bias induced.
i) Phase noise and period jitter.
i) Implementation and design problems; Start-up latency.

iv) Instabilities in the oscillation amplitude due to voltage fluctuations.

3.5 PROPOSED TECHNIQUES FOR FREQUENCY OFFSET ESTIMATION

In this section, the two proposed techniques for frequency offset estimation are presented.
In the first method, a single sinusoidal signal (generated by the LOS GPS receiver’s oscillator) is
sent over the WLAN communication link by OFDM modulation to the NLOS GPS receiver. After
OFDM demodulation at the receiving AP, the received signal at the NLOS GPS receiver is cross
correlated with a replica signal generated by the NLOS GPS receiver. This method is termed as
Carrier Only Cross Correlation (COCC). In the second method, the same sinusoidal signal is first
modulated by a PRN code and then sent to the NLOS GPS receiver for cross-correlation with a
replica. This method is termed as the Code + Carrier Cross Correlation (CCCC). In both the
methods, the frequency of the sinusoidal signal is 10.23 MHz. High level block diagrams
illustrating the COCC and the CCCC algorithms are shown in Figure 3.1 and Figure 3.2,

respectively.
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Figure 3.1. High Level Block Diagram of COCC Method.
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Figure 3.2. High Level Block Diagram of CCCC Method.

OFDM as used in a WLAN communication link typically has 52 subcarriers (depends on the
network designer) per channel and occupies a bandwidth of 16.25 MHz per channel at 2.4 GHz.
The CCCC and COCC algorithms are to be transmitted over the WLAN communication channel
by OFDM modulation from the LOS GPS receiver to the NLOS GPS receiver on one of the
subcarriers as data packets. Assuming perfect OFDM demodulation at SNR > 10 dB [37], the

COCC and CCCC signals (being sent as data packets) are to be reconstructed and used for cross-
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correlation at the NLOS GPS receiver with its generated replica signal. Because OFDM
demodulation is near perfect at SNR > 10 dB [37], WLAN communication is not implemented in
the simulations conducted in this work. Thus, the carrier frequency to be used for the CCCC and
COCC algorithms for all simulations will be 10.23 MHz, the frequency at which the oscillator of

the GPS receiver runs.

In the CCCC method, a sinusoidal signal modulated with a GPS PRN code is sent on one of
the subcarriers of the WLAN communication link (OFDM modulation technique) to other AP(s)
in the WLAN network. The PRN code of 1023 chips is sampled at 10 samples per chip before
modulating the carrier. The PRN code frequency in the CCCC algorithm is adjusted to 1.023 mega
chips/sec (same as the GPS C/A code). After OFDM demodulation at the receiving AP and
acquiring the carrier modulated PRN code, the signal then passes on to the NLOS GPS receiver
for cross-correlation with its generated replica signal. The replica signal is the receiver generated

carrier modulated with a replica GPS PRN code.

In the cross-correlation process of the CCCC algorithm, the frequency of the receiver
generated carrier is varied from 10 Hz to 100 kHz from the nominal transmit frequency in 10 Hz
step sizes. At each receiver generated carrier frequency, a new replica carrier with the modulated
code is generated and cross-correlated with the received signal. At every frequency bin, each
sample of the code is shifted by one to the right (circular shift) and cross-correlation performed at
every shift. This is done until all the samples have undergone a shift at that particular frequency
bin to estimate the code delay between the oscillators. The highest cross-correlation value for all
shifts at every frequency bin would indicate the correct frequency and code phase of the
transmitted signal. This frequency information can be used to synchronize the oscillator in the

NLOS GPS receiver with that in the assisting GPS front-end.
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The COCC method can also estimate frequency offset by sending a single carrier (without
any PRN code modulated on it) over the WLAN communication link to the NLOS GPS receivers

and performing the same set of operations.

All algorithms are implemented in MATLAB® and are able to find the carrier phase offset

between the received and replica signals by incorporating the mathematical equation given by

_ {xy)
cosf = iyl (44)

were, x is the transmitted signal, y is the received signal, (x, y) is the dot product of x and y, 8 is
the phase offset between the two signals x and y, |x||y| are the modulus of the signals x and y

respectively.

The COCC and CCCC algorithms simulated to test whether these algorithms meet the
required £30 Hz frequency offset estimation accuracy. Both of these algorithms were also tested
under different channel types that include AWGN, Rayleigh and Rician fading channels. Both the
COCC and the CCCC algorithms were also simulated with the simplified path-loss model to find
the optimum separation distance between the LOS GPS receiver and the NLOS GPS receiver. The

results of these simulations, and their discussions are presented in Chapter 4.
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CHAPTER 4: EXPERIMENTS, RESULTS AND DISCUSSION

In this chapter, all the experiments conducted in this research are discussed along with the

results obtained and their analysis. The experiments conducted are divided into two subsections:

I.  Carrier Only Cross-Correlation (COCC).

Il.  Carrier + Code Cross-Correlation (CCCC).

4.1 COCC EXPERIMENTS, RESULTS AND DISCUSSION

In this section, experiments conducted are based on sending a single carrier signal from the
assisting GPS RF front end to the NLOS GPS receiver buried deep within the building for the
purpose of estimating frequency offset via cross-correlation. The transmitter, channel and receiver
were implemented in MATLAB® in order to facilitate the running of a number of simulations.
Different channel models (AWGN only, simplified path-loss with shadowing, Rayleigh fading and
Rician fading) were used in order to evaluate the performance of the cross-correlation process for
frequency estimation in various propagation environments. The nominal transmit frequency of the
carrier signal, f; for all the simulations performed is 10.23 MHz with a sampling frequency, f; of
40.92 MHz, four times that of the nominal frequency. In all experiments, the transmit power was

set to 0 dBm.

