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Abstract

The Global Positioning System (GRS}hemost popular positioning systemmong some operational
Global Navigation Satellite Systems (GNSS). Howe@MSSsuffer fromaccuracy deterioration and
interruption of servicesn dense urban areas aade almost unavailable indoorglthough high
sensitivity receivers improveignal acquisition indoorsnultipathis still be a challenging problem
that affects accuraogspecially indoors whera directline of sightbetween transmitter and receiver
almostneverexist. Moreover, the wireless sigl features are significantly jeopardized by obstacles
and constructionmdoors To address these challengttss research amein the context of proposing
an alternative positioning system that is designed B&-Geniedenvironmentand especially for
indoors. CramerRao LowerBound (CRLB) analysis was used to estimate the lower bound accuracy
of different positioning methods indoors. Based on CRLB analyhis researchapproached the
wireless positioning problem indoortlizing receivedsignal strengtiRSS)to achieve the following

1) Developing new estimatiomethodsto model the wirelesRSSpatternsin indoors. 2) Designing
adaptiveRSShasedwireless positioningnethodsfor indooss. 3) Establishinga consistenframework

for indoor wirelesspositioning systems. 4) Developing new methods to integrate inedtaheter
basedhavigationsystems witlthe developedvirelesspositioningmethodsfor further improvenents

The theoretical basis of the work was built on nonlinear stochastic estimation techniques including
Particle Filtering, Gaussian Process Regression, Fast Orthogonal Searctgdueaes, and Radial
BasisFunctions Neural Network#ll the proposed wirelespositioning methodaeredeveloped and
physically realized orAndroid-basedsmartphonesusing thelEEE 802.11 WLAN (WiFi). In
addition,successfuintegrationwith inertialodometersensor®f mobile robotdas been performed on
embedded systemsBoth theoretical analysis and experimental results showed significant
improvements in modelinBSSindoois dynamicallywithout offline training achieving a positioning
accuracy of 13 meters Submeter accuracy was achieved integration withinertialodometer

Sensors.
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Chapter 1

| ntroducti on

The revolution in computation, information management, and communication systams
created a rapidly emerging market that is prégguushing hard for the development of reliable
navigation, positioning, and guidance systems that can work in all environments. Location
awareness in all environments createddhencept of A Ubi qui tous Posit|
as iKnowi ngt hac cpia «it teil gyn of t hi ndl§. Udquibus peopl e
Positioning is a common requirement in almost every single aspect of modern life and itrcomes
the heart of A Mobi | eaw&enesp ant Lonatjd@asedSergice® (LBS nt e x t
[2] are of great importance.

Among many existing navigation and positioning techniques such as-bsseu, odometer
based, mapnatching, and other8] [1], two common approaches strongly dominate the field,;
wireless positioning system8] (i.e. sonar and radibased systems) and inertial navigation
systems (INS}4]. INS is selfcontained sysim that utilizes motion sensors integration to provide
navigation information continuously with time. On the other side, wireless positioning systems
utilizes the wireless signals distanegated and motionelated features such as propagation time,
signd power, and Doppler effects to provide navigation information.

By far the most popular radio positioning system is Global Positioning System (GPS). Before
the deployment of GPS the by the U.S in 1885INS systems were witleused. However, due
to the unbounded growth of INS errors with tifdg INS errors were have to be reset from time
to time using external adding source of information such as radar, maps, amdaldsd After
the successfubperation of GPS and the global availability of an accurate radio positioning
system, numerous application that fuses GPS and INS to provide better positioning everywhere

were developef].



1.1 Problem Statement
Although the sucas of GPS and INS/GPS systems which is considered a huge step toward
ubiquitous positioning and core advancement in mobile computing environments, the indoor
counterpart of GPS hawmt existed yet. GPS is not reliable in dense urban areas and almost
unavailable indoors due to satellite signal availability problantNoneLine-of-Sight NLOS)
effects such as mulpath shadowing The availability of wireless infrastructures indoors
introduces great opportunities to researchers to provide the incmorterpart of GPS. However,
the GPS concepts and techniquesndb apply indoors due to complex obstacles and dense
multipath in indoor environments.
1.2 Existing Technologies
One of the existing technologies to help improve indoor positioning using GPSistedGPS
(AGPS) [3] [1]. In AGPS,cellular towers in known locations are equipped by GPS receivers
which are able, in open sky, to track visible satellites and calculate correction parameters.
Information such as satellite tracking and corrections are sent to remote mobile devices to help
those devices to track GPS satellites in urban and indoor areas. However, even if the device could
track satellites indoor, the mujtiath effects still jeopardizéhe positioning accuracgausing
accuracy deterioration that can reach hundreds of meters

Due to wide availability of théEEE 802.11 (WiFinetworks,it became the dominant indoor
wireless positioning technology. Some commercial systems have beenpaevblo companies
such as Google, Appl&kahau[6], and Skyhood 7THowever , systems devel o
and Apple gileeel bpoisc thioghi nf ormation within h
because such systems depends onoéitdhreentav aicladahb ioln
| ocati on i refior mMattiadomm sien tTthe | ocati on i nfor mat.
basic dmredehight d@®nwebe obuielvieinngci ty | evel. T

Skyhook i s one of the first hsiygsht e me sgowl qui tliaobnl



Howeverrepdalteewdr acy rangmp 7k aohma Ul 081 emeomer08 accur
provided that dense Wi Fi beacons taggq 6§nd acce
t ht kesi s, more accurate with highetrhatespid avii de
from 1 to 3wimethef ewecumaeper of access points
are introduced.

On t hei dbe,heat lser researchers are trying to ex
and | aser range finders to provide indoor p o
highly customizabl e dmd adrdviitriomme nsto df eapre n dtehnets.
provi del esneanpgositlironti migs styls ¢ ®ims , t hea wotr&knd o c L
al olnoew icrodddor posi twiidrmi myg ng ynutme Mdskmemwd erdgye @rb o
the environment.

1.3 Solution Strategy

The present research put the radio positioning systems as the main solution. Streesiyategy

is to utilize the existing wireless infrastructures available indoors such as the popular IEEE
802.11 (WiFi) networksnd trying to integrate theroposedndoors wirelespositioning solution

with otherinertialodometer basedavigationsystemdor further improvements

1.4 Challenges

Having the solution strategy clarified, list of challenges tackd in this research is
provided.

1.4.1Signal Coveragelndoors

Although satellite signals availability indoorés a problem, fortunately, the widespread
deployment of wireless local area networks (WLAN) inside building created an important
opportunity and prompted many researchers to use WLANs to provide positioning inside
buildings and in dense urban areas. Fangxe, the popular IEEE 802.11 WLAN (WiK8] [9]

are now available almost everywhere and it provides free wireless infrastructure that can be used



to build indoor positioning and navigation systeb@] [11] [12] [13]. However, even iktrong

radio signal coverage exists indoors, other challenges emerge.

1.4.2NLOS Problems

Even if strong radi signal coverage exists indoors or in dense urban areas, the multipath resulting
from signal reflections and refractions on different obstacles didt @S conditionscauses the

time of flight of signals to be contaminated with complex stochastic etnatshard to be
modeled and compensatéor [14] [15]. If received signal strength (RSS) to be used as a
distancerelated feature of radio signal that can be easily modeled using commdistigce
formulas[16] [14], the effect of multipath will cause odd power patterns thataidollow the
common logarithmic decay pattern.

1.4.3Continuous Dynamic Changes inside Buildings

If a strong wireless covage is available and tidLOS problems were solved with sophisticated
modeling techniques, another problem would be the dynamic changes that continuously happen
inside buildings. These changes eventually cause any training or calibration tedbelatgand,
consequently, training and calibration of estimated models parameters will need te be re
performed

1.4.4Noisy Radio Positioning in Indoor and Urban Areas

In NLOS conditiors and with dense dynamic changes in the environment, usually the
positioning solubn of any radio positioninghdoorsis scattered and very noisy

1.5Research Objectives

Based on the described problem and challenges above and the existing opportunities, the research
in this work focused on the achievement of the following objectives:

1. Introdudng novel wireless grpagation modeling techniques to handle NLOS prohlems

2. Introdudng novel wireless radio maps construction aptimizationtechniques



3. Using the modelproposedn (1) and (2) for developing novel indoor wigek positioning

system that has the following characteristics:

3.1. Achieves from 1 to 3 meter positioning accuratiis level of accuracy is needed in

many applications such as rescue managemertanmhercialLBS.

3.2. Provides heading informatioin addition to position inforntéon.

3.3. Doesnot need offline trainingindadaptsdynamicallyto environment changes.

3.4. Provides anaccurate integrity monitoring

3.5. Doesnotneed preknowledge about the topologynd structuref the indoor area.

3.6. Works efficiently on portableandlimited resources devicemdsmartphones.

4. Developing optimized methods to integratieelesginertialodometemavigationsystems

1.6 Research Contributions

1.6.1List of Research Contributions

1.

Showing by means of CramBao Lower Bound (CRLBgnalysis that usig received
signal strength approacimdoors is more reliable than timbasedand anglebased
wirelesspositioningmethods

Developing a new hybrid radio propagation modeling technique that casnloige
distance path loss model a@@ussian Process Regressi

Developing a new hybrid radio radinap construction technique that combines the
common logdistance path loss model a@adussian Process Regression.

Introducing a Zere&Configurationadaptive WLAN Positioning System can bealized
over WLANSs without extra network hardwarand withoutpre-knowledgeabout the area
structure and topology

Developing an adaptive WLAN Positioning System that can estimate not only a position

but also araccuracy measure (integrity monitoring)



6. Developing a new optimizedersion of Mixture Particle Filter algorithm using a
clustering technique called mediant clusteringto be realizéble on limited resources
embedded systems

1.6.2L.ist of test-beds,experimental work and systens developed
1. A reaktime realization of the optimizedmixture particle filtering algorithm was
implemented on a system consists of the following:

1.1. An embedded Windows CBperatingsystem

1.2. Alimited-resources CorteA 600MHz CPU (BeagldBoard)

1.3. A mobile robot with wheels encoders

2- A complete tesbed for WiFi experimentwas developedonsists of the following:

2.1. An application developed byC# programming languagthat can be used for
WiFi surveysand radio maps building and maintenance.

2.2. An gpplication developed byC# programminglanguagethat can detect the
locations of WiFi access points in any area without using any absolute
positioning system such as GPS.

2.3. An gpplication developed byC# programming language that can record user
fingerprints in an arbitrary trajectory and convére saved data into Matlab
readable format.

3. A Completerealization of the proposediFi PositioningMethodswas developed and
tested for Android smartphones. The systemas successfullyprototyped on Android
Samsung Galaxy Nexus smartphon&lsnecessarytools for monitoring and control of the

systemwerealsodeveloped



Chapter 2

Wireless dmndilg@gstbieanls: An Over vi e

2.1 Wireless Positioning Systems: Pros & Cons

2.1.1Global Navigation Satellites System (GNSS)

GPSis the mostpopularworking GNSS is the one developed by United States Department of
Defensein early 197045] [17]. GPS consists of a constellation of 24 satellites and some active
spares. This constellation can bersan Figure 2-1. The satellites are arranged in six orbits
around the eartlith at least four satellites per orbit. This geometry permits fourno@eS

satellites to be visible anywhere in the world, if an elevation angle of 10° is conditiérdgach

satellite transmitsa signal that contains the necessary information to enablerueec ei ver 06s
position calculation.The satellites constellation is called the space segment. Two additional
segments exist in GPS, the ground and the user segmemisndGsegmentonsists of a
worldwide néwork of tracking stations that monitor and control satellite motion, system integrity,
behaviour of satellites atomic clocks and other considerafiom user segment include all GPS

users. With a GPS receiver and antenna, a user can receive GPS signals and use them to calculate
his/her position anywhere in the world.

GPS utilizes the conpe of time of arrival rangind18] [19] [20] [21] to determine the
receiver position. The distances of GPS receiver to the visible satellites are calculated using the
time it takes the GPS radio signal to travel from each satellite to the receiver. These distances are
called the pseudmnges. The locain of each satellite is known to the receiver through the
navigation message sent by the satellite. With these distances and satellite coordinates, the
position of the GPS receiver can be computed by Trilaterg80h This is based on the
intersection of the signal propagation spheres (satellite at the centre of the sphere, radius equal to

the receivessatellite distance).



In theory, a minimum of 3 satellites are needed to be visibtbedsPSreceiver to get its
location. However, a 4th satellite is needed to account for the clock offset of the receiver. In
addition to the pseudmnges, a GPS receiver may estimate the Doppler frequency of the
received GPS signal s, which can bealysa&@S t o de
receiver can provide position and velocity information as long as it can receive a signal from at

least four satellites.

Figure 2-1. A GNSSconstellation of satellites around the earth.

2.1.1.1SatellitesBased SystersaProblems
Several forms of errors in the measurement of the satilliteceiver range exigl2] [23]. We
can list them as fadws:

1. Receiver clock bias: It is a time varying error with the receiver clock. If range
measurements are available simultaneously from four satellites, the clock bias of the
receiver can be estimated and hetereceiverposition[22] [23].

2. Satellite clock drifts: Each satellite clock run independently and drifts over time. The
control segment monitors and estimates the satellite clock errors and sends this information
with the navigation messaf@?] [23].

3. Tropospheric delay: The Troposphere is the lower part of the atmosphere which is from 8

to 40 km above the surface of the earth; this layer has changes in weather leading to



variations otemperature, pressure, and humidity. These factors affect the speed of light, so
their changes cause errors in the range measuref22h[23].

4. lonospheric delay: The lonosphere is the layer of gomere that is above 50 km. It
consists of ionized air, and changes in the ionization level influence the travel time of the
GPS signals through the lonosphg2] [23].

5. Multipath: Multipath errors & caused by the reflection of signals from surfaces near the
receiver and causes errors in range measure2j{23].

6. Receiver noise: It is the error in measuring the transit time by the redeigecaused by

factors like component nonlinearity and thermal n{iz23 [23].

2.1.2Positioning based orCellular Mobile Networks

The basiccellular network architectur§g] [24] (Figure 2-2) consists of Base Station Controllers
(BSC)and GSM controllers (GSMCIeach mobile device is covered by one or more tower (Base
Station). Mobile devices receive radio frequency signals from many different to@elis.
information received by mobile devices can determine the location of the user within current cell.
Clearly, his method has limitedccuracybecausesome cells may have coverage range dfkm

[8] [24]. GSM networks can assist GPS in environments in which GPS signal is weak. This is
achievedby equipping tk towers in open sky areas with GPS receivers and using each tower to
transmit GPS data among with the signal it transmits to the mobile devices. Hence, the GPS
receivers inside mobile devices can acquire GPS orbital and time information. In addition, and
based on the accurate knowledge of towers positions, local lonospheric conditions and other

conditions affecting the GPS signal can be estimabedcommunicated to mobile devices



Figure 2-2. Basic GSM Mobile Network.

2.1.3Wireless Local Area Networks
Wireless Networksare networks that conne@ number of devices togethg@4] [25]. Wireless
Local Area Networks (WLANhas been developed since 198@sstandardized in 1994 under
the IEEE Standards family devoted tofidmg Local and Wide Area Networks. The most
common wireless network standard is 802.11 Standards which is knownFs&fivorks[24].
Access Points in WiFi networks is the node that connects-Fienabled devices wirelessly
the Internet or any wirddirelessnetwork. A WiFi enabled device is a device that can receive
and transmit data from and to Wireless Access Points using a wireless adapter card (Network
Interface Card). Typical Wi network architecture is shown Figure2-3.

Currently many enterprises have WLAN that covers the whole enterprise buildings. Based on
the received signal from different access poimisiny algorithms can be used to estimate the

mobile device position. The main advantage of using=i\§ the good coverage in indoor areas.

10



In addition, we daot have to setup additional equipments or build new infrastreidtuhave a

positioning syste indoors

IEEE 802.11
Access Points Ethernet

Smartphone WLANenabled Laptop

PC connected to an
Ethernet

Figure2-3. Basic WLAN Architecture

2.1.4Wireless Sensor Networks

A wireless sensor network (WSN) consists of spatially distributed autonomous sensors to
cooperatively monitor physical or environmental conditjiossich as temperature, sound,
vibration, pressure, motion or pollutai6] [27]. Eachnode in a sensor network is typically
equipped with a radio transceiver, a small microcontroller, and an energy source, usually a
battery. A sensor network normally constitutes a wireleshogdnetwork, meaning that each
sensor supports a muhibp routng algorithm (several nodes may forward data packets to the
base station). Sensor Networks can be used in positioning using variety of techniques such as

trilateration based on time of arriyangle of arrivabr signal strengthl9] [20].