4.1.1 Experiment 1: Verification of Cross-correlation Process for Frequency Estimation.

The purpose of this simulation was to check whether the concept of cross-correlation can
perform frequency estimation in a completely noiseless channel with no path-loss, shadowing or
phase offsets. In this experiment, a clock drift of 90150 Hz was added to the nominal transmit

frequency of 10.23 MHz, resulting in a carrier signal transmit frequency of 10.320150 MHz. At
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the receiver, frequency estimation is performed using cross-correlation of the received signal with
a replica carrier signal generated inside the receiver. The receiver oscillator frequency is varied
from 10.22 MHz to 10.35 MHz in 10 Hz steps. The maximum cross-correlation value for every
frequency bin is recorded. The outcome of the cross-correlation operation is a distinct peak at the
receiver oscillator frequency bin with the maximum cross-correlation. Cross-correlating the

received signal with a replica signal of the same frequency will result in a cross-correlation

coefficient of 1.
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Figure 4.1. Correlation at the Correct Frequency Bin Using the COCC Algorithm.

Figure 4.1 shows the result of the cross-correlation process as the replica frequency was
varied from 10.22 MHz to 10.35 MHz. The frequency steps were 10 Hz, so that when the first
frequency bin is 10.22 MHz, the next frequency bins are at 10.220010 MHz, 10.220020 MHz and

all the way up to 10.35 MHz. For this particular simulation, the transmit frequency was 10.320150
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MHz, which resulted in a perfect match with the replica signal at the 10.320150 MHz frequency

bin with the maximum cross-correlation coefficient of 1.

From Figure 4.1, it can be seen that the cross-correlation process was successful in
correctly estimating the transmit frequency at 10.320150 MHz. It should, however, be noted that
this estimation was under the condition that the clock drift was fixed to 90150 Hz in a perfectly
noiseless channel with no path loss or shadowing. It should also be noted that the correct frequency
falls into one of the correct frequency bins as determined by the correct frequency step size and
the first replica frequency value. This confirms that the concept of cross-correlation for the purpose

of frequency estimation can work in a perfect, noiseless channel.

The frequency step size was set at 10 Hz increments for the entire frequency range. Hence,
the total number of frequency bins the receiver must search was 13000, each time storing the
maximum value for the cross-correlation operation. The total time taken to perform this operation

was 5 seconds in an Intel Core i7 processor (1.9 GHz) with 6 GB of RAM.

4.1.2 Experiment 2: Estimated Frequency Offset Error at Variable Clock Drifts.

In this experiment, the nominal transmit frequency of 10.23 MHz was changed by 20
different clock drift values (in the range of 20 Hz to 100 kHz) to simulate oscillator clock drift
bias. Cross-correlation was then performed for every frequency bin (as described in the previous
experiment) to match the receiver oscillator frequency to that of the transmitter oscillator. The
estimated frequency offset error was then found by subtracting the estimated receiver oscillator

frequency from the transmit frequency of f; + transmitter clock drift bias as follows

Est. Frequency. Offset Error = Receiver. Est. Frequency — Transmit Frequency. (45)
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Figure 4.2. Estimated Frequency Offset Error in a Noise-Less Channel Using the COCC Algorithm.

Figure 4.2 shows the estimated frequency offset error for each of the 20 transmitter clock
drifts. The bars plotted in Figure 4.2 shows the magnitude of the frequency offset error incurred

for each clock drift values.

From Figure 4.2, it should to be noted that when the clock drift value is any multiple of 10
Hz (the frequency increment bin size), the estimated frequency offset error incurred is zero,
meaning that the frequency estimation was perfect. However, it should also be noted that when the
clock drift is skewed towards the higher or lower side of the mean of the frequency bin value (in
this case any clock drift value ending with 5), the frequency estimation results in a positive or
negative error respectively. From this experiment, it can be seen that that the maximum cross-
correlation value was found in the frequency bin closest to the nominal frequency of 10.23MHz +

clock drift value. For example, the estimated frequency at the receiver for a clock drift value of
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11724 Hz was found at 10241720 Hz, resulting in an estimated frequency offset error of 10241720

(receiver frequency) - 10241724 (transmit frequency) = - 4 Hz.

Hence, from Figure 4.2, it can be concluded that the COCC algorithm for estimating
frequency for a completely noiseless channel with no phase offset or shadowing has a maximum
error of £5 Hz with a 10 Hz frequency increment size. This error can obviously be further reduced
by using 1 Hz as the frequency increment size, which in turn would increase the time required for

the algorithm.

4.1.3 Experiment 3: Estimated Frequency Offset Error for an AWGN Channel as a Function of

SNR.

In this experiment, the clock drift bias was fixed at 90760 Hz and the signal passed through
an AWGN channel with SNR ranging from -20 dB to 40 dB. This SNR range was chosen because
the WLAN communication link becomes severely corrupted at any SNR below 10 dB [37]. The
COCC algorithm is transmitted in the form of data over the WLAN communication link (OFDM
modulation) to the NLOS GPS receivers, which later will be demodulated and then cross-
correlated for frequency estimation. Even though the COCC algorithm can be used for frequency
estimation at SNRs below 10 dB (as will be seen from Figure 4.3), the data in the WLAN
communication link gets severely degraded at SNRs below 10 dB. Consequently, the performance

of the COCC algorithm will suffer at these low SNR values.