11



2.2Common Wireless Paositioning Techniques

This section isa brief survey aboutsome commomethods andapproaches that amgsedto
addressvireless positioning problem indoor and dense urban areas.
2.2.1Time-BasedTechniques

2.2.1.1Time of Arrival (TOA)

TOA [19] [20] [21] [18] [28] is the time elapsed since the first bit in the physical layer of the
transmitter is transmitted until the first bit hits the physical layer of the receiver. TOA is an
indication of the distance since the RF signal travels with the speed of light. atitater
algorithm uses the distances between multiple base stations (BS) and the mobile device to
estimate its position. In 2D, the mobile device is located by the intersection point of the 3 circles
shown inFigure 2-4. Each circle haa radiuscorresponding tehe distance between the mobile
device and the considered BS. Trilateratagproach uses a geometric method to compute the
intersection points afuch circles. The position of the target can also be computed by minimizing

the sum of squares of a nonlinear cost function, i.e. -tepgtres algorithri29] [30]. Assume the

mobile device locatioiis (X, Y,) and time taken from the signal to travel with light sp€ed

from mobile device to basstationQs ti . As a performance measure, the cost function can be

formed by

.’:l 2,2 (21)
F(meo):aai fi (Xo’yo)

i=1

i (%5, ¥o) =t - \/(xi - X )+ (Y - )’ (2.2)

WhereN is the number of base statior(s),(i ) yi) is the 2D location of the"ibase station, and

ai IS a Welghtlng factor to take measurements accuracies into consideration.

12



(a) (b)

Figure 2-4. Trilateration Method

Limitations of TOA Method

The accuracy of the TOA depends on the accur a
cl ock and receiveros cl ock. Furthered mor e,
transmitter and receiveFor more clarificationthe performance of GNSS whialseesthe TOA

method was tested in harsh downtown area in a real road experiment in downtown Calgary in
Alberta, Canada. Irigure 2-5, the performance dBENSS receiver Trimble DB982 is compared

to a highend integrated GNSS/Inertial navigation system. Actually this is the effect of multipath
satellite signals. The situation indoors is significantly worse where the GNSS sighalo(ifd

reached indoorsyill suffer from severereflections and refractionshis is clearly shown in

Figure 2-6 where a testvasdone around and inside Calyg Technologies Inc. building using a

GPS receiver of a smartphone (Samsung SlliI).
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Figure 2-5. GNSS performance in downtown Calgary

Multipath effects Complete Blockage GPS is not availabiedoor

- - .
@ANACHBENEIDE

(e e SERE&
ROTTI

Imagery/Date9/13/20081 2§ 2002 51E05:04%51=NE1H4 20753506 WV elev i3 m Eyealt 1.31km

Figure 2-6. GNSS performance indoors
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2.2.1.2Time Difference of Arrival (TDOA)

The ideaof TDOA is to determine the relative position of a mobile transmitter by examining the
difference in time at which the signal arrives at multiple measuring [#{s[20]. For each
TDOA measurement, the transmitter must lie on a hyperboloid with a constant range difference
between the two measuring units. An explanation of this method is shdvguire2-7. We have

three known measurement units A, B, and C in addition to the mobile device P. The equation of

the hyperboloid is given by

R,J’ :\/(Xi ) Xp)2 +(i - yp)2 - (- Zp)2 B \/(Xj - Xp)2 +(yj - yp)2 B (Zj B Zp)2 (2'3)

Where (X,Y;,Z) is the location ofixed measurements units and ,y, . z,)is the target object

location. Except the exact solutions to the hyperbolic TDOA equation shown through nonlinear
regression, an easier solution is to linearize the equations through the use of asd@gor

expansion and create an iterative algorithm as descriljdd]in

R2R1
B
N R2
\
\
| R1 - =
P
A T
Y /
// I R3
V4
-_ = - Rli"rRl C
\
\
N

Figure 2-7. TDOA method

Limitations of T DOA Method
Although the TDOA eliminated the accurate synchronized timing, theL@® problems have

the same effect oMDOA method because it will break the relationship between the measured

15



time differences and the true distances between the receivers amdrtbmitters.Another
problem with TDOA method is that if too martyansmitters existthe receivers will be

overloaded which may degrade the scalability and performance of the entire system.

2.2.2Angle-Based Techniques

2.2.2.1Direction of Arrival (Known also as Angle of Arrival (AOA))

In AOA [19] [20] [32], the location of the desired target can be found by the intersection of

several pairs of angle direction lines. As showfigure2-8, AOA methods may use at least two

known reference points (A, B) , a 4D docatiow of thene a s u r €
target P. Btimation of AOA, commonly referred to as direction finding (DF), can be
accomplikied either with directional antennas with an array ofantennas[19] [20]. The

advantages of AOA are thab time synchronization between measuring units is required.

> @

Figure 2-8. Positioning based on AOA measurements

Limitations of AOA Method
The disadvantages include relatively large and complex hardware requir¢d2gntde location

estimation accuracy degrades as the mobile target moves farther from the measuring units. For
accurate positioning, the angle measoents need to be accurate, but the high accuracy
measurements in wireless networks may be limited by shadowing, multipath reflections arriving

from misleading directions, or by the directivity of the measuring aperture.

16



2.2.3Signal Strength-Based Techniques

2.2.3.1Fingerprinting -Based Techniques

It is also known as scene analy@f] [33] [34] [35] [36]. RFbased scene analysis refers to the
type of algorithms that first collect features (fingerprints) of a scene and then estimate the
location of an object by matching online measurements with the closest a priori location
fingerprints. RSSased locatiorfingerprinting is commonly used in scene analysis. Location
fingerprinting refers to techniques that match the fingerprint of some characteristic of a signal that
is location dependent. The main challenge to the techniques based on location fingeliprinting
that the received signal strength could be affected by diffraction, reflection, and scattering in the
propagation indoor environmen{86] [37]. There areseverallocation fingerprintingoased
positioning algorithmg19] [20] using pattern recognition technique so far: probakilisteéthods,
k-nearestheighbor (KNN), neural networks, support vector machine (SVM), and smallest M

vertex polygon (SMP).

2.2.3.2Propagation Modeling Techniques

Path loss (or path attenuation) is the reduction in power density (attenuation) of an
electromagnetic wave as it propagates throygce]8] [38] [36]. Path loss is affected by many
factors, such as frespace loss, refraction, diffraction, reflection, apermetlium coupling loss,

and absorption. Patloss is also influenced by terrain contours, environment (urban or rural,
vegetation and foliage), propagation medium (dry or moist air), the distance between the
transmitter and the receiver, and the height and location of antennas. If path loss mduel ca
identified, it can be a measure of distance. The simplest form of path loss model in open air is

given by[8]

17



P=PF, - 10nlog,,(d/d,) (2.4)
Where P is thereceived signal strengti is the loss exponent] is the distance betwedhe

transmitter and receiver and?o is power measured at reference distzd'@ceThe model

parameters can be estimated using differentlim@ar sysems identification algorithm$20]

[14]. Once the path lossiodel is accurately identified, distance between receiver and multiple
transmitters can be estimated amithteration[19] [20] can be used to estimate the receiver
location.

Limitations of Propagation Modeling Techniques
NLOS conditions indoors causes odd RSS observations patterns that do not follow the

logarithmicdecay formulas. In addition, due to environment dynamics and changes, logarithmic
decay modebk will be no longer validand need to beipdated Figure 2-9 showsreal RSS
measurementmken in an indoor area anmtbdeledusinglogarithmicdecay formulalt is noticed

in Figure2-9 that some RSS are too smaB(@ to-90 dBm) although the corresponding distance

is short (almost 15 meters). This fAoddo power
signaland cannot be simply modeled using logarithiahécay formulasTo further demonstrate

the noisy nature of RSS observations indoeigure2-10 shows histogram of 200 signal strength
measurements taken at thansalocation in an indoor area. The figure shows how noisy RSS

observations are and also shows that it defollow the common Gaussian distribution.
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2.3Inertial Positioning Systems: Pros & Cons

2.3.1Inertial Sensors

Inertial Sensors measutee motion of rigid bodie§3] [4]. Inertial Measurement Unit (IMU)
consists of an orthogonal triad of accelerometers that measures the acceleration along the moving
body frame axes, and an orthogbimiad of gyroscopes that measures the rotation rate around the
axes of the body framdrigure 2-11 shows a typical MEM®ased accelerometers triadda

typical optical gyroscopes triad.

€Y (b)

Figure 2-11. (a) MEMS accelerometer triad[39]. (b) Optical Gyroscopes triad[40]

2.3.2Reference Frames

The following are the major reference frames used for[BJIS

2.3.2.1Earth-centered earthfixed (ECEF) frame

This frame is rotating with the earth and its origin is fixed at the center of the earth, the X axis
points toward th&reenvich meridian in thevertical equatoplaneas seen ifrigure2-12(a), the

Z axis is along thdcarthd golar axis, and the Y axiss 90 degrees east of the meridian in the
equator planeThe coordinate of any point in this frame can be expressed as eitbetaingular

form & RO  or geodetic form (latitude, longitude, and altitude)
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2.3.2.2Local-level frame (Navigation frame)

It is the usual East, North, and Up (Vertical) rectangular frame. This frame is the preferred
navigation frame in which mechanization and navigation algorithms are implemented on. This
frame is shown ifrigure2-12 (b).

2.3.2.3Body frame

This is the moving body attached frame. It is fixed to the vehicle and the IMU framseially
aligned to the body frame to avoid additional transformation steps fromfiahe to body frame

Figure2-12 (c) shows the body frame of a land vehicle.

A z

o | \ o, up
N
E
Greeawich /-
Meridian
g
/x Lk Greenwich .
‘(‘
a j‘ Equator 1
3
\4
Equator
X¢
@) (b)

Figure 2-12. (a) ECEF frame, (b) Navigation Frame, (c) Body Frame

2.3.3Mechanization
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Mechanization{3] [4] is the processing of the inertial sensors measurements to provide position,
velocity, and attitude information. Position is in the form of latitude, longitude, and altitude.
Velocity is along East, North, and Up directions of the Léeet¢l frame. Attitwe is the pitch,

roll, and azimuth angles which specify the orientation of the moving platform in the-leveal
frame, i.e. it specifies the rotation of the body frame from the dewal frame. Initially, the
starting attitude is determined by an ialitalignment procedure while the starting velocity and
position are given from another source such as GNSS.

The general steps of the mechanizatioa Strapdowii3] [4] INS systenin 3D are as follow

1

Knowing the initial attitude, and after correcting for gyro biases and earth rotation rates,

the system integrates the angular rates measured by the gyroscopes to obtain the angles or

the attitude of the body frame with respect to the navigation frame.

2- The system uses the angles obtained from step 1 to transform the accelerometers
measurements from body frame to navigation frame.

3- The system compensates the transformed accelerometers measurements for the gravity
effects.

4- Knowing the initial position and Vecity, and using mathematical integration, the system

provides the velocity (by integrating once) and position (by integrating twice) with

respect to the navigation frame.

The general block diagram of the INS Mechanization is showgumre 2-13.
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Figure 2-13. INS Mechanization

2.3.4Inertial Navigation Systems Challenges

2.3.4.1Sensors Errors

Due to sensors manufacturing imperfections, temperature, humidity, and other environmental
factors, INS sensors have a variety of error types which can be listed as {8li¢4]s

1. Biases are determistic error value that can be calibrated before starting the navigation
process. However, MEMS inertial sensors suffer from largeauan biases.

2. Dirift is the type of errorthat increases with time and can also vary with respect to
temperature and otheenvironmental effects. This is the most serious type of sensors
errors. However, it can be stochastically modeled ukirag filtering techniques such as
Kalman filter[41] or nonlinear filtering techniques such as patrtifiler [42] or nonlinear
system identification techniqué$3].

3. Scale Factors errors. Scale factor is the ratio between the physical quantity and the output
signal of the sensor. This error hasleterministic part that be determined by calibration

and a stochastic part that can be modeled.
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4. Orthogonality errors. If the axis system of the sensors is not perfectly orthogonal, this will
cause measurements errors since each accelerometer will sepemeots of acceleration
in different directions instead of single correct direction. However, these errors can be
removed by sensor alignment calibration methods.
5. Random noise error. This type of error is unpredictable stochastic noise. Digital filtering
and down sampling techniques can be used to minimize the effect of the random noise.
2.3.4.2Errors Accumulation
Due to recursive nature of the mechanization process which involves mathematical integration,

errors accumulate with time resulting in large drifts tiratv without bounds
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2.4Integrated Navigation Systems: Opportunities & Challenges

2.4.1The Opportunity

Two types of improvements could be achieved through Radio Positioning and Inertial Navigation
systems integration; solution smoothing and inertial sensomsseestimation which enables
inertial systems to maintain reliable performance if the radio positioning system is interrupted for
a while[3] [23]. Two common integration techniques exist, Kalmdtefing (KF) [3] [44] and
Particle Filtering (PFJ42]. While KF is characterized by it is optimality (in least square sense)
and the computational efficiency, it impdsmitations on systems such as linearity and Gaussian
nature of both signal noises and system states. On thesadleerPF is characterized by its
flexibility to handle norGaussian and Nelinear systems and signals. However, it is-epbmal

and it intoduces a large computation burdég).

2.4.2The Challenge

While both KF and PF haveeen widely tested in INS/GPS systef5] [46], the situation is
different in indoor and dense urban areas where the radio positioning system performance is very
noisy with too many outlier®2resenKF-basedand PFbasedmethods requirgood accuracy of

the GPShatshould be sustainable for a sul@period of time to have the filter converge.
2.4.3Simple Kalman Filter Example

To have some sense of the problem, a KF that estimates the true random coerfsbaminoisy
measurements is givenas follows

System Model ® w U

Wherel is zeromeanGaussiamoiseof a covarianca called process noise

Measurement Modelwo @ U

Wherev is zeromeanGaussiamoiseof a covariancey called measurement noise

Filter Prediction:

A (2.5)

25



Whered s predicted variance of the predicted state

Filter Update:

(2.6)

2.7)
(2.8)

(2.9)

Where0 is a gain called the Kalman gain calculated to minimize the variandg1] andd is

t

he

observati omss wapgerts cmrei pkt.

rTehfee riis

t

(0]

predicte

refers to values after the update st®ulation with different measurement noise was done and

results are shown iRigure2-14 which shows how convergentime andthe estimatioraccuracy

aresignificantly affected by measurement noise. Part of this research explores the possibilities of

systems integration in indoor areas where radio positioning measurements are significantly noisy.
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Figure 2-14. Kalman Filter applied to a simple random constant process model
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Chapter 3
CramRao Lower Bound WValriinBeasedAnahygse
Based, -8adeBSRadi oPeProfsdartmaomdengi n Sev

conditions

The three basic radio signal features used for positioning are the Time of Flight (ToF) and
Received Signal Strength (RSS) and Angle of Arrival (AoA). The NLOS conditions affect all of
these measurements in differenays. In TimeBased Positioning systems, NLOS causes the
receiver to receive distorted multiple copies of the radio signal which jeopardize the accuracy of
calculating the ToF needed to estimate the distft®®le In RSSBasedsystems, NLOS creates

odd power/distance pattern that dows follow the nice common logistance. In Anglbased
methods, a multipath signal will indicate a totally wrong AoA. In this chapter, these three basic
radio signals measurements and estimatiodets are analyzed using Craniao Lower Bound
Analysis (CRLB)[47]. The objectives of CRLB analysis to theoretically assess the effect of the
NLOS conditions on the positioning accuracy if TiBased, RSSBased or AngleBased
Paositioning Systems are used. Then, basethisnanalysisa decision will be made on which
measurements to be used that best fit the severe NLOS condition in indoor areas.
3.1Cramer-Rao Lower Lower-Bound

CRLB is the lower bound on the variance of any urdidasstimator for unknown parameters
[47]. If —is an estimate of a true parameter veetastimated by an unbiased estimator from on

measurements, then the minimum achievable variancey i— is given by:
V@~ 0 — —— —  &'YD 6 (3.1)
0Y06— O — (3.2)

Where'O— is the Fisher Information Matrix (FIM) given §¥8] [48] [47]:
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1 (3.3)

0— © T—i_ 10Qus— TT—i_ 10Qus—
Wherel T0Qx%s— is the measurement likelihood density function defined as the probability of

measuremergiven the parameters-

3.2 CRLB with Measurement Model with Zero-Mean Gaussian Noise
In any estimation problem, a measurement modesésl that maps the measuremedtst¢ the
parameters to estimate} The general form of the measurements model is given by:
® Q— 0 (3.4)
In CRLB analysis, it is assumed that is zeremean Gaussian noise with covariafi¢evhich

means the measmentsois Gaussian centered aroufid— with covarianceY given by:

-

0 Gg— "Q—hY (3.5)
Based on this assumptidn,i 0Gis— is given by:
[ ena %i i %i i s (3-6)
P

o 0— Y & o—
C

And in the FIM'O— will be given by

T (3.7)

The term—"Q— is the Jacobian matrix dQ— with respect to every element in parameter

vector—
3.3Time-Based Positioning Systems Measurements

In 2D TimeBased Positioning Systems, tmeasurements model is given by
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Q ® o ® o (3.8)
Wherecfwis the user location anidfw is the'Q network node andQ is the measured range
t hat is calculated by userés radi o ghtelciei ver b

assumed that this calculated ran@9 (s contaminated with a white zensean Gaussianoise, .

Assumingy network nodes, in this case;"Q— is given by:

1. (3.9)

(O]
=

€
€
€
€
8‘
€
€
€

v

v

v

v

8

8
\ 8' .
W W

—v

u ® W W 0 w w U

And the CRLB of accuracy at locatioafto will be given by

6'YO@dm  610Y O (3.10)

Where'Y QQ&"®, M &h where, isthe variance ofQ measurement.