Since the generation of noise using the MATLAB® function ‘AWGN” is a random process,
100 simulations were performed for each SNR value. Absolute value of the estimated frequency

offset error for 100 simulations at each SNR was taken and their mean calculated for each SNR.
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Figure 4.3. Estimated Frequency Offset Error in an AWGN Channel Using the COCC Algorithm.

Figure 4.3 shows the estimated frequency offset error for each of the 24 different SNRs for
an AWGN channel only. The bars plotted in Figure 4.3 represent the average of the estimated
frequency offset error magnitudes of the 100 simulations conducted at each SNR. From Figure
4.3, it can clearly be seen that estimated frequency offset error was larger for lower SNR values.
The greatest frequency estimation error of 751 Hz was incurred for an SNR of -20 dB whereas a
30 Hz error in frequency estimation was found at SNRs above -4 dB. Therefore, the COCC
algorithm can perform accurate frequency estimation (within £30 Hz error) at SNR values as low
as -4 dB, which is 14 dB lower than what is required for reliable WLAN communication [37]. The
mean and the standard deviation of the estimated frequency offset error at SNR ranging from -12

dB to 26 dB is 46 Hz and 73 Hz respectively.
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4.1.4 Experiment 4: SNR Variations for a Simplified Path-Loss Model with Shadow Fading and

AWGN at Different Distances.

In this experiment, several SNR values were calculated in MATLAB® at different distances
by passing the carrier sinusoidal signal through a simplified path-loss model with shadowing. In
this experiment, different distances were first set and then the corresponding SNRs were found.

The transmit power of the signal was set to 0 dBm.

SNR (dB)

30 | l | i 1 i 1 i
0 10 20 30 40 50 60 70 80 S0 100
Distance in {m)

Figure 4.4. SNR as a Function of Distance for Simplified Path-Loss Model with Shadowing for COCC

Algorithm.

In Figure 4.4, the SNRs found as a function of the distance between the assisting GPS RF
front-end and the NLOS GPS receiver are shown. The transmit power was kept constant at 0 dBm
and the distance between the assisting GPS RF front-end and the NLOS GPS receiver varied from
1 m to 100 m, calculating the SNR at every corresponding distance point. For example, the SNR

calculated at a distance of 20 m is -1.139 dB.
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In experiment 3, it was shown that that for accurate frequency estimation, the SNR is
required to be at least -4 dB. From Figure 4.4, we see that a received SNR of approximately -4 dB
is obtained for a separation distance of 25 m between the assisting GPS RF front-end and the
NLOS GPS receiver. Hence, it can be concluded that for accurate frequency estimation and then
synchronization, the assisting GPS RF front end can be set at a maximum of 25 m from the NLOS
GPS receiver, provided that the channel is simplified path loss with shadow fading and AWGN

noise only.

4.1.5 Experiment 5: Estimated Frequency Offset Error for a Rayleigh Fading Channel Model.

A Rayleigh fading channel is perhaps the worst type of fading a signal is likely to encounter
in an indoor environment [30]. In this experiment, the transmitter clock drift was set to 90760 Hz.
The experiment was designed to simulate the synchronizing signal travelling through a Rayleigh
fading channel with variable SNR (-20 dB to 26 dB) and to analyze the effect of the channel on

the estimated frequency offset error.
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Figure 4.5. Estimated Frequency Offset Error in a Rayleigh Fading Channel Using the COCC Algorithm.

Figure 4.5 shows the estimated frequency offset error for each of the 24 different SNRs in
a Rayleigh fading channel. The bars plotted in Figure 4.5 shows the magnitude of the frequency

offset error incurred for each SNR.

For the same SNR, the estimated frequency offset error incurred due to a Rayleigh fading
channel (Figure 4.5) is found to be higher than that due to the AWGN channel (Figure 4.3) by up
to 4.2 kHz. This confirms the fact that the signal is severely degraded when passing through a
Rayleigh fading channel and this significantly impacts the performance of the COCC algorithm.
It can also be concluded from Figure 4.5 that for a Rayleigh fading channel, the COCC algorithm
has relatively accurate frequency estimation when the SNR is above 22 dB. The estimated
frequency offset error at SNRs above 22 dB are within the range of + 20 Hz. The average estimated
frequency offset error and the standard deviation obtained from this experiment between SNRs
ranging from -12 dB to 26 dB is 147 Hz and 183 Hz respectively. This experiment is of particular
importance because in an indoor environment such as an office, a wireless signal is very likely to

encounter a Rayleigh fading channel due to large number of reflectors and scatters.

4.1.6 Experiment 6: Estimated Frequency Offset Error for a Rician Channel Model.

This experiment was designed to simulate the effect on the estimated frequency offset error
when the synchronization signal propagates through a Rician channel. This simulation has the
same parameter as the Rayleigh fading simulation with the exception that the Rician k factor ranges
from 1 dB to 100 dB. In Figure 4.6, the maximum estimated frequency error is plotted at each k
factor between 1 dB and 100 dB, for a fixed distance of 25 m. As described in section 2.9.5, the

Rician k factor is a measure of how strong the LOS signal is compared to the NLOS signal.
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Figure 4.6. Estimated Frequency Offset Error in Rician Channel (Fixed distance of 25 m) Using the

COCC Algorithm.