3.4 Angle-Based Positioning Systems Measurements
In 2D Angle-Based Positioning Systems, the measurements model is given by:

6 omE @ (3.11)
W W

Wheredhwis the user location anidfw is the'Q network node and is the measured angle
calculated by userds radio receiver by49any tec

It is assumed that this calculated andde) (is contaminated with a white zensean Gaussian

noise, . Assumingd network nodes, in this case;"Q— is given by:
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1. (3.12)

T —
W W W w
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And the CRLB of accuracy at locatioafto will be given by(3.10)

3.5RSSBased Positioning Systems Measurements

In 2D RSSBased Positioning Systems, the measurements magehégally given bya] [14]:

0 0 pHGAEDQ @ ® O o K, (3.13)
Wherecfis the user location ardiho is the’Q network node) is the RSS measured power
at reference distand fromthe’Q network node and is the measured power (RSS) that is
measured by user & she pahddsoexporeftd.iltuseassumed ttat this

calaulated RSS is contaminated with a white zerean Gaussian noise Assumingy network

nodes, in this case; ‘Q— is given by:

o L (3.14)
0O —0—
T_

N pH O pH O O .

PP T W (1)8 0w W aepm w (1)8 0w 0 o

11 Iy

11 8 8 I\

N .8 .8

L1 PH W W PH W W Ny
DHpTo ©  © & dpne o @ & U

And the CRLB of accuracy at locatioaito will be given by(3.10)
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3.6 Assessment of CRLB of different Radio Positioning Methods

A quick look on equation$3.9), (3.12) and(3.14) one can easily realize that AoOA and RSS
methods are both scatlependent which means if the area increased by scaling, the CRLB wiill
increase. ToA methods has the advantage of not depending on area scalt@®RhB will not

be affected if (3.9)is multiplied by a distance scale, the CRLB will be de#s and increasing

or decreasing the area will not afféctAlthough this is an obvious advantage of ToA methods
over AoA and RSS based methods, the severe NLOS conditions will have negative effect on the
CRLB. In order to assess this effect, simulation was done in which we have 4 network nodes and
the NLOS coditions are represented by different measurement noises. For example, a time error
of only 0.1 microseconds will result in a 30 meter distance error. Moreover, in a network such as
WiFi, the timestamp resolution is 1 microsecond which corresponds to [S0)nBased on the
results reported ifil8] , [50] we put a distance error of 10m in the ToA method in our simulation
asaNLOS effect. In AOA we put a noise of 20 degraagle error. In RSS methods, based on the
experiments done in this research and reported in many g&a¢q20] [51], a 10 dBm signal

noise in NLOS was used.

3.7 Simulation Results
4 network nodes with different area and different measurement noises and different geometry
were simulated to compare the expected performance of each type of systems in severe NLOS

conditions.

3.7.1Effect of Scaling the Experiment Area
Figure3-1 andFigure3-2 shows the CRLB at a square simulation area. The arfeigumne3-2 is
scaling by two bthe area irFigure3-1. As mentioned earlier, both RSS and AoA methods were

affected by the scaling while ToA is not. An interesting note is th& &8 AoA methods are
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close to each other in terms of distribution. This is expected from the mathematical formulas of

RSS and AoA CRLBs if8.12) and(3.14)

ToA 2D Position CRLB(m) RSS 2D Position CRLB(m)
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Figure 3-1. CRLB for the three basic radio positioning approaches
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3.7.2Effect of Measurement Noise

In this simulation, a 30% increase in the measurements noise for the three methods were

simulated.

Figure 3-3 shows that RS$ased method is the least affected method and the ToA is the most

affected method. This is very important since in NLOS, most probably the measurements will be

contaminated with higher noises instargausly due to dynamic changes in the environment.
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Figure 3-3. CRLB with 30% noise increase

4.5



3.7.3Effect of Network Nodes Geometry

Figure3-4 andFigure3-5 show that ToA is better in coverage that RSS and AoA. Although ToA

CRLB is higher than that of RSS and AoA, ToA achieves its minimum CRLB in most of the area

with different geometries.
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Figure 3-4. CRLB for TOA/RSS/A0A with different geometry
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3.7.4Better Assessment

To have a better idea about the effect of different conditions on the CRLB, a simulation at
different noise, scaling, and geometry wemme&l The geometry was measured as the absolute
difference between the maximum and minimum angle of the direct LOS between the user
locations and the network nodes.

Figure 3-6 shows the geometry effect. There is a similarity between RSS and AoA. An
interesting note is that RSS has the lowest CRLB in all angle rakigagre3-7 shows the effect
of increasing measurement noise. Obviously, R&Sd method is the best and the ToA is more
severely affected by measurement nokiSgure 3-8 shows the effect of scaling which shows that
although ToA is not affected by scaling of the area, the CRLB of ToA is still much higher that
RSS CRLB and AoA CRLB for the fifth scaling of the area. Another noteas R$Sbhased

methods are less affected by scaling than AoA.
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Figure 3-6. Effect of Geometry on CRLB
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Effect of Increasing Noise on CRLB at location 10.50,10.50
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Figure 3-7. Effect of Measurement Noise on CRLB
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Figure 3-8. Effect of area scaling on CRLB

3.8 Conclusion: Why Using RSShased methods for Indoor Positioning

Based on the analysis given in this chapter, the-B38d methods are more suitable for indoor
areasand dense urban areas where NLOS conditions are very severe. While this chapter proves
theoretically that RS®ased methods are better for indoor areas. Empirical and experimental

results published in the literatufd7] [33] [52] [51] [20] [19] also show that the RS&sed
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methods are better for indoors. Our explanation of this fact is that while NLOS conditions affect
the ToA and AoA such that it is very complex to differentiate between LOS and NLOS signals
and it is difficult too to estimate the accurate path of a NLOBasighe situation is different in
NLOS RSS measurements. Actually, the complex indoor structures are reflected on the RSS
values in these areas. We can say that each indoor area and certain arrangement of network nodes
create a unique RSS distribution ottee area that can lmeodeledby a radio mafs2].

RSSBased methods have another advantage over ToA because RSS measurements does
need any timeynchronization. Regarding TDoA method, although it does need time
synchraization, it does need very precise clocks which add cost and complexity constraints to
any TDoAbased system. The situation is the same if RSS is compared against AOA methods
where sophisticated smart antennas and antenna arrays are needed to prexssety angle of
radio signal arrival. Another wise reason to prefer B&Sed methods indoors is the hardware
requirements. As mentioned in the research objectives, one of our targets is to use an existing
common popular WLAN such as IEEE 802.11 (WiFi) natks to build positioning systems
without using any extra network hardware such as expensive clocks or special smart antennas.

For example, IEEE 802.11 standaf88] [54] defines a synchronizatiomriction that keeps
timers of all terminals synchronized. In the infrastructure topology, all terminals synchronize to
the AP clock by wusing the timestamp informatic
which is too inaccurate for time based ifioging. In addition, the synchronization algorithm of
802.11 maintains synchronization at the accur

Based methods.
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Chapter 4

|l ndoor Wireless P¢(BMapgati on Mo

In the previous chapteit was shown thaRSSbasd methods theoreticallyutperformsother
wireless positioning systems (AoMased and ToMased methods)Thus, his chapter is
dedicated t@xperimental work otthe problem of Pathoss modelind8] [14] [38] [36] in sever
NLOS conditions indoorsCommon existing approaches to propagation modeling will be
examined in addition tmovel proposed approachesth application to positioning problenm i
real indoor environment experiments
4.1 Least Squares Logdistance Wireless Propagation Modeling
Common LogDistance Propagation Modeling (PM) techniques share the general given formula
[14]:

0 0 pHAEM TQ (4.2)
Where ||-4 Lis the RSS at receivel}. is a reference power measured at distMceusually
® -1) and- IS the path loss exponef#0] [19] and'Q is the distance from the signal source
The pathloss exponent n indicates the attenuation degree of signal strength and it is usually
larger indoors than fregpace due to walls and other objects indobing traditional techniqu®
estimate the patlnpss model parameters ito collect some RSS measurements from the
environment and perform Least Squares Estimdda@h[55] to estimate the pass loss exponent
» -assuming tha|r, and® are known from pré&nowledge measurements in the environment.
Now, |l etéds apply this in a real i ndoor enviro
perform the entire positioning using Trilaterati@®]. The experiment was performed in the'six
fl oor in ECE department in Queenosnothaveangr si ty,
access to GP®iith denseobstaclesand constructions (sefigure 4-1). The experiment was

performed on the existing university WiFi network. Using a \WiRabledaptop,a radio survey
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was performed and RSS observations from the wireless access points 1,2,3, haneh 4ns
Figure 4-1 were taken and saved. In the following, a least squaralitdgnce propagation

modeling will be performed.

==
ﬁ 45.00m

Figure 4-1. Indoor Experimental Area in Sixth floor, ECE Dept. at Queen's University.

4.1.1RSS Observations for Access Point #1

The RSS observations of the wireless access point #1 and tHeidtagce fitted model refius
shown inFigure4-2. There is cleammbiguity around the distane@4-17 metersvhere at the
same distance we have totally different RSS pattditnis is mainlydue to obstacles distribution
differences in different direction®@bviously, suctambiguities cannot be propemyodeledusing
a single mathematical formula fitted RSS observations

SSID vs. Distance

-20¢ : ; ;
. * Observed RSS
E -40 ot Log-Distance Model ||
'D ' .. [ ] ° .... .. °
S 60 " T~ e L.,
g \""'L-n& . .
o -80 S -
-100° - : :
0 10 20 30 40
Distance from AP in meters
Figure 4-2. Log-Distance Model results for AP#1 (8.4119, 18.039}: - g M-
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4.1.2RSS Observations for Access Point #2

The RSS observations of the wireless access point #2 and tHaidtagce fitted model result is

shown inFigure4-3. There is a high variance at around the distance 5 meters due theattulti

effects indooravhich cannot be properlynodded using a single mathenieal formula fitted to

some RSS observatians

RSSI in dBm

Figure 4-3. Log-Distance Model results for AP#2 (6.8436, 2.1046[}: o
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4.1.3RSS Observations for Access Point #3
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The RSS observations of the wireless access point #3 and tHgidtagce fitted model result is

shown inFigure4-4. T hi s
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4.1.4RSS Observations for Access Point #4

The RSS observations of the wireless access point #4 and tHeidtagce fitted model result is
shown inFigure4-5. Note here we have a differenttfgan The propagation ialmostpartitioned

into different segments. The segment from Om to 10m, the segment from 10m to 23m and the
segment from 23m to 30m. This is another pattern that results from-patlitieffectswith
different obstacles distributio inside buildings Similarly, this pattern cannot be modsel

properly using a single mathematical formula fiteddame RSS observatians

SSID vs. Distance
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Figure 4-5. Log-Distance Model results for AP#4 (28.6101, 6.3638}:= g M-
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4.1.5Positioning Accuracy of LogDistance Models Indoors

4.1.5.1Theoretical Expected 2D Location Accuracy using CRLB Analysis

Figure4-6 shows the CRLB for the experimental area with the four access poiRiguire4-1.

The RSShased method has the lower CRLB. Also It can be expected an accuracy around 5
meters in most of locations and bad accuracy at the most right part of the area. These results will

be verified through the experimental work results.
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Figure 4-6. CRLB for the arrangement and configuration given in experimental work

4.1.5.2Experimental Positioning Accuracy

A testing trajectory was planned in the experimental aréagofre4-1 is shown inFigure4-7. In

this trajectory, a collection of 20 known locations was taken aspemgs for the trajectory. In

those waypoints, during doing the trajectory testing, the known locations were recorded so that
an erre can be calculated between those reference points and the solution presented. This was
necessary because no reference positioning system such as GPS is avatabéxperimental

indoor area.
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F" 45.00m ]|

Figure 4-7. Testing Trajectory (yellow lines and arrows)

To calculate a position, the received signal strength from the access points were used to estimate
a distance based on the LDistance model ir{4). Trilateration[10] [20] was performed and
solved usindeastsquares algorithrf29] [30]. Figure4-8 shows the positioning solution in east
component. It is noticed that the accuracy in east channel is much better than thatdrihthe
channel shown irFigure 4-9. Figure 4-10 shows the overall accuracy over the testing points
showing also the HDOP (haorizontal dilution of precisj8l). An average accuracy of 5 meters as
shown inFigure 4-10 conforms with the CRLB which is expected since CRLB was calculated
using the same LeDBistance path loss model as a measurement model.

So far, the results are expected and justified but only one note is meritioning and
analyzing which is the bad accuracy along north compiotie a trial to explain thjsa suitable
ideais to calculate the CRLB for the x and y (east and north) coemsrseparately and compare
the results. This was done and the calculated CRLB for east and north components separately are
shown inFigure 4-11 and Figure 4-12 respectively.Results showthat the CRLB for north
component is larger than that of east component whicbnsistent witlthe experimentaesults

obtained by applying the LeDistance PM method.
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Figure 4-8. East Position Solution

47



20 —%— Estimated Position
—-O-Reference Trajectory
15 (

North Position(m)
o o1

1
ol

1% 500 1000 1500

Time in secs
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Figure 4-10. Positioning Accuracy of LogDistance PM method
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4.2 RBF ANN Wireless Propagation Modeling

The LogDistance model approach is simple and efficient. However, it cannot effectively deal
with complex RSS/Distance patterns that occur due to complex multipath signals (ambiguity,
multiple-segmerd, and high noise variations). In this section, another approach is explored which
is the RadiaBasisFunction Artificial neural networks (RBF ANN6]. Neural networks can be
seen as a complex system comprising severalnbutmnecessarily identical, subsysténtbe
neurons(seeFigure 4-13). Radial Basis Functions are powerful techniques for interpolation in

multidimensiamal space.

Outputs

Figure 4-13 Radial Basis Function Neural Network Architecture
The RBF network is a thrdayer feedforward network that uses a linear transfer function for the
output units and a nonlinetnansfer function (normally the Gaussian) for the hidden (sés
Figure4-13). The input layer simply consists oiunits connected by weighted ca@mtions to the
hidden layer. The net input to a hidden unit is a distance measure between some input presented
at the input layer and the point represented by the hidden unit; The Gaussian is then applied to the
net input to produce adial function of the distance between each pattern vector and each hidden

unit weight vector. Hence, a RBF unit carves a hygmdrere within a pattern space.

4.2.1Pattern Classification Example
In the following circle classification problem, 4 or 5 sigmoid hidden nodeseapgred for a

good classification .Only 1 RBF node is required if the function can approximate the circle.
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Figure 4-14. Pattern Classification Example using RBF NN
4.2.2RSS Observations Modeling Using RBF
The RBF ANN-based propagation modeling for the wireless access point #1 to #4 is shown in
figures (Figure 4-15 - Figure 4-18). Although the general pattern is till RSS decaying with
distance, RBFnetwork modeltries to follow the complex RSS/Distance patterns such as
ambiguity, multiple segments, and high noise variations. However, rieBforkshave limited

predictability of outputs correspondingdat-of-trainingrrangeinputs.
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*jf * Observed RSS
vt .
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N
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Figure 4-15. RBF ANN Model results for AP#1 (8.4119, 18.039)
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Figure 4-16. RBF ANN Model results for AP#2 (6.8436, 2.1046)
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Figure 4-17. RBF ANN Model results for AP#3 (12.9268, 7.867)
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Figure 4-18. RBF ANN Model results for AP#4 (28.6101, 6.3638)
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4.2.3Positioning Accuracy of RBF ANN Models Indoors

On the same testing trajectory showrFigure4-7, the test was done using the RB&sed PM.

To calculate a position, the received signal strength from the access points were usedt® estima
a distance based on the trained RBF ANN. Trilatergtl®j [20] was performed and solved
usingleastsquares algorithrf29] [30]. Figure4-19 shows the overall accuracy over the testing
points showing also the HDOP. An average accuracy over 5 meters as shbignrawv-19

shows the best accuracy could be obtained from-B&fed PM method. These results indicates
that the RBFbased PM is inherently very close to the tdigtan@ PM. These results shows that

we still need better approaches to provide b&tkdibased positioningccuracy.
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Figure 4-19. Positioning Accuracy of RBF PM method
4.3 Probabilistic Wireless PropagationModeling
The models described and tested so far are an example of parametric [hOdES]. In very
noisy environments, these types of models are not flexible enough. Thus, in this section, a

probailistic approach isproposed In Probabilistic approaches, states and measurements are
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represented by probability distributions instead of crisp values. One advantage of the probabilistic
methods is the ability to provide an accuracy measure (standasedial®@vwith each prediction

[57]. In this section, a data driven probabilistic model is explored; that is Gaussian Process
Regression (GPRB7]. A brief over view about GPR is given first and thée technique is
applied to propagation modeling problem.

4.3.1Gaussian Process Regression (GPR)

4.3.1.1Bayesian Modeling Using Gaussian Process

Gaussian Process Regression (GPR) is proposed as a ngrarametric probabilistic modeling
approach which is suitable teandlenoisy observationsGPR has been recently used to solve
complex machine learning problerf&7] [58] [59] [60] such as functions approximation and
patterns classificatiorin the following section we describe the GPR concepts and how the radio
propagation problem can be modeled and solved using GPR.

Gaussian Processes (GPs)

A Gaussian process is a vector of random variaflesny finite number of which has a joint

Gaussian distributiofb7] determined by a mean function(x) and covariance functicd(x, x')
where xI X .A noisy process can be expressed as
Y=f(X)+e (4.2)

Where{Y, X} is a training data set. Assumin@ is an additive zermean Gaussianoise with

covarianceO'n2 , any arbitrary functiotY can be modeled as a Gaussian process. An important
feature of GPs is marginalizatigf7] which enables to calculate the posterior prolitgtbj47]

[55] at unknown inputsx” if some observations from the noisy functiare availableat some
given inputsX.

Standard Gaussian Linear Regression Model

The linear regression model to model the proce§s.2) can be written as:
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f(X)=X"W (4-3)

WhereX is input vector,Wis a weight vectorf is the estimated process output. In Bayesian
analysig47] [55], best weights are the weights that maximize the likelihood function which is the
probability of the observations given the parameters (weights) which is given by the following

formula assuming, independent observations:

4.4
o 1Xw) = O ply [ W) @4

i=1
(4.4)can be written as:

A1 A y-xWo (4.5)
Y|IXW)=() ———exp@m 1——
PV IXW) =0 B 8

:—1 ex é 1
26077 " 247

Y - xTW|2§

2
Which is a Gaussian distribution of meax™W and a covarianc@,n | . If the prior probability

density functions of weights is Gaussian with zero mean and cova@aq@e

pW) =N(04 ) (4.6)
The posterior probability density function of weightglis ven by Bayesé rul e as
X, W (4.7)
oW Y, X) = PO I X W) p(W)
p(Y | X)

Substituting from(4.5) and (4.6) in (4.7), noting that p(Y | X)is a normalization factor, the

posterior PDF of weights is Gaussian and given by:
— 4.8
PWIX,Y) " NG =% ASXY, &) “o

n
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Where A=d,*XX" + S}
To compute a predictive posterior probability density function for new ir)égtwe average the

output over all weights with their posterior probabilities as follows:
p(Y. [ %, X,Y) = fp(y. )k, W)pW | X,Y)dW (4.9)
= fjc WpW | X, y)dw
= N(dinszA'lxv, X A'X)
A block diagram describes the general Gaussian process regression technique is shown in

Figure4-20

Observations 1 @D Ye

Caussian field -@;—()-%}QHT)-CD{%-

Inputs X1 Xg Xa X,

Figure 4-20. Gaussian Process Regression block diagram
Non-linear Gaussian Process Regression
To overcome the limitation of linear modelnputs could be projected into higher dimensional
feature space in which the problem becomes linearly sepdgfjleActually this is what the

hidden layer does in multilayer perception neural netwi@&p Thus, the functiornf (x) is used
to map theD-dimensional input vectors fg-dimensional feature space. In this case, the model is
given by:
f(X)=F(X)'W (4.10)
And the predictive posterior probability density functifor unknown inputs< given the

observationg hdis given by:
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p(y. | %, X,Y) = (4.112)
N(F(x)"SF(X)(K +al1) Y, F(%)'S,f(x)
- F(X)TSF(X)(K +af1) ' F(X)TS,f(x))

Where K =/ (X)Tsp/ (X).
Gaussian Kernel Learning
In (4.11) the termf(x)' § Jf(X) can be seen as a covariance function or kg&! In Bayesian

analysis, instead of learning the weights like the case in neural netjfks Gaussian
Regression learns the kernel (Covariance of training data). This has the advantage of having a
nortparametric notinear regession model that is robust to observations noises. The most

common kernel covariance function is the exponential given by:
- 24 i (4.12)
CoMy;, y;) =k(x, %) +s,dli - ])

(4.13)

o

k(%) =52 expie = (X - ) M(X - x,)
¢

N~

i 1 . . . 2
Where X, X | X and Yin Y | Yand/ is the Delta Dirac function. Parametéﬁssfz, andM are

called the hypeparameters and they can be learned and optimized by maximizing the log

likelihood function given by:

Log(p(Y | X)) =- %YT(K +521)tY - (4.14)

logK +s 2

n
- —lo
2 g2p

Where is the covariance matrix over all data input vector®.in

4.3.2Radio Propagation Modeling UsingGPR

To model the radio propagation using GPR, the training data set will be consisting of
YWY '0'Qi o dithus,Qhe GPR model will take unknowmpiiad 0 i Q10 OY¥hen
the required output from GPR model (distance probability distribution at RSS inplt =

O @i Qi™Y@Wll be calculated as follows:
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m. =k(< , X)(K +s21JY (*4.19)

sZ=k(x',X)- kX', X)" (K +521)*k(X, X) (4.16)

Where* - is the predicted distance mean at tfis 0 @i ‘Qi"YW'Xf¥en the training data
points® YWY 'O'Qi o d@ndg Qs the distance standard deviation anis the covariance
matrix over training data points.

4.3.3RSS Observations Modehg Using GPR

The GPRbased propagation modeling for the wireless access point #1 to #4 is shown in the
following figures. The GPR is close to RBF where it tries to follow the complex RSS/Distance
patterns such as ambiguity, multiple segments, and higie mairiations. However, an additional
piece of information igvailablewhichis the confidence (STDV) of the prediction is. This STDV

will be used to weighthe observationghile positioning using Trilateration.
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Figure 4-21. GPR Model results for AP#1 (8.4119, 18.039L W || fog
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4.3.4Positioning Accuracy of GPRbasedmodels

On the same testing trajectory shownFigure 4-7, the test was done using the GP#&sed
PropagationModel In the Trilateratior]10] [20], the standard deviation of the GPR prediction

was converted from dBm (signal strength units) to a corresponding standard deviation in distance
(meters). The standard deviations in meters were fecheasurements accuracy covariance
matrix to be used in theastsquares algorithif29] [30]. Figure4-25 shows the overall accuracy

over the testing points showing also the HDOP. An average accuracy below 5 meters as shown in
Figure 4-25 shows the best accuracy could be obtained from -GddedPropagation Model
method which shows slight improvement over previously mentioned models. This should be
promising because this accuracy is very closthe theoretical CRLB. Although the GRRRsed

PM is close to RBfbased PM, the usage of the STDV in the Trilateration proved to be useful.
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Figure 4-25. Overall Positioning Accuracy of GHR-based PMmethods

4.4 Hybrid Wireless Propagation Modeling

The probabilistic models (GPR) can provide accurate modeling that captures the complex indoor
multipath effects. However, in the described GPR above, the prior assumption about the mean
was zero. This causesetliGPR to tend to zero prediction for new inputs that are away from the
ranges the GPR was trained onbétteridea is to have the priogsisa nonzero function and have

the GPR models the residuasors A wise choice of this mean function is the EDgstance

model. By doing this GPR will be used to predict error in distance estimation at a given RSS
instead of predicting the distance itself. The mean value of the distance will be predicted by a

Log-Distance model instea@he proposed hybrid scheme own inFigure4-26.

Logarithmic- Path-loss

Online RSS Dec;?y _Curve - - Modeling Using
Measurements Fitting RSS/Distance Gaussian Process
Table Residual Errors Regression

Figure 4-26. Block diagram describes the HybridPropagation Modeling technique
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By applying thishybrid PM approach, we obtain the distance error prediction shown in the
following figures Figure 4-27-Figure 4-30). It is noticed that at very small RS$(Q, -90), the
Log-Distance model estimates very large range due to the exponential decay nature of the model.
Thus, in these weak RSS regiodistance range errors are very large. Thus, hybrid models may
be used to improve the performance. But remember the CRLB for the regions on the right. Due to

this region, only a slight improvement could be obtained.

Modeling the Log-Distance Model Residuals Using GPR
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Figure 4-27. Log-Distance residual error modeling using GPR for AP#1.
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Figure 4-28. Log-Distance RSS residual error modeling using GPR for AP#2.
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Figure 4-30. Log-Distance residual error modeling using GPR for AP#4.

o

4.4.1Positioning Accuracy of GPRLog-DistanceHybrid -basedmodels

On the same testing trajectory shownFigure 4-7, the test was done using the Hybrid PM
method. To calculate a position, the reeei signal strength from the access points were used to
estimate a distance baség the LogDistance Model and the expected distance error was
predicted using GPR prediction as described above. In the Trilatefa@ipf20], the standard
deviation of the GPR prediction was converted from dBm (signal strength units) to a

corresponding standard deviation in distance (meters). The standard deviations in meters were fed
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a measurements accuracywanance matrix to be used in theastsquares algorithri29] [30].
Figure 4-31 shows the overall accuracy over the testing points showing also the HDOP. An
average accuracy below 5 meters as showrrigure 4-31 shows the best accuracy could be

obtained from the this hybrid PM method which shows an improvement over previously

mentioned models.
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Figure 4-31. Overall Positioning Accuracy of Hybrid PM method

4.5 Dynamic Online Wireless Propagation Modeling
In all the presented work so far in this chapter, a training data set collected offline was needed to
build the necessary models. This offline training pha4¢ [20] is not desirable in practical
applications for the following reasons:

1) It consumes a lot of time before the positioning system can start and work.

2) It usually needs manual work which is podctical.

3) It needs to be repeated if the environment is dhgrnghich is very likely in indoas.
One objective of this researds building adaptive dynamic models that doex need offline
survey. Some work was introduced to automate this offliamitrg using some extra network

hardware such as mobile robd&l] or detailed floor maps and rdsacing software[62].
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However, thee solutionsneed extra hardware or sophisticated simulation soéwin this
context, a system is introducgti0] here that doesot need offline training or extra network
hardware. It makes use of the fact that only few online RSS measurements from visible wireless
access points around thiser is needed to build dynamica#ylocal propagation model at run

time. The key feature of the network that needs to be there to enable such adaptive dynamic

positioning system is the mutual information exchange between network nodes.

4.5.1Access Points Mutial RSS Measurements

In our experiments on the WiFi networks, the core maodification that enables the proposed
methodology is a modification to the periodic beacon frame of each IEEE 802.11 access point
(AP) [53] to include AP Location and RSS received by the AP from its neighbouringTARsis

what we callfiAccess Points Mutual RSS Measuremén@onsequently, any WLANNabled
device will be able to receive the necessaryaigate local training data periodla According

to the IEEE 802.11 Standar{is3], APs periodically broadcasts beacon message that contains
control information about the AP such as Media Access Control (MAC) address of the APs and,
additionally, variable lengtlinformation elements (IEpection[53] that can contain arbitrary
information such as vendor specific datde proposed system utilizes the fact that any AP is
equipped by IEEE 802.11 WLAN transceiver hardware. Thus, evergafiRneasure RSS from

its neighbouring APs. If the AP software is modified to carry its own location and its
neighbouring RSS/MAC pairs on the beacon frames (on a slow rate to avoid network
overloading) over the variablength |IE section, an AP can be seena reference location that
broadcasts periodically its most recent RSS. If a Wixidbled device can s&eAPs, it can
construct the following table at runtiméable4.1):

Table 4.1. Online APs'signal strength pattern measurements

AP1 AP2 ... | APN MAC
MAC MAC
AP1 LOC1 | RSSi: RSSI» ... | RSSkn
AP2 LOC2 | RSSh1 RSS} ... | RSShn
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APN LOC RSSkha1

RSShk2

RSSkn

USER LOC| RSSlser,1

(Unknown)

RSSLser,Z

RSS ljser,N

Having the APs locations knowrlable 4.1 can be seen as a compact training set of

RSS/Distance pairs for each visible AP. This compact training set can be used to perform PM

online and predict distance between user (USER LOC) and each visible AP.

Although the training set iffable4.1 is too small, but the fact that these measurements are

collected around or close to current user location makbted.las u f f i ci erainingdetf r e s h o

For our experiment area shownHRigure4-1 which contains 4 APs[able4.1 will contain only 4

rows. Any kind of the propagation modeling techniques described in this chaptee csed to

provide distance estimation and, hence, positioning.

4.5.20nline Dynamic Propagation Modeling Using LogDistance Models

Experiments were performed in same area in th& 6ix oo r i

n

ECE

depart mer

University, Ontario in Kingston shown iRigure 4-1. The experiment was performed on the

existing university WiFi network. Because we cannot modify the existing APs to perform mutual

RSSobservationsw ireless monitors were added to do the job on behave of the Aps. A WiFi

enabled laptop was used to collect the online measurement and build the propagation models. The

Log-Distance PM for the four APs are shownFigure4-32 and the positioning accuracy of the

obtained models are shownkigure4-33. It is surprising that the error is around the 5m which is

very close to the offlingrained models. This reflects the feasibility of the idea of online

measurements and dynamic PM modeling.
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Figure 4-32. Online PM Building Using Log-Distance PMMethod
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Figure 4-33. Overall positioning accuracy of the online dynamically built LogDistance PM
methods
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4.5.30nline Dynamic Propagation Modeling UsingHybrid -Models

The same experiments were performesing hybrid GPRLog-Distance PM. The hybrid

modeling results are shown Kigure 4-34 and the posibning accuracy of the obtained models

are shown irFigure4-35.
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Figure 4-34. Online PM Building Using Hybrid PM method
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Figure 4-35. Over all Positioning accuracy the online dynamically built Hybrid GPRLog-
Distance PMMethods
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Chapter 5
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Recent published results show that fingerprint wireless positioning outperformf&Béased

methods (propagation modeling)3] [34] [35] [36], [37] [33] [63] [64]. As described earlier in

Radi

Chapter 2in fingerprint wireless positioning has usually two common phases; offline and online.

In offline training phase, signal strength patterns are collected from known locations and saved in

a database. An example of a radio map wWtheferencdocationsis shown inTable 5.1 where

Y Y'Y refers to received signal strength frgfhaccess point ait" location.

where a signal strength patteris received in an unknown

In online phase

location,

any pattern

recognition/matching method such asNil [65] [19] or Atrtificial neural networks[56] can be

used to search the saved signal strength patterns and chose the best position thereof. The radio

map collected using a regular offline phase without any further processing will be referred to as

ATraditional Radi o mapso.

Later

estimate, build, verify, and calibrate radio maps will be introduced.

Table 5.1. An Example of a Radio Map

AP1 AP2 AP3 AP4
RSS RSS RSS RSS
Location 1 YUY YUYy v OYY VYUY
Location 2 YUYy Y YY Y OYY Y YUY
8 8 8 8
8 8 8 8
Location N vy vy vy v
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5.1 Traditional Radio maps PositioningAccuracy

5.1.1Experimental Setup

In the experimental area in $ifloor in the department of electrical and computer engineering in
Queends wuniversity, Figure®1lexibto Whe whitd ciFcles shasvtthe ARs k i n
locations.The locations of APs shown Figure5-1 were estimated by looking for the locations

at which the received signal strength was maxifine unnumbered white circles represent many

WiFi access points spread in the area. A radio map consists of 67 reference known locations in
the area was coltted and a traditional radio map was constructdub testingtrajectoryis the

same onshown inFigure4-7.

F” 45.00m ]

\
Figure 5-1. Indoor Experimental Area in Sixth floor, ECE Dept. at Queen's University

5.1.2K-NN Positioning Accuracy

In the online phase (the actual positioning phase), th\kalgorithm will compare the current
signal st rfeinrgd enhr pirpionvtedor wi t h t he saved power p
weightedKNN algorithm to provide a location. In a weight&®IN algorithm, a weighted

average is performed by giving the highest weight to the most nearest radio map power patterns.

Thus,given current WiFi fingerpririRSS/, the current positio®, is estimated by:
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P =wR +W,P, +....+ WP, (5.1)

_ exp[RSS|- RSSI?) (5.2)

'alf_ exp(-[RSS] - RSS|1?)

WheReSli s the Wi Fi power pRitn et me r i€ gasitbeimha pvi t h
results are shown ifigure 5-2 - Figure 5-4. It can be noticed that the good east/bad north
accuracy pattern disapped and we have better accuracy in both east/north components. The
overall accuracy touched the 3 meters for the first time which is even lower than the CRLB given

earlier in previous chapters.

East Position in meters

£ 30 ¥, | —-O-Reference
o 20 A& i
G 10 &

S A . - P8R
2 .10 - ol

w 0 500 1000 1500

Time in secs

Figure 5-2. East Positioning Accuracy

North Position in meters

S —O— Reference ﬁ

North Position(m)

Time(sec)
Figure 5-3. North Positioning Accuracy
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Positioning Error over Reference Points
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Reference Points

Figure 5-4. Overall Positioning Accuracy of the KNN with traditional radio map
5.1.3RBF-ANN Positioning Accuracy
As RBFANN [56] is a powerful function approximation tool, it can be also used to calculate a
new position based on new RSS patterns that were not exactly found in the database of the radio
map. During theraining, the inputs for the RBANN are the signal strength patterns and the
output are the corresponding locations. During positioning, user power fingerprint is input to the
RBF-ANN and the output is the estimated location. Using the-REBN trained on 00% of the
traditional radio map data points, a positioning accuracy of 3.6937 which is pretty good even if it
is not better than the-KIN results. However, some advantages of the ABIN will be shown

shortly. Positioning results of the RBfNN is shownin Figure5-5.