It is seen from Figure 4.6 that an increase in the Rician k factor value results in a decrease
in the estimated frequency offset error. This is to be expected given the higher k value, the stronger
the LOS component compared to the NLOS components. This results in a less degraded signal
and, therefore, better performance of the frequency estimation algorithm. The mean and the
standard deviation of the estimated frequency offset error in Figure 5.6 is 11.6364 Hz and 43.7486
Hz respectively. This means that the frequency offset error would only deviate by *+ 43.7486 Hz
from the mean error and is considered to be good in terms of a favourable frequency estimate.
From the standard deviation calculated, it can be concluded that when the LOS component is about
5 times stronger than the NLOS component, the estimated frequency offset error is greatly reduced

from £ 6.5 kHz to £ 50 Hz.
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4.1.7 Experiment 7: Effect of Phase Offset on Estimated Frequency Offset Error.

This experiment was designed to investigate the effect of signal phase offset on the COCC
frequency estimation technique. In this experiment, the nominal transmitted sinusoidal frequency
of 10.23 MHz was corrupted by a 90760 Hz clock drift bias, making the transmit frequency
10.320160 MHz. The transmit signal was then given an arbitrary phase offset of 30° with respect
to the replica signal at the receiver. The signal, however, was transmitted through a completely
noiseless channel without any path-loss or shadowing. Cross-correlation was performed at the

receiver with 10 Hz frequency steps.
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Figure 4.7. Effect of Phase Offset on Frequency Estimation.

Figure 4.7 shows the result of the cross-correlation process as the replica signal’s frequency

was varied from 10.22 MHz to 10.35 MHz with 10 Hz frequency step size.
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The top and the bottom graphs of Figure 4.7 shows the output of the cross-correlation
operation at the receiver without and with phase offset estimation, respectively. During the
simulation that resulted in the top graph, the COCC algorithm did not estimate the phase offset of
the received signal before the cross-correlation was performed. This caused an inaccurate
frequency estimation. However, during the second simulation that resulted in the bottom graph,
equation (19) was incorporated into the COCC algorithm and the algorithm correctly estimated the
phase offset of the received signal. After the phase offset detection, the phase of the replica signal
was changed by the amount of phase offset found (in this case 30°) before the cross-correlation
was performed. The result is a perfect frequency estimation as can be seen in the bottom graph of

Figure 4.7.

4.1.8 Conclusion

Table 4.1 summarizes the requirements for each channel type in order to achieve, with the
COCC algorithm, the required frequency offset estimation of £30 Hz. From the experiments 1 to
7 conducted in this section, it can be said that the COCC algorithm can, under certain conditions,
perform frequency offset estimation over different channel types assuming the requirements in
Table 4.1 are met. Knowledge of the frequency offset estimation can then be later used to

synchronize the two oscillators.

Table 4.1. COCC Channel Parameter to Achieve the Desired Frequency Offset Estimation within a

Maximum Allowable Estimation Error of +30 Hz.

Channel Type Requirement to Achieve Frequency Offset Estimation
AWGN SNR > -4 dB
Simplified Path-Loss Distance <25 m
Rayleigh SNR > 22 dB
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Rician Rician k factor, k > 5

However, although the two oscillators may be synchronized in frequency, this does not
guarantee that the code generators driven by these oscillators will be synchronized in code phase.
Therefore, sending a single sinusoidal carrier to perform frequency estimation would only help the
NLOS GPS receiver oscillator gain Doppler knowledge, not code phase knowledge. As mentioned
in section 2.7.2, the receiver cross-correlates the received signal with the replica signal for every
sample (by circularly shifting it) in each frequency bin, and stores the maximum value of the
operation for each sample per frequency bin. Assisting the NLOS GPS receiver GPS RF front-end
with only frequency synchronization will only reduce the number of frequencies that must be
searched. The code phase search space would remain the same. Hence, the acquisition time for the
NLOS GPS receiver would be long and the GPS positioning output may still have questionable
accuracy. As a result, the performance of the CCCC algorithm, which involves modulating the

carrier signal with a PRN code, is evaluated next.

4.2 CCCC BASED EXPERIMENTS, RESULTS AND DISCUSSION

In this section, the experiments conducted and the results obtained are based on sending a
PRN code modulated on a sinusoidal carrier for cross-correlation at the receiver with the receiver
generated replica. The receiver generated replica is a carrier sinusoidal signal generated by the
receiver’s local oscillator and modulated by the same PRN code. This PRN code is 1023 chips
long having a chip rate of 1.023 Mega chips/sec. This happens to be the same as the GPS satellite
codes. In a completely frequency and code-phase synchronized transmitter and receiver oscillator
scenario, the cross-correlation of the signal received from the transmitter with the receiver
generated replica would yield a higher value than if there is even a slight mismatch between the
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two signals. The slightest mismatch may be a frequency difference of only 1 Hz, a code-phase

shift of only 1 sample or a mismatch in the phase of the carrier signals.

4.2.1 Experiment 1: Cross-correlation for Signal Detection at Receiver

This experiment was designed to check whether the receiver can detect the correct PRN
code in the signal that is being transmitted. In this experiment, the PRN code for GPS satellite
number 1 (chosen arbitrarily) was sent as data over the WLAN communication link to the receiver.
At the receiver, a sequential search of each sample of the code for all the possible Doppler
frequencies (x5 kHz) was performed. The receiver has a replica of the code for each of the 32
different GPS satellites. When the receiver does a serial search, it cross-correlates the received
code with one replica code at a time. Hence, the receiver detects the correct PRN code by starting
with the cross-correlation process with PRN code 1 and then moving through each code at all
frequencies and ending with PRN code 32. At the correct frequency and at the correct shift for the
correct PRN code, there will be a distinct peak, showing that the correct PRN code has been found.
The amount of shift in the code phase needed to find this peak represents the propagation delay,

which can be used later for range measurements.