Positioning Error over Reference Points
F F F

;
BN position Error(m)
—— Average Error(m)

=
o

Positioning Error(m)
(6}

o

10 15 20 25
Reference Points

o
a1

Figure 5-5. Overall positioning accuracy of RBFANN with traditional radio map
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5.1.4Comparison between RBF performance and Full Survey KNearest Neighbor

Algorithm

The KNN and RBF were used over different ratios of radém points. The results show the
robustness of RBF since it could achieve reasonable accuracy with only 25% of thmapdio
points which means it is more robust thaiNKl algoithms. A cumulative error percentage graph

for both K-NN and RBF methods is shownHkigure5-6.

__Comulative Error Percentages Usmg 100% of training data

E:TE 100 = = = ===

g : - [—EKNN

& e S S —=— i
@ = 50 E E :FiBF ANN

i~

L i I i

0 5 10 15 20
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__Comulative Error Percentages Usmg 50% of training data

E:TE 100 o=t = e e e

g . ‘ [k

b ] —a— |
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i

Q i H i
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T Gacaalnks

=

£ 50 .
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T ! | ; :
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Figure 5-6. Cumulative Error Percentage for K-NN and RBFANN
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5.1.5GPR Positioning Accuracy

As GPR is a powerful function approximation tool as well, it can be also used to calculate a new
postion based on new RSS patterns that were not exactly found in the database of the radio map.
During the training, the inputs for the GPR are the signal strength patterns and the output are the
corresponding locations. During positioning, user power fingdrs input to the GPR and the
output is the predicted location. The GPR has the advantage of providing an accuracy measure
that gives a confidence level of the GPfdiction. Using the GPR trained on 100% of the
traditional radio map data points, a piesing accuracy of 3.341 which is pretty good even if it is

not better than the #IN results. However, some advantages of the @R& Positioning results

of the GPR is shown iRigure5-7.
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Figure 5-7. Overall positioning accuracy of GPR with traditional radio map
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5.1.6Comparison between GPR performance and Full Survey KNearest Neighbor

Algorithm

The K-NN and GPR were used over different ratios of radap points. The results show the
robustness of GPR since it could achieve reasonable accuracy with only 12.5% of tmeagadio
points which means it is more robust thaiNKl algorithms. A cumulativerror percentage graph

for both K-NN and GPR methods is shownRigure5-8.
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Comulative Error Percentages with 100% of training data
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Figure 5-8. Cumulative Error Percentage for K-NN and RBFANN if 12.5% of training
points were used
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5.2 Optimized Reduced Radio Maps using Fast Orthogonal Search

In fingerprintbased Wireless Positioning, a high number of wireless apoass solicits feature
reduction to obtain a compact radio map for accuratetiraal positioning. Although Principal
Component Analysis (PCA)66] [67] can be used to reduce dimensionality, PCA is
conputationally expensive. Additionally, PCA maps the data to a new space where physical
meaning of the original features is lost. This secémploysa faster features reduction approach

[68] usingthe Fast Orthogonal SeardkOS)[68]algorithm which selects the most informative
features in the original space. The algorithm is applied to select the most informative access
points in a radio map for accurate rale wireless positioning. Experimentlemonstrate the
proposed met hodds superior performance t o
performance in terms of accuracy.

5.2.1Problem Description & Research Objectives:

The basic features in a radio map database are the identification of APs. Experiments show that
incorporating too large a number of APs may deteriorate the positioning accuracy and includes
unnecessary computation. The ultimate objective of the presept&dsato identify the minimal

set of APs in a WFi area with the highest discrepancy power to be used for power patterns
matching in a fingerpriAbased WiFi positioning system. This features reduction process must
be fast enough to guarantee riale performance. Principal Component Analysis (PQ8Y]

may be used to reduce features dimensionality as dofg@jnHowever, PCA has two major
drawbacks. The first is the expensive computation of ii@vee matrix, eigenvectors, and data

transformation computation. An observation tablevofows by N columns taking the firs€

. : — 2 .
components, the complexity can be estimated as follcﬁgs:— O(MN )for the covariance

matrix computation,CE :O(NB) for eigenvectors computation, anGT :O(MCN) for

transformation. Another drawback of PCA is that the new features are combinations of the

original features. Thus, the physical meaning of original features is lost.
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5.2.2Methodology
The canonical form of a radio map is a tableMbffows by N columns. Each row contains a
known location andN signal strength measurements (power pattern) fioPs. Our strategy to

reduce the feature dimensionality of the radio map without the costly &@A without

transformations is to treat every data column as observéﬁdr@] that need to be modeled

using a small subset of the othésl data columns. This can be achieved using the following

model:

c1 (5.3)
Y[ = a a,,,P,[n]+€[n]

Herej=0, 1..N-1, n=1, 2... M,the Pm[n] form a set of siz&C of basis functions that will be
selected from the othéd-1 columns set, and;,, are coefficients calculated by optimization

2
techniques such that the er“%f[n]H is minimized. The problem then is reduced to a search in

the space oN columns to findC columns that, if used as basis functiong5r8), would achieve

P
the minimum total mean square error over all data colurghs{ A ef[n] ) [69]. Finding such
j=0 n=1
columns set is equivalent to find the most

5.2.3Fast Orthogonal Search (FOS)

In Orthogonal Search techniqyé$], a Granin Schmidt procedure is used to replace the functions

Pm[n] in (5.3) by a sebf orthogonal basis functioﬁé\/m[n] where the model for a specifiin

(5.3)is represented by the following corresponding model:
¢! (5.4)
Y[nl=a g, W,[n]+€n]

m=0
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In orthogonal basis function space, the coeffici€htshat minimize the mean square error over
the observations is given by:

= YIWe[n] (5.5)
WIn]

m

The overbar in(1) denotes the time average. The mean square error is given by:

o c-1 2 c-1 (5.6)
¢ = M- & g lnly =Y7n- & Q,
Here
_ [V, (5.7)

Qn

W]

The reduction in mean square error resulting from adding a ngll'-r}h{n] is Qm. The fast

orthogonal search proceduf@d] makes use of the fact that it is not necessary to create the

orthogonal functionWm[n] explicitly. Only theircorrelations witI‘Pm[n] , the datay[n] , and

with themselves are required.

5.2.4FOS features reduction of radio maps

In anM by N radio map, the aim is to reduce columns frino C most informative columns
whereC < N. Thus,we will haveN observations set and the model that needs to be optimized is
given by(5.3). Significance of a data column is evaluated by adding it to the mo@&I3) and

the total mean square error (RMSE) reduction over all data columns is calculate(buging

FOS iteration, the column with the greatest RMSE reduction is added to (&o8elintil C
columns arebtained. The complexity of the cressrrelations between all pairs of data columns
is c

=0O(MN?) . The complexity of applying FOS mean square error redudlidimes is

corr

C.os = O(MN? + N2C). Due to the fact thaf is much smaller thal, the overall complexity is

dominant byo(mN?2).By comparing this complexity with that of PCA, we note that the term of
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N2 resulting from the eigenvectors computations is eliminated and the teMCGIN resulting

from transformation is also eliminated.

5.2.5Experiments and Results

The reference positions in the radio map built in the indoor arEmure5-1 were recorded in a

radio map table of 67 points by 132 unique MAC addresses of APs. Although the actual number
of APs found in the area is way less than 132 by anyway, during the actual radio surveying we
found 132 unique MAC addresses for APs. Theatmns of APs shown ifrigure 5-1 were
estimated by looking for the locations at which the received signal strengtmawasia The

radio map featuse reduction using PCA and FOS was performed separately and the feature
reduction processing times of both were recorded. In-B&®d method, execution stops after
adding 4 data columns to the model(tn3). K-NN positioning algorithm was applied on FOS
reduced radio map and P@Aduced radio map to test the performance of both techniques.

The following different tests were performed. In each test, the positi@miog in terms of
RMSE in meters was calculated. In full radio map test, the 132 MACs were used for positioning
obtaining a RMSE of 3.40m. In PGeduced radio map test, a RMSE of 3.9645m was obtained
using the first 4 components in the transformed rawép. In FOSeduced radio map test, a
slightly better RMSE of 3.3072m was obtained using the 4 APs suggested by FOS. To obtain a
reference solution, the 4 APs carefully chosen heuristically in predefined placésg{sesl-1)
to give the best coverage during the whole trajectory achieving a RMSE of 1.744%ig(see
5-9 Figure5-10). Figure5-11 shows the error cumulative percentage @adle5.2 shows RMSE
for all the tests. IrFigure 5-12, all APs detected in the area are shoWwnFigure 5-13, the
carefully selected heuristically APs are shownFigure 5-14, the FOSselected APs are shown.
Table5.3 shows the number of multiplications and the feature reduction gsiocetimes of PCA
and FOS on Intel Core i5 2.53 CPU 2GB RAM laptop using Matlab 2009 on Windows 7 OS.

Table5.3 that FOS took 0.07 seconds and PC#kt6.1521 seconds including transformations.
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WiFi Trajectory Solution
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Figure 5-9. Reference WiFi Positioning Solution Using the heuristically selected APs
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Figure 5-10. ReferenceWiFi Positioning Accuracy Using the heuristically selected APs

Comulative Error Percentages

—&— Full Radio Map

—&— Heuristically Selected APs

—%*— PCA transformed Radio Map
FOS Selected APs

100

Percentage(%)
a1
o

S

0 2 4 6 8 10 12 14 16 18 20
Error in meters

Figure 5-11. Cumulative Error Percentage for different Radio maps with different feature
reduction approaches
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Estimated AP Locations :
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Figure 5-12. APs detected in the area
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Figure 5-13. The 4 heuristically selected APs
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Figure 5-14. FOSselected APs
Table 5.2. Positioning Error with different Radio Map configurations
Full radio map PCA-reduced FOSreduced REF
RMSE 3.4074m 3.9645m 3.3072m 1.7449m
Table 5.3. Comparison between FOS and PCA computation time
PCA FOS
#multiplications 3,502,752 1,167,540
Processing Time 0.1521 sec 0.07 sec
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5.3 Dynamic Online Radio Maps Construction

In all the presented work so far in this chapter, a training data set collected in an offline phase was
needed to build the necessary radio map before positioning can be implem&itathr to
dynamic propagation modeling introduced4irb.], adaptive dynamicadio mapthat doesnot

need offline survey isitroduced In this context, a methodology is introdud&@] here that does

not need offline training or extra network hardwareudtes the same concept mitual RSS
observationintroduced in4.5.1 If a WLAN-enatbed device can sel APs, it can construct the
following table at runtime Table5.4)

Table 5.4. Online APs'signal strength pattern measurements

AP1 MAC | AP2MAC | ... | APNMAC
AP1 LOC1 RSSL1 RSSt 2 ... | RSSknN
AP2 LOC2 RSSk,1 RSSk,2 ... | RSSkn
APN LOC RSSh,1 RSSh,2 ... | RSSknN

Having the APs locations knowmable5.4 can be seen as a compact radio map of the area. This

compact radio map can be used to predict signal strength patterns at any location of the

5.3.1Building Dynamic Radio Maps Using LogDistance Models

In one method, the regular Ldjstance model can be fitted to the online measurements of each
AP as extracted from online measurement tabéble5.4). Then, to predict the received signal
strength at this locatigrlistance from that location to the access point is calculatetharfited
Log-Distance model can be uséal predict the RSS at that locatioA snapshot of predicted
signal strength of the four access points (power profilesjg this technique the experimental

area ofFigure4-1 are shown irFigure5-16.
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5.3.2Building Dynamic Radio Maps Building Using Zereomean GPR

GPR[57] [58] [59] [60] described iM.3 can be used to predict the power profiles afheAP

from the online measurements table as well with the advantage of having a confidence level or a
standard deviation of each predictiéhi r st we wi | | consider RSS

i Mable54has anezmewr cGaussian prior PDF. The trai

of p @y, W%)-(Xy,Yy)} Wwhxeirse a 2D I|YydasatRiScSn veandie o

AP at X.oclantiitoinal INb WmatclKKiviar icancae( A.tdev@drusi n

the daNabsetvati ons (pairs of 2D Llaheati ons

5.4. tHhagv it he covakfancal magrait Xy edsidgnal spo

probability density functi onxc(amDFbe ods ttihma
according to Bayesian rule (marginalizatio
m. =k(x, X)(K +s21)*Y (5.8)
S2 =k(X', X ) - k(xX', X)T(K +s 1) k(x', X) (5.9)

Here m. is the predicted mean RSS (in dBm) at this locat®n,is the standard deviation (in

dBm), k(X', X)is a vector ofN elements each element is the result of applyird . an(*)

and an element inX . It is important to note that GPR performs three important functions as
follows:

1) Predicts power PDF over all locations.

2) Smooth out the power values noise.

3) Provides a standard deviation which each predicted power value.

The results of Zeronean GPR estimated power profiles are showsigare5-17.
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5.3.3Building Dynamic Radio Maps Using Hybrid-Models

As noticed inFigure5-17, thereis a tendency to RSS of zero in locations that are far away from
data points used for predictiomgble5.4). The reason for this is the Zemwean prior assumption
about the RSS probability distributing while doing the GPR prediction. However, if a hybrid
modelsimilar to the model used #.4 was used such that the general mean dR GRhe Log
Distance model and the GRRused to model the RSS residuals errors instead of predicting the

RSS values themselves, then a better more realistiteln@an be obtained. 1 hd¢ & s e, t he
predicted residual XRaSi S If obre ugnikvneonwnb yl:ocat i o
m, =m(x)+k(x, X)(K +521) (Y - m(X)) (5.10)
m(x’) = A+ B.Iogmx* - rAPH/dO) (5.11)
Whe fxe-rylli s the distancery,farnodm tthhee i AR ulN dl aot ci ao

that the variance Thoirsmudrao paisldd bhey btrhied snaonde

The results of hybridizedstimated power profiles are showrFigure5-18.

Logarithmic- Radio Map
Decay Curve

Online RSS 0 = . Building Using
Measurements Fitting RSS_’:—“?““ Gaussian Process
Table Residual Errors Regression

Figure 5-15. The proposed hybrid radio map construction technique

5.3.4RSS Estimation Accuracy

To assess the RSS estimation accuracy, -the 67
enabled | aptop was used to record RSSI values
l ocations are compared to the egdtitreet endy bRS S i |
model s. The over al | TableS5uslhtoswi anrge GPRmma rtihzoeudt iann

Di stance model meand. APhe ar d¢iguseb-bs mo fGiPRI Ilwi tt lhhe Ze
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mean GPR-Damd am@g mean case including

seen Tabteb5t hahe RSS error-50% rediHPpesit nptdd GPR

used. It is noted also that accuracy

t

t

he

star

decrease:¢

0 the CRLB &rhalpywseires 3goi vgeeno ment rry of APs

Table 5.5. Dynamic RSS Prediction Errors in dBm

API1APZAP3AP4{RMSI

Zeme an GPR 13.,10.10.12.11.

Py

LoDi stmmare GP/5. 46.936. 17. (6. 3]
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Figure 5-16. Log-Distance Estimated Power Profiles for the four APs in the experimental

area ofFigure 4-1.

87

ocat

(



Estimated Radiomap (dBm) for AP:1 Estimated Radiomap (dBm) for AP:2
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Figure 5-17. GPR-Estimated Power Profiles for the four APs in the experimental area of

Figure 4-1.

88



Estimated Radiomap (dBm) for AP:2

Estimated Radiomap (dBm) for AP:1

-20 N -45

North(m) 00 East(m) North(m) 0o East(m)

Estimated Radiomap (dBm) for AP:4
Estimated Radiomap (dBm) for AP:3

ﬁ’\\\

\
\\\\\\

20
North(m) 00 East(m) North(m) 00 East(m)

Figure 5-18. Hybridized-estimated Power Profiles for the four APs in the experimental area
of Figure 4-1.
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Figure 5-19. Dynamic online RSS Estimation Accuracy using the Hybridized models.

Rel ationship between RSS Error and STDV

The bottomigBaBhowisnt hat there is a su

t abl

e

RSS errors-easnd mahedGRRcuracy measure (RSS STD

errors, SDTV is higher and vice versa.

measuresof mahe on.
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Chapter 6

AdaptfFiraemewor k flomdoMmr ePesisti oni ng

This @haoptosr@as egnatetloframevomgkirati on position
the -cGPrSresponding iAsdoseshowemamtherfp &rgte.r pr i nt m
out perform other methods in indwgpodasbadhnhar map.
which -cendumeng and i mpr act.iTceselda &b a ckkese p p raenvde |
fingerprint wireless wodebmmerogatingt ddhsapgf 8 dm -

mai n reason t hec oantnteuvicalcayl poofs i ctui sounei hntga ss[yFshsyeHoso k

still wi tnmeitneéArilsii nngp a2t0 providing higher resol ut
systheimg wor k introduclkasad nowsetleml|tikatt /denamirc
continuously calibrates a fine radiharmayarfeorori

prior knowl edge aboutcotnhseu mda maega odrfd i wiet auty ey i
adapt to dynamic cheahRBes nioifdSBHrPFa@hei commeé mtu, u
updated and optimized bas dd diotni orneeda@amftt,i nARad |i @
automatically <calibrated usi MTdiesomai ot marp ABs
optimizedehbyurkbs feaedudefsiconbbRilgeml ebtm t he most
APs . Additionall vy, t he system provides rel i
Experiments on | EEE 802plIbpomnestdorsks 28mondad tpha

consistency of estimated accuracy measur e.

6.1 Objectives

The objectives of the proposed system are as f
T Providing a complete WLAN stnidnoaotri opno ssi yt s toen
without need for offline site radio surve)

T No prior knowledge or maps about the buil
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needed or wused.

T The system should autonomously and conti:
changesmadnd agiiqati ons.

T The system should also be able to determ
perform best positioning in | ess computat.
T The system must provide reliable integrit:
st anddewidati on of position estimati ons.

1t is also required that the system can b
WL ANs .

1T The system should maint-2a2im aoméuéefil beveBS

indoor positionioguwi rseeme/itcse.s accuracy r e

6.2 Methodology
6.2.1System Components
System hardware consists of the following main
6.2.1.1The WLAN
It consists of multiple APsvith the mutual RSS observations feature installed (review section
4.5.1).
6.2.1.2A Processing Unit
It can be a centralized computer server or even a mobile device. It is used to perform the
following two processes:
T Construct dynamically a f i RM®S bradr watmams
broadcasted periodically over management
using tR886mseuvuabdtifom@]. sohcept

T Proces€ss ruesgeure st s to estimate | ocati ons an
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curremdpowerermpattern (fingerprint).

6.2.1.3A Communication Media

It may be the WLAN itself or the exiag corporate TCP/IP LAN71] [72], or even the internet.

It can be any existing communication media that can be used to do the following:
T Enables the WLAN APs topseads®&SBgobeetvati
T Enabl edBNLA$¢enrasb| ed devices to communicate

obtain a position.

6.2.1.4A Mobile User Unit
It is any WLAN-enabled device that can do the following:
f Scan the area for visible APextdacbd&SE6El
information (user power fingerprint).
T Send user power fingerprint to the proces:
1T Receive |l ocation information from the pr oc
6.2.2System WiFi Prototype
Al t hough the proposed system can be i mplement
net work, we describe the system design and i m|
and the corporate TCP/ 1P LAN which isnedomanect
and a centralized computer Bieg®lte. WeFt hwabasec
for system physicafrpeoboadypivagl bbtausaémosti ev
TCP/ I P LAN and i [TX][E2].neltn ctohnen epcrtdtvattype i mpl e me
TCP/ I P LAN/ I EEE 802. 11 WhrRANnihaat iboene nmeudtiia ilzetdv
because this type of network connectivity 1is &

uni versity campuses to | arge airports and ever
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[ 73]Al so all new | aptops, PCs, and handhel d d
Wi Feina b[I8¢]@ 4 RP.5] So, the wuser wunit c o uelrdmolree , a ntyh ec
selection of Wi Fi makes t-bBEf sgtsitveen gnom e pWiakit

availabl e at |l ow cost .

AN
IEEE E02.11

w . -
s [EEE $02.11 —

-

&
TCEIP LAN /
IFEE 302.11 Internet

| - (.
" WK T~ .
& .
/ | ",

# M

e | w1

{

= | }I [EEE 802.11
._.

Figure.6-1. System Deployment

6.2.3System Architecture

The system architecture i©i@®vn in Figure 6-2. The WiFi APs periodically broadcast power

patt er nPowet RattetntReceivier Modul® and generate anThXML f il
OMT.XML is the online measurement tablkat contains the mostecent incoming power

patterns information adescribed infable5.4.Per i o d i dvadels Bujlderd hmo dul e r ead
the data in OMT.XML and buildhe PP.XML and PM.XMLwhich refers to the power profile

and propagation models for each AP in the sysiemastimated by theThe RM.XML is the final

dynamically constructed radio map. In the figuasmartphone sends a power fingerprint to the

94



fipositioning web-serviced running on the central processing server. The positioning server

replies by a position and standard deviation using the most recent dynamic raditnenaperall

system health and sSystemMaenitoiingd nwailicatom.r ed by t he A
Power Patterns Receiver
CH Web-Service
System
OMT.xml Monitoring
Web-
Application
Positioning Models
C# Web- 7 ild
Position/Accuracy Service builder
C service
Figure 6-2. The proposed WiFi PositioningSystem Architecture
6.2.4Data Acquisition
Power pattern recording is defined as the proc

their MACRS@dtd Krheewnr |l mc dathieon raditi onal of f1in
pattern recording is perform&dowaoadl bps bwpornm:
To overcome this impractical time cihesummitu@gl of
RSS observalfv@hdThoscAhARtacddn be seen as a refe

periodically sbtroraedcamnst spaeawer mpattern recordi ng
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these online power pattern recordings can be
media such as the corporate TCP/I P LAN to the
In the proposeodt systempl ementati on, and due
firmware to broadcast the power patterns recor
the beacon frame as described above (as this i
we put a wireless monitor beside each AP to
periodically every one second over the corpor a
the following information:

1. AP own MAC and AP own | ocation.

2. N e igg hAbPosr iMMAC s .

3. Nei ghboring APs RSSI s.

The incoming periodic online power patterns
known | ocations OMTXMhef skading APs in
6.2.5AP Power Profiling
Using theOMds KMkteacmimdmaponstruction is i mpl emen
a power profiulktthdtorataahy APosati on, FiglRe®S3 val ue
shows RSS v akyacst efdond s sonmOME e XMLI f id er eal envir
Al t hough it provides small number of RSS obser
di stribution of UWUshiinsg APh ep oHwebrr ipdr oRS 9 eest i mati o
5. 3.79P] RSS of each AP canEdtei mdaytniamg ctahéd yp ewd i mj
AP using onl i nableSoidlbsérveatibnegeoprobl ems at once
1) Handling the dynamic changes
2) Modeling the gener al shape and distrib
envi rto.nmen

3) I't keeps the system aware about recent A
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The power profile and standard deviati on
ar e s higwet-4a miigure6-5.

RSSI (dBm) at other APs locations

AP Location

10 o
North(m) 5 0 20 Fast(m)

Figure 6-4.Power Profile Estimation using Gaussian Regression with LeDQistance Mean
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Estimated STD (dBm)

e 40
20 30

10

10
North(m) East{m)

Figure 6-5. Standard Deviation of power profile estimation

6.2.6Dynamic Radio Map Construction

The | ocation c¢ompuuttert hsee rrvaedri owinhal p choypsotvere gi ng
profiles so thaxtt hfore &a&cha Icoocrarteisopnondi ng vect
di stribution from al/l access points in the tar
radi oowmamps ct he whole targeted area wil!/ be sa\
with each |l ocation in the fine radio map, t he

power PDFs are stored as theosatmindmard deviati o

6.2.70nline Verification and Calibration

The verification process will be i mplemented a
1-In radio map construction pr dablessda, piomsti @ead
such as 80% wi l |l be used and the remaining
the constructed radio map.
22The testing RSS values are wactead troa cisd i nmag .c
3These |l ocations are compared with the refe

| ocation medmcs RMbrEel lerborr dcor ded.

4-1 Eoc_ RMSEst il | arger tpmarrarmﬁ,tsfehrsaylmcbeddj nt he
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each rAdPfsi lpe estimation wil/l be changed accc

[ 7TBYB6%ing the following fitness function to

W (6.1)
F(sn,5¢,M) LOC_RMSE+W2 Log(p(Y | X))
Note that i n tHe)fwet neesisg hftu ntchte olni kienl i hood ovVe

positioning accuracy over the testingenmndeattiac usi
iteration, AP power profiling and radio map co
be used again with the testing data set t o Vv

acceptabl e mean square serirldruBitg@&dmtdaiimed. Thi s

6.2.8AP Selection using FOS Feature Reduction

I n this sftegpt, ftehaet UFrGeSs dreas d u iihiegn esa pgfr plaicehd t o

the most informative access points in the cons
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=) | | Noise
L Power Patterns Filtering
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A ower Profile
Estipnation
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Radio Map \

Construction AN Radio Map

Verification/Correction

Pattern Classification
(i.e. KNN) Positioning
Algorithm

Dynamic O

AP1S\U0IE207 >

—
—_—

Fingerprint

Figure.6-6. Online Calibration of Dynamic Radio Map
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6.2.9Positioning Procedure

The positioning scenario will be performed usi
6.2.9.1Positioning Request

The WiFienabled device will perform a wireless scan to collect a power fingerprint. A power
fingerprint is defined as MAC/Power value pairs from all surrounding visible APs. The WiFi
enabled device sends this power fingerprint to the location server arsiXdlL Web Request
(Web-Service Requegt6]).

6.2.9.2Position Estimation

The location server will compare the current sent power fingerprint with the estimated power
patterns in the radio map using a weighitddN algorithm toprovide a location. In a weighted

KNN algorithm, a weighted average is performed by giving the highest weight to the most
nearest radio map point. Thus, given current WiFi fingerR&8/, the current positiorP, is
estimated by:

P =wP, +W,P, +...+ WP, (6.2)

_ exp(-[RSS] - RSS[I?) (6.3)

§ exp(-[RSS] - RSS]]Z)

WheReSli s the Wi Fi power pRitnt etrtne rreacdirad emda pvi t h |

6.2.9.3Error standard deviation calculation:

The | ocation error standard deviation is <calc
esti mat ed rmet eGPsR hlésgitsoy ance path | oss model i s

val ugableSidamro calcul atelglcetarspontangie o hppower

deri vateicveg vebdrwi t h r es p e® tis used asdollosvé: a n ¢ e

TO0yve 1 0 pHE&GEM TQ (6.4)
T Qo T Qe
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D g (6.5)

pHY Ipm
The |l ocation error standard deviation iIKs <cal ct
nearest neighbors selected in the radio map po
6.2.9.4Positioning Response
The | ocation server sendsst atnhdea rcdo ndpeuvt ieadtai bobne dttoi o

user device using a%eXWiLc &feBelJRegs st ( Web

6.2.9.5Heading Estimation

After position estimation, a window of RSS Nfvisible APs is monitored. For each AP, the rate

of change of the RSHiff (.)) is the difference between tirmensecutive RSS values. If the
average of RSS rate of change is above positive threshold, this means the use is moving toward
the AP and the heading must be in the white range shown in

Fi g &7 Userl. Otherwise, if it is below negative threshold, this means that the user is moving

away from the AP and heading must be in the range shown in

Fi g @&#User2. AP are the angle of LOS from current user location to théﬂ\lilz in

Fi géd).e
:Excluded Heading Range ~
: Possible Heading Range % d ﬂ\
T \<ll®)
% d = i) User2
=>
Userl

Figure 6-7. Initial Heading Range Estimation
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Al t hough noisy RSS may result in some wrong an
the true heading (Angles 2,4,6,7Figure6-8). The efect of noisy RSS will be outliers (Angles

1, 3, 5in Figure6-8) .To filter out these outliers, adearesheighborclustering step is performed

on the calculated AP angles. If the largest cluster size contains at least three AP angles, those APs

are considered. For example, if 7 APs angles are available, and three clusters were calculated as
shown inFigure 6-8, APs angles 24, § and 7 will be considered. The heading range is the
intersection between all possible heading ranjyes.t e i f t he wuser ®BsPohseadi n
angle, then the meaf rate of change of RSS values BAP will be larger than that of any other

APb6s angl e. This was us estimateof hpaelingf and eccuraeyi ght e d

measure as follows:

. N N (6.6)
A =atan2(g w; sin(A,),a W, cos@,))
j=1 j=1
S, =0.58bgA - Ayin) .7
Where! and! are the boundaries of current heading rangthéin'd; a weight given by
w, =diff (RSSJ)/4 " diff (RSS]) (6.8)

WhereQ "(YQY"Ys theaverage of the rate of change of RSS valued'éfPs.

AP Angle7

True User

AP AngleS Heading

AP Angle6

AP Anglel

Figure 6-8. Filtering out outliers measurements
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6.3 Experimental Results and Discussions

Physical experi ments were performed in&two in
university raepprdexicmat ellyt 20sFimw &8 5nT haer esae c 0 f
environment is 25m by @&0Mmninmerssixty ifho&€ompunmt
Department Fi@QamiEdaBpsbeenvironments are equipp
Wireless monitors were distributed beside eac
university TCP/ 1P networ k.WLPAN ta nd ptahret niest wwoirrk
the university Ethernet TCP/I P LAN.

A computer server running a web service was
wireless monitoemsamined udevisc e .AN The wireless
recordengsore second to the computer server tl
server runs t-dheal idymatme ¢ roaadiicnemap construction

run al sesetleret FOB ofseARs.t eih eAPBOSMmbecrigrdce wm ni n

Fi g6&9aenlHi g&tr Al | RS®&t eeh and positioning will wu
I n parallel, another weblpeservioring reguneéesgs:t
Web requests. The | ocation esti mactailoinbrvaebe ds eara
map to préooecguestserand responds by |l ocation e

(estimation accuracy measure) .

I 15m |

I 1
Figure.6-9. Testing Areal.
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Figure 6-10. Testing Area2.

6.3.10bstacles Distribution Effect on RSS

To see how GPR broadly models the general s ha|
with area?2 mRipg6ise Amowvwnd di mp é vheern cd e@rseeasies seen
south corner of the area. The explanation for
area as Fsihgoowre Alddi ti onal l vy, estimated RSS va
generally show the effect of walls. These odd

|l oss model s.

40
-
Odd Power
Increase

£
hets;
o L
T
L1
i
e
=
=

o

o
e
i

Electricity-
Room

b

4
)
LI,
Wy
s

i

Figure 6-11. AP RSS Estimated Distribution from the FOSAPs
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6.3.2RSS Estimation Accuracy

To assess the RSS estimation accuracy, a total
the two testing ar eascl eSipitdaanhic d &¢I ¥ saete awshniacl hl
WLAMNabl ed | aptop was used to record RSSI val
at these |l ocations are compared to the GPR est
Tab6lland

Tabd82s howi ng GPR withost aand wodb|l Lmgan8 HRPs r

from areal and Fdrg&& 2 narGP Rs hvmetahn iZ&ERRo-Dd rsd alne @

mean case including thetstcamddred sckenndaddbam sn u(ms
and
TabB2¢ he RSS error50% ir-Riduwagrdc o yGRI® i s used. |t

accuracy decreases at right borders nar eseaeloefctt e

manoyn right borders.

6.3.3Relationship between RSS Error and STDV
The bottomigGhaphowisnthat there is a suitable
RSS errors and the estimated accuracy measur e

SDTV is higher and vice versa. This reflects t
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Estimated RSS vs.Observed RSS for AP1 in Testing Areal
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Figure 6-12. RSS Estimation Accuracy Results in both testing areas
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Tabelle RSS Errors (dBm) in Testing Ar
AP]1APZAP3 AP4  RMS
Zeme an GPR 10,/7.911.[13.]11. (
LoBi stmemae GPR|4. (7. 27.6/3. 5/5. 9]
Tabbl2e RSS Errors dBm) in Testing Ar
API1APIAPJAP4RMSI
Zemean GPR 13101012 .,11. §
LoDi st-memame GPHR5.46. 6. 17. (6. 3]

6.3.4Location Estimation Accuracy

6.3.4.1Static Test

I n €&Bits ©Observed user WASASE walaltehde m8a samrde d 7b yr e
|l ocations were sent to the | ocation computer
to provide a location and standard deviation f
testing areal anld b@3meha 2 ha rseh osabsio shinoawi aleo gGPR per
much better in -pesntBEBd@RE-IBghewanheeresul ts i f t
construct ebd stusainrceeg megn GPR. RMSE of 2.0367 in
were obtained. These results are very similar
[6@&]th the advant age okinonvwlte ddgeep eonfd itnhge obnu ialndyi nf
and wi tthroaide rsaiymul ati on software. Al so the res
[ 7ih which similan &Smurscaam IReguesdibut with o
OQur approach has the advantages of not depend

approach to dynamically model the changes in t

6.3.4.2Relationship between Positining Error and Estimated Standard Deviation
Figure6-13s hows the position STDV values with eac
suitabl e degreteweoefn ctohrer ed sattiimant ebd STDV and t he

t hat , for positioning as well, in general, t h
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value whi ch, agai n, i ndicates t he reliabilit

pediction as an accuratesSi knewtiedyge momioner ionfg

systems reported in the |iterature provide suc
Tabh6l3e Positi-Gniang-AE@mdt and Area?

Static Positioning RMS
ZeiMean JdLo-Di stance Me

Areal 2.9355m |2. 0367m

Area? 3.926m 3.0175m
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Figure 6-13. Static test positioning error at reference locations at testingreal and area2

6.3.4.3More on the Accuracy Measure

If we selected portions of the resulting dynamic radio map based on the estimated error standard
deviations calculated by GPR and then calculated the accuracy of positioning at these points, this
will give us more insight about the accuracy of the estich&EDV. Figure 6-14 shows the root

mean square error vs. the STDV in meters in areal and area2. A data point in this plotting
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represents the RMSE of the portion of reference data points where STDV is less ¢qaaldo
the specified value. The figure shows a pretty good consistency between the true accuracy and
the estimated accuracy measure (STDV). In addition, the results show a good correlation between

results of testing areal and testing area?2.