In this particular experiment, the assisting GPS RF front-end transmits the PRN code of
satellite number 1 to the NLOS GPS receiver. When the NLOS GPS receiver performs a serial
search with its pre-stored 32 different satellite PRN codes, it will find a distinct peak when cross-
correlating the received code with the PRN code of satellite 1, at a particular shift and at the correct
frequency. For any other PRN codes, even at the correct frequency, the NLOS GPS receiver may
find a peak but its value would not be as large as that obtained for the PRN code of satellite number

1. In this experiment, the PRN code was transmitted on a carrier of frequency of 5 MHz (without

73



Doppler) and with a sampling frequency of 12 MHz. A Doppler frequency of 7 kHz and code shift

of 920 chips were then added to the signal.

SVN 1

Magnitude

Frequency [MHz] Code Phase [chips]

Figure 4.8. Serial Search Acquisition of Satellite 1 PRN Code.
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SVN3

Frequency [MHz] Code Phase [chips]

Figure 4.9. Serial Search Acquisition of Satellite 3 PRN Code.

Frequency [MHZ] Code Phase [chips]

Figure 4.10. Serial Search Acquisition of Satellite 10 PRN Code.
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Figure 4.8, Figure 4.9 and Figure 4.10 are 3D graphical representations of the GPS
satellite acquisition process in terms of both Doppler frequencies and code phase. This simulation
involves acquisition of the satellite 1 (SVN 1) PRN code. Figure 4.9 and Figure 4.10 correspond
to the satellite 3 (SVN 3) PRN code and the satellite 10 (SVN 10) PRN code which are shown as

examples (i.e. all other PRN codes, except SVN 1, would have similar results).

In Figure 4.8 a distinct peak, which stands out from the rest, is seen at the correct frequency
of 5.007 MHz (with Doppler) and at a code shift of 920 chips. The magnitude of the distinct peak
seen in Figure 4.8 is 9358. This is significantly higher than the highest peak values of 8924 and
6413 seen in Figure 4.9 and Figure 4.10, respectively, in which cases the received code was cross-

correlated with PRN 3 and 10 respectively.

Therefore, we easily conclude that PRN 1 was transmitted rather than PRN 3 and 10.
Given the ease with which the correct PRN can be detected via cross-correlation, one can conclude

that it would be beneficial to transmit a code and carrier as opposed to a carrier only.

However, the process of serial search acquisition can be time-intensive as all 32 different
PRN codes need to be cross-correlated for every frequency bin. In order to reduce this acquisition
time, the transmitter and receiver can be programmed to use only one PRN code since multiple
access is not required. This approach drastically reduces the time required as now only one PRN
code need be cross-correlated at the receiver rather than 32 PRN codes., Therefore, only one PRN

code is required for the CCCC algorithm.

4.2.2 Experiment 2: Effect of Code Length on Estimated Frequency Offset Error

The PRN code used in the CCCC algorithm resembles that of a GPS satellite PRN code

where the oscillators of the transmitter and the receiver run at 10.23 MHz (ignoring the natural
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clock drift). The 1023 chip long PRN code frequency is 1.023 Mega chips/sec such that each chip
of the code occupies 10 cycles of the sinusoidal carrier (equivalent to the L1 GPS carrier). Since
the idea is to transmit a GPS PRN code over the WLAN communication link to the NLOS GPS
receiver, the sampling frequency of the code is initially set to 10 samples per code chip. The code
is then BPSK modulated onto the sinusoidal waveform before transmission. This experiment is
designed to analyze the effect of different code lengths (i.e. - period of the PRN code in chips) on
the estimated frequency offset error while keeping the sampling frequency constant at 10 samples

per code chip.
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Figure 4.11. Estimated Frequency Offset Error vs Code Sample Delay for Different Code Lengths for the

CCCC Algorithm.

Figure 4.11 is a graphical representation of the estimated frequency offset error

incurred for a range of predefined code sample delays for different PRN code lengths. Six different
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PRN code lengths (CL in the legend of the figure) are tested in this simulation and their results

plotted.

From Figure 4.11, it can be seen that a change in the code length does not have a significant
impact on the estimated frequency offset error that is incurred. The error in the frequency
estimation is a maximum of 40 Hz when the code length is 600 chips and only 20 Hz when the
code length is 1023 chips. Since a frequency offset error of 20 Hz is well within the requirement
of 30 Hz, the small decrease in frequency offset error that results from using a code length greater
than 1023 does not warrant the additional circuitry and cost associated with increased code lengths.

Therefore, for the remaining experiments, the code length is kept constant at 1023 chips.

4.2.3 Experiment 3: Effect of Code Sampling Frequency on Estimated Frequency Offset Error

In this experiment, the effect of different code sampling frequencies on the estimated
frequency offset error is analyzed. Here, the code frequency is kept constant at 1.023 Mega

chips/sec.
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Figure 4.12. Estimated Frequency Offset Error vs Code Sample Delay for Different Code Sampling

Frequencies for the CCCC Algorithm.

Figure 4.12 is a graphical representation of the estimated frequency offset error incurred
for a range of predefined code sample delays for different code sampling frequencies (FS in the

figure). Five different code frequencies are tested in this simulation and their results plotted.