Estimated STDV vs_Positning Accuracy in Static Test in Areal  Estimated STDV vs_Positning Accuracy in Static Test in Area2

Average Position Error{m)
Average Position Errorim)

0.8 0.9 1 11 12 1.05 11 1.15 1.2 125 1.3 1.35
MAX STDV(m) MAX STDV(m)

Figure 6-14. Relationship between the estimated accuracy measure (STDV) and actual error

in both testing areas
6.3.4.4Walking Test
Due to the lack of a reliable accurate reference navigation system indoors, we foll@ved pr
defined trajectories with known Wappints. These prdefined trajectories are shown in
Figure6-9 and Figure 6-10 for testing areal and area2 respectively. During this test, a WLAN
embled | aptop was used to record userds power
Web requests to the location computer server. The laptop is connected wirelessly to the university
IEEE 802.11 WLAN and can access the location computer servetafitog has software that
collects current user power fingerprint and issues an XML Web request and sends it to the
location computer server which responds by location and error standard deviation. At the known
way-points, we stopped and recorded the exfee location for positioning RMSE calculation
purposesFigure 6-15 and Table 6.4 shows the positioning accuracy of the walking test in areal
and area2. The RMSE in areal is 2.26m and 3.196m in area2. These results compared to systems
in[ 6 and[ 7 <onsideredpretty well. Figure 6-15 shows again the correlation between the

positioning error and the estimated accuracy measure (STDVpripace the performance with
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the traditional offline radio map, the positioning of the two trajectories in testing areal and area2
were performed using the 58 and 67 offline radio map points. The RMSE are shbablab.4

which shows comparable performance with the advantage of removing theotisieming

offline surveying work.

Walking Test Positioning Error over Way-Points of Area?
10 T T

m)

H | I Position Error(m)
LI ' i | —#— Average Error{m)
E‘.l 5 _________________________________________ —
=
B
3 .
oo 5 10 15 20
Way-Points in Testing AreaZ

a Walking Test Positioning STDV over Way-FPoints of Area2
£ 4 : : : :
= | |

|_

]

o 2

£

=

B

3 .

o q A 10 15 20

Way-Puoints in Testing Area2

Walking Test Positioning Error over Way-Points of Area’l

E, 6 -F'nsitinn Error{im)

(=]

S g —+— Average Error(m) | _____________
= :

= '

c 2
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£ 0

Way-Points in Testing Area’l
Walking Test Positioning STDV over Way-Points of Areal

3

—

Positioning STOWim)
]

[}
L}
[

10 15
Way-Points in Testing Areal

Figure 6-15. Walking Test Results in Areal and Area2 Using Lodistance GPR RSS Radio

map Estimation
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Table 6.4. Positioning Error - Walking Test Areal and Area2

Offline Traditional Radiomap Online Dynamic radio map
Zero Log-DistanceMean
mean GPR
GPR
Areal 1.8m 2.8m 2.26m
Area2 1.7m 4.01m 3.169m

6.3.5Maximum Expected Positioning Error

If the area contains single AP, the radio map will be the AP power profile itself which will be a
bell centered at the AP locatioRigure 6-16). Given any positioning request contains this AP
RSS value, matched locations in the radio map will be a perfect circle centeretbaa#idh and

the system will always generate the AP location (average of circle border is the circle center) as a

solution. The maximum position error would be the radius of the coverage circle of the AP. So,

the stronger the AP signals is the larger télthe maximum positioning error.

RSS(dBm)

North(m)

East(m)

Figure 6-16. Power Profile if only single AP exists

6.3.6Heading Accuracy

Due to the noisy RSS, during the 30 minutes walking test, the conditions of the heading

estimation algorithm was satisfied 90 times (on average, 9 times per 3 minutes walking). For

112




clarity, a snapshot of some heading estimation results was displayegiie6-1 7The average
heading RMSE is 16.5 degrees which is reasonable taking into consideration that no beam
antennas or special hardware were uBexbults were compared with a simple tracking algorithm

in which heading is calculated based only on the estimatedp#fiions using the formula:

A =atan2(y, - Y1 X - %.1) (6.9)

Where Yoo Y is position at iteratiok. The heading RMSE using this simple heading tracking
formula is 87.4 degrees which is too bad. This is expected because the tracking depends only on
WiFi positions which is noisy, scattered, and not smooth enough to have heading estimation like
the case inGPS in open sky LOS conditions. Having the ability to estimate heading even in
discrete instants of times using normal mobile device is an added value to the proposed system
over similar systems. This namontinuous heading estimation is of great impar¢éaim filter

based integrated navigation systems such as inertia/WLAN systems in which any external

updates at any time will improve the overall solution.

= = = Trajectory

= True Heading

=3 Estimated Heading
£S5 Estimate Heading Range

Figure 6-17. Heading Estimation Results
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6.3.7SystemDevelopment for Android Smart-phones

Another implementation of the proposed systeas developed usin§martphones that runs
Android operating systenThe smarphone sends a power fingerprint to the positioning-web
service running on the centnadocessing server. The positioning server replies by a position and
standard deviation using the most recent dynamic radio Tiepsystem was tested @algary

Technology Centre im 20m by 20m area equipped by onlyNétgearAPs identified by 4

trianglesin Figure6-18.

A
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ELEV

STAIRS

4.39
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10.47
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4.3(

Figure 6-18. Indoor Area with 4 APs for Smart-phone testing of the proposed WiFi
Positioning System

Figure 6-19 shows one of the Netgear APs used in the system and a@ma#g acting as a
wireless monitor that periodically broadcast RSS power pattern at the location of the AP.
shapshot of the system displayed on a Samsung nexus@mag is shown irFigure 6-20.

Different screenshots of the system displaying the results of doing several loops in the shape of a

rectangle inside the experimental area are showigimre6-21.
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Figure 6-19. AP with a smart-phone working as a wireless monitor that periodically

broadcast RSSpower patters at the AP location.

Figure 6-20. The positioning solution developed on a Samsung Nexus Smditone
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POSITION POSITION POSITION

o Y = o O = o O =

Figure 6-21. Smart-phone screen shots during ding several rectangular loops inside the
experimental area.In this experiment, the proposedsystemrecognizedcorrectly the shape
of trajectory and the number of loops.
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Chapter 7

Wi FAi ded Na¥y gtad md n

Although the proposedndoor wireless positioning systempsovide a consigsint accuracythe
positioning is still noisy. Thus, in this chapter, integration between wireless and
inertialodometetbased navigatiorsystems isexploredto improve positioning accuracgnd
trajectory smoothness

7.1Integrated Navigation Systems

Integratingalgorithms aim at integrating different source of information to optimally estimate a
system statf4l] [78]. If the integrations online and recursivit is called filtering[3] [23] [79]
[80]. Two commonfiltering techniques exist, Kalman Filtering (K] and Particle Filtering
(PF) [42]. While KF is characterized by it is optimality (in least square sense)itand
computational efficienciB], it impose limitations onystemscharacteristicsuch as linearity and
Gaussiarassumptiorof system states. On the otfside, PF is characterized by its flexibility to
handle norGaussian and Nelinear systems and signals. However, it is-epbiimal and it
introduces a large cguatation burderf42]. SinceR.E. Kalmanintroducedhis recursive filter
[44], it has been extensively studied and applied in many areas. Thus, Wotkjgesearch is

focusedon Particle FilteringThe filtering concept is shown Figure7-1.

117



t NEBRAO
Ly S NI2AY S O s WMok

h LJGA YA

/ 2 NNB O
h dzii LJdzii

Figure 7-1. Particle Filter-Based Integrated Navigation

7.2 Bayesian Filtering

Bayesian filtering algorithm81] [82] get p(xk |Zk); the probability density function (PDF) af
system staté X, ) conditioned on external measuremer(ts ). The estimated p(Xk |Zk)

represerg all the knowledge about the system gt&t. Bayesian filtering considers the aiding

sources as observations and assumes that the satésoaderiMarkov procesf81] [82] [83].

The knowledgeabout system stat§, comes from two important probabilistic models; the state

transition modelp(xk |xk_1,uk_1) and the observation Iikelihooﬂ(zk|xk) (aiding measurements).

Theu, , is acontrol signal that stimulates the transition from stéfe ; to stateX, .To estimate
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the navigation statghe new densit)p(xk |Zk) is computed recursively at each time step in two
phaseq42] [45] [83] [81] [82]: prediction phase and update pha the prediction phase, the
transition is performed according to transition madefollows:

P (X |Zu1) = FP(Xi [Xu 2:U i 3) P(Xy 2| Zy 1) 0k 4 (7.1)
In the update phase, the observation likelihood is used to obtain the posterior PDF using Bayes
rule:

z %k ) P(Xk|Z k1) (7.2)
p(z|Zk-1)

P(Xk|zk):p(

IO(Zk |Zk-1)= ﬁp(zk|xk) p(xk| Zy _1) K (7.3)

7.2.1Particle Filtering

PF was proposed as a Moi@@arlo based solution for the Bayesian Filtering probjé&j [83]

[81] [82]. It is an aproximate solution to Bayesiaiitéring problem that can handle the cases in

which the system and measurement models are not linear and the states are not Gaussian. At each

time step k, PDFs are approximatd by a set of N random samples (particled

— 1 N . . i .
Sy —{%( ),---, 5‘k( )}. The i sampleconsists ofthe value of the stat@k(') and theassociated

weightpk(i). At k=0, the sample seSo:[(Xo(i),po(i))“ fl,---,N} is initialized with equal

wei ghts based on any knowl edge about the obje

important steps:
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1) Prediction phase: starting from the set of sam@sf[(xk .1('),,0k }('))|i :1,---,N]
in_1
(where ,Ok-l(')=ﬁ) the state transition model is applied to each sample

. 2 . l . 2 . 1 .
Sk-l(l) :%,Xk -1(I )'W and one samplél'k(l) :%kq),ﬁ is drawn fromp(xk ‘xk_l('),uk _1) .

Thus, a new sample gg3; ) is obtained that approximates the pcéde densityP (Xk |Zk.1) .

2) The update phase: measurement is taken into account and each of the sargplds in

weighted usingan observation Iikelihoodp(zk‘xi((i)). Then all weights are normalized. The

weighted sample s, approximates the densm(xk |Zk).
: N o
3) Resampling step: the sample %t:{(xk('),l?k(' ))|I '—f‘-,---,N] (wheregk(') :W) is obtained by

randonty selecting from the weighted sSk :{(Xk('),ﬁk(' ))|i :1,---,N} such that each sample
is selected number of times proportional to its weight. Thus, the obtgjnagproximates the
required? (¢ |Zk ).

The three steps that describes the particle filtering are shokgure 7-2.

7.2.2Mixture Particle Filtering

If errorsin transition model (i.e. inertial error in an itial navigation system) grewery largdy,

— 1 N . . .
the sample sePy -[Sk( ) Sk( )} that was predicted by the transition model will be very apart
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from the observations.é. wirelessposition updates in an integrated navigation sy3tefhis
means that & PDFsp(Xk |xk_1,uk .1) and p(Zk |Xk) do not overlap and are verfar apart from
each other. Then, the weights (which depend on the Euclidean distance) will be too srimgl tend
to zero. Thus, the new PD[F(Xk |Zk) will not be accurate and very large number of particles will

be required tocover this gap between the predicted states and the aiding observation. To

overcome this problenMixture PF was introducej@5] [83] [81] [82]. In Mixture PF, the idea is

to add to the sample s& ={(Xk(i),,0k(i ))|i 4,---,N] a number okamplegM) from the aiding

observationgcalled immigrant samples iRigure 7-2). This assures better coverage of the state
space with a much smaller number of samples than traditional i&Fimportance weights of
these new samples veecalculated in accoamceto the probability that they came from the
previous sample set. The weights of the new sample set are then normalized and the resampling
step is implemented using the same procedure described above.

7.2.3Reaktime Implementation Challenging

Although the number of samplésis decreased by the mixing mechanism mentioned above, the
embedded system implementation still needs more optimization. The process of weighting the
samples generated from observation is very expensive, includinfarge number of
multiplications, subtraction, addition, power, and square root operations with a complexity of O
(M*N) (See Figure 7-2).This expensive computation requirement affects the-tireal

implementation on limited resources CPUs. Further decreasing the samplé&é wizd will
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affect the accuracy of the PDF approximations. Thus, the objective is to reduce this complexity
without physically reducing sample size.

7.2.4Fast Median-Cut Clustering Optimization

A large number of multidimensional data points can be clustered into fewer numbers of clusters

with specific center§84] [85] [86]. These centers are approximate representation for all samples

in the data set. Hence, in the weighting step in PF, each sample in tﬁf(_slgf can be

approximated by only the cluster centers thdieiongs to. Thus, a fast clustering reduces the
number of samples used in the weighting operation without reducing physical sample size will be
areasonablsolution. In thighesis a fast version of mediacut clusterings proposed to perform

the desird clustering MedianCut was introduced as a method for fast image indexing,

retrieving, and quantization i{84]. This algorithm repeatedly subdivides data set into smaller

data sets. We start with one data @@ttainsall sanplesof Sk_l(') . Iteration step splits a data

set. In the canonical Medigut clustering algorithm, the enclosed points are sorted along the
longest dimension of the data set, and segregated into two halves at the median point. In our
implementation, we sorted the saegpbkets according to pspecified sequence of dimensions to
avoid the sorting step complexity and further increase the clustering speed. The above step is
recursively applied until K data sets are generated. Finally, the K data sets are averaged to have K
representatives instead of N samples. The complexity of fast median cut clustering algorithm is O

(N*log (K)). Thus, whenweighting samples coming from aiding navigation sounse, have a
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complexity of (M*K) + (N*log (K)) instead of(M*N). In the implemetation, K is carefully

selected such that (M*K) + (N*log (K)) is much less than (M*N).
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Figure 7-2. Particle Filtering: Weighting the samples comes from the measurements updates
PDF.
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O(N*M)
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7.3An indoor WLAN/RI SS Integrated Navigation System Using Optimized Mixture
Particle Filtering

To explore the navigation performance of WiFi if it is integrated with inertial sensors and
odometer based navigation systeth® proposed optimizeohixture prticle filter algorithmis

used to provida low costReduced Inertial Set SystefRIES navigation systenmntegrated with

the WiFi positioning system. This configuration is suitable for wheedducles such asiobile

robots in which the motion is mainly in 2D. Although RIS8izés the vehicle odometer which is
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much accurate than MEM&ased inertial sensors, the drifts in the gyroscope still causes the

overall system accuracy to deteriorate over short periods of time.

Oldlaimeter= vl

Figure 7-3. 2D RISS Platform

7.3.12D RISS Navigation System

In RISS systems for wheeleghicles such as robots, the motion is mainly in 2D. The gyroscope

is attached with the z (vertical) axis and measures the rotation rate around z axis as shown in
Figure 7-3. Motion equations are implemented in local navigation fréfeest, North, and Up
(Vertical)). In 2D, we are concerned ordypoutazimuth (heading), north, and east velocity and
position components. The azimuth an@fg of the vehicle is calculated using the following

equation:

V, tanf) dt (7.4)

A=fw, - wsinf -
W, sin T

N
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e
where W, is the gyroscope readind)V the earth rotation rate (4r), Ve is the velocity in east

direction, f is the latitude ,RN is the normal radius of curvature of earth , dnds the

altitude.

Once he heading angléd) of the platform is calculated, it can be used along with the vehicle

odometervod to calculate east and north velocities as follows:
V, =V, sinA (7.5)

V. =V_, cOSA (7.6)

Position (Latitudef and Longitudé) are given by:

_~ Vn (7.7)
i
Ve (7.8)

/ =/ dt
R, +h)cosf)

WhereRr), is the meridian radius of curvature of the earth at current position.

Latitude f and Longitudé can be then converted to meters using the following equations:

I:)North = (f - fo)(RM + h) (7.9)

PEast = (/ - /O)(RN +h) cosf (7.10)
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The RISS configuration is shown in the following block diagrarigure7-4.