From Figure 4.12, it is evident that an increase in the sampling frequency decreases the
estimated frequency offset error obtained for the given code sample delays. The average estimated

frequency offset error for each sampling frequency is given in Table 4.2,

Table 4.2. Average Estimated Frequency Offset Error per Sampling Frequency.

Sampling Frequency (MHz) | Average Estimated Frequency Offset Error (Hz)
10 3.75
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8 8.125

6 15
5 20.31
4 32.5

The results of Table 4.2 are expected because an increase in the sampling frequency means
there are a greater number of samples per chip to cross-correlate. This increases the resolution of
the cross-correlation process. However, a very high sampling frequency is impractical in real life
scenarios. This is because the electronic components required are expensive and extensive
computational power is required. A very large sampling frequency also increases the computation
time. As a result, after discussing the results of this experiment with Rx Networks Inc., it was
decided that a code sampling frequency of 10 MHz is sufficient in terms of balancing the cost,
power requirement and computational time with the frequency estimation and synchronization
performance. For the remaining experiments, the code length is kept constant at 1023 chips, the
code frequency is kept constant at 1.023 Mega chips/sec, and the code sampling frequency is kept

constant at 10 MHz.

4.2.4 Experiment 4: Estimated Frequency Offset Error in an AWGN Channel Only

In this experiment, the clock drift bias was fixed at 90760 Hz and the signal passed through
an AWGN channel with SNR ranging from -50 dB to 40 dB. This experiment is similar to
experiment 3 of section 4.1.3. Figure 4.13 and Figure 4.14 show the estimated frequency offset
error for each of the different SNRs in an AWGN channel only. Both figures are based on the same

results but Figure 5.14 only shows results for SNR values greater than -30 dB.
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Figure 4.13. Estimated Frequency Offset Error vs SNR (-40 dB to 40 dB) in an AWGN Channel Using the

Estimated Frequency Offset Error (Hz)

Estimated Frequency Offset Error (Hz)

CCCC Algorithm.

40




Figure 4.14. Estimated Frequency Offset Error vs SNR (-30 dB to 40 dB) in an AWGN Channel Using the

CCCC Algorithm.

From Figure 4.13, it can be deduced that with the signal that consists of the code modulated
on a carrier, the estimated frequency error is greatly reduced for lower SNR values as compared
to the COCC algorithm. Figure 4.14 is the enlarged version of Figure 4.13, where the estimated
frequency offset errors are shown from -30 dB SNR to 40 dB SNR. The average error inan AWGN
channel between -20 dB and 40 dB SNR for the COCC and the CCCC algorithms are -4.84 Hz
and 2.6 Hz respectively. The standard deviations of the estimated frequency error for the COCC
and the CCCC algorithms are 250.3 Hz and 15.05 Hz respectively. Thus, it can be said that the
CCCC algorithm achieves the required frequency estimation accuracy of £30 Hz at an SNR 10 dB

lower than that of the COCC algorithm.

4.2.5 Experiment 5: Estimated Frequency Offset Error for Different Distances in a Simplified

Path-loss Model with Shadowing

For the COCC algorithm (experiment 4 in section 4.1.4), it was found that with a simplified
path-loss model with shadowing, the maximum separation distance between the transmitter and
the receiver for adequate frequency offset estimation accuracy was 25 m. Here, the same
experiment is performed with the CCCC algorithm and the frequency offset error incurred as a
function of the distance between the transmitter and receiver is determined. In this experiment,
100 simulations per distance were conducted and the average estimated frequency offset error per

distance is reported.
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Figure 4.15. Estimated Frequency Offset Error vs Distance (1 m to 100 m) in a Simplified Path-Loss

Model with Shadowing Using the CCCC Algorithm.
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Figure 4.16. Estimated Frequency Offset Error vs Distance (1 m to 60 m) in a Simplified Path-Loss

Model with Shadowing Using the CCCC Algorithm.
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In Figure 4.15, the estimated frequency offset errors, found as a function of the distance
between the LOS GPS receiver and the NLOS GPS receiver, are shown. Figure 4.16 is the enlarged
version of Figure 4.15 where the estimated frequency offset error for separation distances of 1 m
to 60 m is highlighted. The transmit power was kept constant at 0 dBm. As an example, the average

estimated frequency offset error for a distance of 40 m was found to be 58 Hz.

With the CCCC algorithm, it can be seen from Figure 4.16 that the frequency offset error
incurred at distances of 30 — 35 m is well within the acceptable range of +£30 Hz. Hence, it can be
deduced from the figure above that with the CCCC algorithm, the transmitter and the receiver can

be separated by a maximum distance of 35 m while ensuring reliable frequency estimation.

4.2.6 Experiment 6: Estimated Frequency Offset Error in a Rayleigh Fading Channel

In this experiment, the transmit signal (code + carrier) is passed through a Rayleigh fading
channel. The corresponding estimated frequency offset error and the code sample delay are

analyzed and discussed.
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Figure 4.17. Estimated Frequency Offset Error vs SNR (dB) in a Rayleigh Fading Channel Using the

CCCC Algorithm.
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Figure 4.18. Estimated Frequency Offset Error vs SNR (-12 dB to 40 dB) in a Rayleigh Fading Channel

Using the CCCC Algorithm.
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Figure 4.19. Estimated Code Sample Delay Error vs SNR (dB) in a Rayleigh Fading Channel Using the

CCCC Algorithm.