Heading

North Position

East Position €

Figure 7-4. RISS System Block Diagram

Figure 7-5 shows the results of RISS system on the testing trajectory shokigure4-7. The

overall root nean square error £4743m The effect of the gyroscope drifts can be seen clearly

in Figure 7-5 from the headingerrors which causthe trajectory to deviate from the reference.
Also the effect of odometer error is clear from the graph where we can see stretch in the most
right part ofthe trajectory. Odometer error is also known from calculations since the reference

distance travelled is 110.5m while the odometer reading shows a distance travelled of 118.8m.
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3D RISS Trajectory Solution
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— 3D RISS
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East Position(m)

Figure 7-5. RISS Solution slowing effects of gyroscope drifts and odometer errors
7.3.2WiFi Fingerprinting
A radio map was collected using a laptop on a mobile robotHigeee 7-6) in the experiments
area shown ifFigure4-7. Online WiFi measurements were recorded while following the testing
pre-specified trajectory using the mobile robotNfN weighted average algorithm was applied
and the solution obtained ifi@vn in Figure 7-7,Figure 7-8, and Figure 7-9. East and North
positions are plotted separately to show the outliers points and the noisy scattered nature of the

WiFi positioning systemThe overd accuracy is 3.4 meters.
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East Position(m)

Figure 7-6. Radio map collection process
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Figure 7-7. WiFi East PositionSolution
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North Position in meters
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Figure 7-8. WiFi North Position Solution
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Figure 7-9. WiFi Trajectory Solution
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7.3.3WiFi/RISS Integrated Navigation

For WIiFi/RISS integration, the algorithm is initialized with samples from a Gaussian density with

mean equivalent tstatic WiFi positioning solution in static stat@redictive PDFP(Xk|Zk-1) is

approximated by applying RISS mechanizatiomaipns on every sample in the prior PDF

adding to the sensors measuremenqts) (a randomly generated noise with certain probability

distribution p(w,_,) (system noise).The posterior PQIka‘zk)is apprximated by weighting the

samples in the predictive P[Dr(:Xk|Zk.1) according to the Euclidean distance from the WiFi K

Nearest fingerprinting output and the standard deviation of measuremenp%'ﬁe

7.3.4Experiments & Results

Experimental Setup

A mobile robot equipped with a Wieénabled laptop and the RISS system sensors arrangement

was used to perform the experiments. This mobile robot is showdigire 7-10 and can be

operated by a human operator. The used gyroscope used in the experiment is part of an inertial

measurement unhDIS1630Q The specifications of this gyroscope are shown in table 1. The
speedwasmeasurediing t he robot wheel s

Table 7.1. SPECs of gyroscope of an ADIS1630MU

encoder so

SPECs of gyroscope of an ADIS1630MU

Range

+300 °/sec

Misalignment

Reference to-axis accelerometer: 0.1
Axis-to-frame (package):£0.5
T =25°C

Initial Bias N3 A/ sec®N1 @

In-Run Bias stability

0.007 °/sec At
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Figure 7-10. Experimental Mobile Robot used to performexperiments

Online Trajectory Recording

An online trajectory data was collected following the predefined trajectory shofigune4-7.

The robot was operated tollfaw this trajectory with different speeds. At each wagint, the
reference location was recorded for accuracy and error calculations purposes. Software written in
C language was developed and run on the laptop on a windows XP system to collect online
measurements from WiFi access points and from RISS system (speed and gyroscope readings).
The collected measurements were processed by the integrated navigation algorithm and all data
(raw measurements and navigation output) was saved in files for furtuesping and analysis.

All readings were time synchronized by the laptop processor clock value.
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RISS/WiFi Integrated SystemOutput

The adaptive fast mixture PF was applied on the collected WiFi measurements and RISS sensors
measurements. The integratedSRIWIFi system output is shown kigure 7-11, Figure 7-12,

Figure 7-13 and Figure 7-14. Figure 7-11 and Figure 7-12 show the North and East position
output respectively. Since we ot have an accurate reference solution indoors, the reference
solution is plotted at the wayoints and these wgyoints are connected which gives a general
shape of the reference trajectory. The drifts of RISS system output and the WiFi noisy scattered
output is clearly shown iRigure7-11, Figure7-12, andFigure7-14. Figure7-11 andFigure7-12

show that the integration betweB#fSS and WiFi system not only improves the overall accuracy
and reduces RISS drifts, but also smooth and filters out the noisy scattered output resulting from
WiFi noisy signal strength effecEigure 7-13 shows the 2D position components confidence
intervals. Figure 7-14 show the 2D solution fromllasystems configurations at the wpgints

only. The total RMSE achieved by integrating both RISS and WiFi is 1.6 meters. Comparing to
RISS only accuracy (4.4743m) and WiFi only accurac¥n(}, the integration between WiFi and

RISS systems reduced the RMSE by approximately #40§tare7-15 shows the cumulative error
percentage which showisat the integrated WiFi/RISS navigation system achieves an accuracy of

1 meter for 70% of the timeTable7.2 shows a summary of RMSE and maximuositioning

error for each system configuration individually and for the integrated system.
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Figure 7-11. WiFi/RISS Integrated System Output : North Position

WIFI/RISS Solution : East Position

Time in seconds
Figure 7-12. WiFi/RISS Integrated System Output : East Position
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Figure 7-13. Confidence Intervals for Position Components (95% Confidence Level)
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Figure 7-14. WiFi/RISS Integrated System Output
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Figure 7-15. Cumulative Error Percentages

Table 7.2. RMSE and Maximum Position Errors of all systems combinations
WIFi/RISS

WiFi K -NN
Positioning

Using 67X4 Radio
Adaptive Fast Mixture PF

RISS .
map optimized
and reduced by

FOS
RMSE 4.4743m 3.01m 1.6m
MAX POS ERROR | 10.1719m 3.2422m 2.9681m
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7.4A comparison between Particle Filter andKalman Filter in Indoor Wireless/RISS
Integrated Navigation Systems

Many implementation and performance difference between Kalman Filter and Particle Filter
exist. In the scenarios in which the observations (updates) are more accuiataikatesuch as
GPS/INS systemssome published result§87] show that Particle Filter outperforms Kalman
Filter in terms of filter stability especially if low cost MEM&&sed inertial sensors are used. In
[87], a Quantitative comparison between Kalman filter and Particle filter for low cost INS/GPS
integration was experimentally demonstrated on 2D RISS/GPS system. In these experiments,
Particle Filter was almost 400% better than Kalman Filtering. In this sent both Kalman and
Particle Filtering is applied on the same 2D RISS system but integrated with WiFi instead in an
indoor noisy environment.

7.4.1Kalman Filter Models for 2D RISS/WiFi Integrated Navigation System

In RISS/WiFi integrated navigation systeldalman Filter works on errors in vehicle state instead

of the vehicle states themselves. Then, Kalman Filter uses different models. The state in this case

will be as follows:

X ={d [.d[,d\ ,NMe, ,dn, ,dh.,,an} where ga_ aw, are stochastic error of the

odometerderived acceleration, transversal accelerometer, forward accelerometer, and the

gyroscope respectively.
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7.4.2SystemModel

In continuous time domain, the linear error system model that KF uses to predict system state is
given by:

o6 O 006 (7.11)
Wherel 0O represent a zermean Gaussian noise (system noise). In a 2D RISS s{@8&fig0]

[88], theerrormodel is given by the following equations:
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In discrete time domain, the linear KF prediction step is performed using the following equation
assumingv is zeremean Gaussian noise :

) N g W (7.13)
Where w represent the current prior knowledge about the states and represent the

predicted states amd ;  is the transition matrix given by
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Nk "0 "O"Y (7.14)

WhereT is the sampling periadn Kalman Filter, the current prior knowledge about the variance
of error in the estimated states is referred to by the covariance matridhe predicted
covariance matri¥  is given by:
0 ne 0D 0 (7.15)

0 "000"Y (7.16)
WhereT is the sampling period andl is the system noise matrix. The system noise matrix is
simply the covariance matrix of system noise given by

0 Onw (7.17)

7.4.3Measurements Model (Update Model)
The general linear measurement model is given by

o Ow 0 (7.18)
WhereOis called the design matrix that relates the states to the measurements. In 2IDRISS,
given as follows:

P MU M MTMTMTMT (7.19)
TP MMMMTNTTMTNT

And 0 represent measurements noise. Measurements noise wecaor be represented as a

covariance matrix similar to system noiseng’Y ‘O ww
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When a WiFi positioning update is availabte (), the error between RISS position and the
WiFi position is taken as a measurement update to the Kalman Filter Katihan gain is
calculated as follows:

0 0 O®W O Y (7.20)
And the updated states is given by

W W 0 o "Qw (7.21)
And the updated error covariance matrix is given by:

0 o0 0 (7.22)

The results of applying Particle Filter on the WiFi/RISS 2D system are shown in figures from
Figure7-16to Figure7-20.
7.4.4Convergence Time
In terms of convergence time, Particle Filter andniéa Filter are kind of the same (déigure
7-19 Figure7-20).
7.4.5Computation Time
In terms of execution time on Matlab on a Sony VAIO Laptop with Intel i5 processor, the
execution time of KF was 0.481633 sec and for the PF was 2.682612 sec.
7.4.6Positioning Accuracy
In terms of accuracy, the RMSE of KRag/2.2076m with maximum position error of 3.4837m

and the RMSE of PF was 1.6404m with maximum position errai9681m.
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7.4.7Discussionabout Results

Obviously, PF is computationally expensive sine the execution time of PF is almost 5 times that
of KF while the positioning accuracy of PF is 23% better than KF. This indicates that in such a
noisy environments like indoors, a nonlinearAt@aussian filtesuch as PF may be worth if the
necessary computation power is not an issue. However, in some {mdmaces CPUs or
powercritical devices such as haheld device and smaphones, this could be an issue. If
computation resources are limited in a egsidesign, then, instead of overloading the navigation

processor with unnecessary computations in such environments, a Kalman filter may be sufficient

in this case
RISS/WiFi Solution Using Kalman Filter
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Figure 7-16. 2D Solution of WiFi/RISS 2DSystemBased on Kalman Filter
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RISS/WiFi Solution Using Patrticle Filter
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Figure 7-17. 2D Solution of WiFi/RISS 2D System Based on Particle Filter
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Figure 7-18. Performance Comparison between PF ahKF

141



Standard Deviation in meters

Kalman Filter Standard Deviation of East and North Positions in meters)

0.2

0.15

T

T

—5— East Position
—*— North Position

i:tﬁg::i;,//.

0 200 400 600 800

Time in seconds

1000

1200

Figure 7-19. KF Standard Position Deviationand Convergence Time

1400

Particle Filter Confidence Interval for East and North Positions in meters (95% Confidence Level)

.

0 12 T
o & —&— East Position
e 10r ~* North Position ||
< g
T
L 6\
£
8 a4\
c \
9] \
2 2 .
c e e — e ———
8 0 5 ”;::;ﬁ;_‘{}ﬂ/#§;-¥
0 200 400 600 800 1000 1200 1400

Time in seconds

Figure 7-20. Particle Filter calculated confidence levels and convergence time

142



Chapter 8

Conclusion and Future Work

The main problem tackled in this thesis was the indoor positioning systems havimgathe
objective as providing a wireles indoor highresolution positioning system with-3L meters
accuracy to fulfill accuracy requirements farwide spectrumof applications such as rescue
management, personal tracing, and most of other loeh#isad services.

CramerRao Lower Bound(CRLB) analysis ofdifferent wireless positioning approaches
showed thateceived signal strengtbased positiomg methods are more robwstd accuratén
harshindoor environments that includiense no#ine-of-sightconditions

The researchshowed that in order to build accurate propagation moaieds radio maps
indoors,it is not necessarto perform offline exhustive surveysExperiments showed that only
few signal strengtlobservationsaround current user location are sufficienteBiimatecurrent
user location with highresolution and reasonable accurag@yis finding wasenabledby the
concept offimutual sgnal strength observatiamsvhere knowHocation wireless access points
that can measure received signal strength from neighboring access points and esnd th
observationsto a processing unit Since models are built dynamically onlindaist concept
enalled the development of adaptive positioning systdéhat can respond to environment
changes.

The research showed also ttraditional logarithmic decay formulas does fibtvell in dense

multi-path areas Thus, more sophisticated models are needed to handle thes¢atiuléffects
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indoors. Ahybrid nonlinear estimation technigweas developedhat combineghe traditional
logarithmic decay formula modela general shape of the signal strength pattedoons anch
Gaussian Process Regressinadule thatmodek residual signal strength errors that cannot be
modelled using thecommon logarithmic decay formulasin addition, Gaussian Process
Regression approactvas used to provide an accuracy measuirdegity monitor) of the
predicted signal strength.

The research showed also that reducing ratips size improves not only processing time but
also positioning accuracy. Thustaliomap feature reduction algorithwasintroducedbased on
fast orthogonal sech This algorithmcontributed significantly to reduce radiaps sizeand
determine the mogstignificant wirelessaccess pointin anunknownarea.

The research demonstrated that the proposed signal strength prediction models caraprovide
consistent daptive frameworlor a wireless indoor positioning system that doetneed offline
data collection or offline trainingndresponds to environment changes. The propfiaetework
was completelyrealized on a distributederviceorientedarchitecturesysem utilizing a web
servicingtechnologes The system wasealized andested onAndroid Galaxy Nexus smart
phonesachieving accuracy of-2 meters witha consistent integrity monitoringAlthough the
proposed methods and systems were realized on nWtiiorks, it can be realized over any kind
of wireless network as long as the mutual signal strength concept is enabled in this network.

The proposed wireless positioning system was successitdigratedwith inertial/odometer
based navigation systemsing an optimized version of ixture particlefilter as a nodinear non

Gaussian filtering algorithni he proposecdptimized version omixture particlefilter wastested
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on embedded Windows (WiIinCE) on a DevKit8000 board equipped by 600MHz ARM -8ortex
processor running mixturparticle filter showng 80% time redction with comparable accuracy
Kalman Filterwas compared tohe proposed irture particle filter. The comparison showe
slightly better accuracy for particldtér over Kalman Filter. Howeverhé computation time of
particle filter was 5 times more than its Kalman Filter equivalent. However, with the proposed
optimization (80%)xhowed thathe computation performance for both Kalman Filter paudicle

filter could be the same without losipagtticle filtering accuracy.

Recommendation for Future Work
The following areopenpointsfor future work:
1. Performing gatistical analysi®f the proposed systems is importanttfog verification of

the experimental work. It wasut of scope of the thesiddowever, it should be
considered as future work.

2. Properfiltering algorithms on the observed signal strength could improve the positioning
accuracy and reduce outliers and andesalThe proposed dynamic modeat could be
suitablefor received signal stngth filtering isa GaussMarkov modelwith proper long
correlation time andtandard deviation in the range of 10dBHEEE 802.11 network is
considered for implementation

3. Although received signal strength indoors are very noisy, the author obshatetthe
relative changes in received signal strength (signal strength differences between multiple
access points) are more consistent and stable. This observation can be used as constraints

on thecalculated positions which wouldad toimprovepositioning accuracy

145



4. Although the thesis considered the integration between indoor wireless positioning and
inertid/odometer navigation systems, different dynamic models can be used for
integration according to the naturetb& moving objectsuch agpedestriarand walking
dynamic models. Té author believes that pedestrian and walking models with
appropriate filtering could improve accuracy and reduce positioning anomalies.

5. Experiments done in this thesi AccessRomtime nd
Mutual RSS Measuremegts concept by embedding this fun
beacon frames of the IEEE 802.11 wireless network protocols.

6. Although the system architecture for the adaptive framework proved to be efficient in
eliminating the need for fiine training,the presented implementation in this thesis was
built on centralized processinghere acomputer server buitdmodels from online
incoming received signal strength information. This can createngputationalbottle
neck if too many usersaqguested positioning information at the same time. A future
improvement is to havihe processingandmodels building happeon theuserdevice on
the spot (i.e on themartphones themselves

7. Another room for improvement based on the point mention&dsrio haveuserto-user
(i.e. phoneto-phong coordination and information exchange to improve positioning

accuracy.
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Appendix A
WiFi Surveying Tools Developed During This Research

The developed WiFi surveying tools is a tool set developed using C# and XML technology. In
unknown environment equipped by WiFi network, this tool set is capable of performing WiFi
surveying, constructing ram maps, calculating wireless access points locations, creating an
accurate imagbased floor map of the area, matching and verifying visually the created map by
integrating with Google Maps and hence calculating the absolute location of any objedhiaside
area by a simple click on the screen while the map is loaded. Furthermore, it can record the signal
strength information of a walking person or a moving object with the ability to interact with the
screen online to enter a reference location to berdedoas well with the user signal strength
information. In conclusion, it is a C# based Ind&adio mapManager Tool with GUI that is
capable of:
1 Load and display 2D floor maps with specific corners coordinates
7 Software to convert screen based pixelsordinates to Latitude and Longitude
coordinates for indoor localization where werad have GPS
1 Integrate with Google Maps to show current location on the real maps to verify that what
is on the screen is exactly what is in reality and calibrate theexicoordinates if
needed through the GUI.
9 WiFi location/Signal Strength survey construction with Latitude/Longitude
T A user can build the radio map easily by clicking on the screen on the desired map

location (where GPS is not available) and click smash add to radio map file
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9 Scan with higher rates more than 1Hz

T radio mapSaving in XML based files for portability (XML can be processed in any
development environment and in databases tools also)

9 Code generator that generate MATLAB code to transformXi radio map into
Matlab data structures suitable for WiFi positioning software

T MATLAB code that estimate the access points locations

9 Load and display graphically already or previously gathered radio maps for review or
errors correction

T WiFi online trajetory logging with the ability to inject a reference known location WiFi
scan at any time so you have a via points or reference point for accuracy comparisons

T MATLAB code generator to transform the gathered WiFi trajectory into MATLAB data
suitable for deMepment and applying positioning accuracy.

9 Load and graphically display any gathered WiFi trajectory with reference via points
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Figure A.1. WiFi Surveying Tools Set. In the figure, a calculated location on the tool screen
is compared to the correspondindocation on Google Maps.
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