Figure 4.17 and Figure 4.19 are graphical representations of the estimated frequency offset
errors and the estimated code sample delay, respectively, that occurred for a given set of SNRs in
a Rayleigh fading channel. Figure 4.18 is the enlarged version of Figure 4.17 which highlights the

estimated frequency offset error incurred when the SNR is within the range of -12 dB to 40 dB.

Analyzing Figure 4.18 , it can be said that even in a Rayleigh fading channel, the CCCC
algorithm works better when compared to the previous COCC algorithm in terms of estimating the
frequency offset error at low SNRs. For the experiment in section 4.1.5, a reliable frequency
estimation of +£30 Hz was obtained with the COCC algorithm for a minimum SNR of 22 dB. With
the CCCC algorithm, however, accurate frequency estimates within £30 Hz are obtained at SNRs
as low as -10 dB. It should be noted that the WLAN communication link deteriorates at SNRs
below 10 dB, but the COCC algorithm in a Rayleigh fading channel require SNRs above 22 dB
for reliable frequency estimation. Hence, the CCCC algorithm can still outperform the COCC

algorithm as it can do a frequency estimation at SNRs as low as -10 dB.

The estimated code sample delay can be analyzed by looking at Figure 4.19. The estimated
code sample delay is seen to be in error at SNRs below -16 dB. At SNRs greater than -16 dB, this
error becomes zero. It should be noted that the estimated frequency offset error at -16 dB SNR in

a Rayleigh channel is 78.3 kHz.

Hence, it can be deduced that when there is a significant error in the estimated frequency
offset, an error in the estimated code sample delay can be expected as well. Also, from this
experiment, the mean of the estimated frequency offset error obtained by the CCCC algorithm for

SNRs between -12 dB and 40 dB is 2 Hz with a standard deviation of 14.708 Hz. This is considered
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to be much better when compared to the mean of -53 Hz and standard deviation of 745.5 Hz
obtained with the COCC algorithm in experiment 5 of section 4.1.5. From this experiment, it can
be said that this CCCC algorithm works better than COCC algorithm in that reliable frequency

estimation is obtained with an SNR that is 32 dB lower.

4.2.7 Experiment 7: Estimated Frequency Offset Error in a Rician Channel

The transmit signal in this experiment is passed through a Rician fading channel. As in
experiment 6 in section 4.1.6, the corresponding estimated frequency offset error and the
associated code sample delay are presented and discussed. This experiment was performed using
Rician k factors ranging from 0 dB to 10 dB. Recall that experiment 6 of section 4.1.6 demonstrated
that a LOS component five times stronger than the NLOS component yields a reliable frequency
offset estimation. It should be noted that the higher the Rician k factor, the stronger is the LOS
signal. One hundred simulations for each k factors were conducted and the average estimated

frequency offset error for each k factor plotted in Figure 5.20 below.

Estimated Frequency Offset Error (Hz)

5 6 7 8 9 10
Rician k factor (dB)
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Figure 4.20. Estimated Frequency Offset Error vs Rician k factor in a Rician Channel Using the CCCC

Algorithm.

Unlike Figure 4.6, in which the Rician k factor ranged from 1 dB to 100 dB, in this
experiment k was varied from 1 dB to only 10 dB. This is because it was confirmed from Figure
4.6 that the COCC algorithm can perform very accurate frequency estimation at a Rician k factor
value of 5 dB. Hence, to analyze the performance of the CCCC algorithm, the Rician k factor in
this test has been chosen to be within 1 dB to 10 dB. Although the Rician k factor is a variable
dependent on the indoor environment, it has been confirmed empirically in [38] that this Rician k

factor is within the range of 2-10 in a typical indoor environment such as an office.

From Figure 4.20, it can be seen that a k value greater than or equal to 4 results in zero Hz
error in the estimated frequency offset. This also demonstrates the superiority of the CCCC
algorithm over the COCC algorithm given that a minimum k value of 5 dB was required by the
COCC algorithm to achieve zero Hz frequency offset estimation error. Note that the estimated
frequency offset error in Figure 4.20 for k = 3 dB is only 10 Hz and for k = 2 dB, it is 20 Hz,
both within the required accuracy of 30 Hz. Consequently, the CCCC algorithm performs reliably

even in propagation environments where the LOS component is very weak.

4.2.8 Conclusion

The major findings of the CCCC algorithm experiments are summarized in Table 4.3 and
Table 4.4. Table 4.3 shows the parameter of the PRN code that result in a good balance between
frequency offset estimation performance and complexity, cost, and computational intensity. Table
4.4 shows the requirements to achieve a frequency estimation offset error no bigger than +30 Hz

by the CCCC algorithm over each of the channel types tested.
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Table 4.3. PRN Code Parameter for the CCCC Algorithm.

PRN Parameter Requirement to Achieve Mgm_mum Frequency Offset Estimation
within +30 Hz
PRN Code Length 1023 Chips
PRN Chip Rate 1.023 Mega chips/sec
PRN Code Sampling 10 MHz
Frequency

Table 4.4. CCCC Channel Parameter to Achieve the Desired Frequency Offset Estimation within a

Maximum Allowable Estimation Error of +30 Hz.

Channel Type and PRN Parameter | Requirement to Achieve Frequency Offset Estimation
AWGN SNR >-14 dB
Simplified Path-Loss Distance <35 m
Rayleigh SNR >-10 dB
Rician Rician k factor, k > 4

In conclusion, by comparing Table 4.4 with Table 4.1, it can be concluded that the CCCC
algorithm outperforms the COCC algorithm for frequency estimation. In addition, the CCCC
algorithm is advantageous as it incorporates a PRN code (whose parameter are given in Table 4.3)
which can be used for range measurements. Provided the parameter in are met, the CCCC
algorithm is able to estimate frequency offset well within the range of £30 Hz, and perform code
sample delay estimation for every channel type. Thus, this algorithm would enable a GPS RF front-
end with LOS view of GPS satellites to be synchronized with GPS RF front-ends buried deep

within a building. Consequently, NLOS GPS receivers buried deep within a building will be able
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to effectively use the assistance data provided by a LOS GPS receiver to quickly acquire GPS

satellite signals and, therefore, accurately determine a position for the AP to which it is attached.

90



CHAPTER 5: CONCLUSIONS AND FUTURE WORK

5.1 CONCLUSIONS

In this thesis, two new algorithms to estimate the frequency offset estimation between two
or more GPS RF front ends have been proposed, simulated and analyzed. The two algorithms are

called Carrier Only Cross Correlation (COCC) and Carrier + Code Cross Correlation (CCCC).

In the COCC algorithm, a single sinusoidal carrier frequency was sent at 10.23 MHz +
clock bias from the LOS GPS receiver and cross-correlated with a replica signal generated at the
NLOS GPS receiver. Frequency estimation within £30 Hz of the transmit frequency of the LOS
GPS receiver was achieved at SNR >4 dB in an AWGN channel and at SNR > 22 dB in a Rayleigh
fading channel at a maximum separation distance of 25 m. In an AWGN channel, the estimated
frequency offset error was reduced to zero at SNRs greater than 10 dB (the SNR below which Wi-
Fi signals become severely degraded) and at SNRs above 30 dB in a Rayleigh fading channel. It
was also found that for the COCC algorithm in a Rician fading channel, the LOS component needs
to be at least 5 times stronger than the NLOS components to achieve the desired frequency offset
estimation accuracy of +30 Hz of the nominal transmit frequency. The COCC algorithm is best

suited for applications where only frequency estimation and synchronization are required.

The CCCC algorithm includes transmitting, over a WLAN link, a sinusoidal radio
frequency signal at 10.23 MHz that is modulated by a GPS PRN code of 1.023 Mega chips/sec.
This PRN code is sampled at 10 MHz and, at the receiver, this code-modulated signal is cross-
correlated with a receiver generated replica signal. From the experimental results and their
analysis, it can be concluded that the CCCC algorithm will perform the frequency offset estimation

to the required accuracy of +30 Hz. From the experiments in Chapter 4 section 4.2.2, it is
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concluded that the optimum code length of the PRN code is 1023, as a shorter or a longer code
length would not have any significant improvement in the estimated frequency offset error. It was
also seen that increasing the number of samples enhances the performance and hence, a sampling
frequency of 10 MHz was chosen. A sampling frequency greater than 10 MHz would increase the
complexity and cost of the method whereas a lower sampling frequency would deteriorate the

performance of the CCCC algorithm.

It has been further shown in the experiments that the CCCC algorithm is able to perform
frequency offset estimation with a margin of error of £30 Hz in environments with no line of sight
between the transmitter and the receiver, high multipath effects, and with SNRs as low as -10 dB.
It has also been shown that the algorithm is distance dependent, where an optimal distance of 30
— 35 m apart (transmitter and receiver) was found at transmit power of 0 dBm. When the CCCC
algorithm is simulated with a Rician fading channel, it was found that in order to obtain an
estimated frequency offset accuracy within £30 Hz, the LOS component needs to be 4 times

stronger than the NLOS component.

Hence, in conclusion and in comparison to the COCC technique, it can be said that the
CCCC achieves the required frequency estimation accuracy of +30 Hz at an SNR 10 dB lower
than that of the COCC algorithm in an AWGN channel and, 32 dB lower in a Raleigh fading
channel. The CCCC algorithm also demonstrates a 10 m improvement in the separation distance
(now the separation distance can be 30 — 35 m) and a 1 dB improvement in a Rician fading channel.
The added advantage of CCCC over COCC is that the PRN code used to modulate the carrier

signal can also be used for range measurements.
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5.2 LIMITATIONS AND FUTURE WORK

In this thesis, the main limitation was the lack of real data collected in the field. In this work,
only simulated data for the COCC and CCCC algorithms was used for experimental purposes. The
proposed algorithms were not implemented in actual electronic devices and hence, the results
obtained are based on theory. Also, since the experiments were all simulated in software, the
parameter for the channel propagation models were all constructed based on empirically obtained
data from other researchers doing experiments on indoor channel propagation environments. It
should be noted that the propagation channel model is highly variable and very much dependent
on the environment. Hence, in this work, the channel parameter were kept as close as possible to
those encountered in a real life environment such as a busy office. However, the performance of
these proposed algorithms may significantly change in environments different than those simulated

here.

Also, for this work both algorithms (COCC and CCCC) were simulated on an Intel Corei7
processor at 1.9 GHz and with 6 GB of RAM. However, for an IPS in a real life scenario and being
used in real time, the micro-processor in the GPS receiver as well as the AP will likely have limited
processing capability which will influence the algorithms’ performance. Therefore, a thorough and
detailed analysis of the computational requirements of the proposed algorithms should be
conducted and analyzed. The limited computational capability of micro-processors may limit the
usability of the proposed algorithms for indoor positioning because the micro-processors may not
be able to handle the computational complexity of the proposed algorithms. Hence, future work
for the CCCC algorithm in particular is to practically implement the algorithm in real life scenarios

and obtain experimental data to determine the algorithm’s actual performance.
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