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Abstract

Multi-Sensor Bayesian Estimation Interior Positioning for StationaryMwioile
Structures

Indoor positioning has been a burgeoning technology which has been
researched and, to date, sparsely implemented using a variety of sensors. &tiis proj
addresses theoretical and practical considerations of a continuous outboard inboa
positioning system with emphasis on its future implementation aboard Navy or
commercial ships. The need for positioning systems aboard platforms, suchads aircr
carriers, to reduce on-board manning, for damage control and maintenance,aas well
for general personnel and high value asset tracking, is a Naval reseaativeniti he
project evaluates, via analysis and demonstration, the utility of very lstWHeMS
(gyroscopes and accelerometers) sensors, along with GPS, to augnwikithihis
unique combination of sensors, which has been implemented in hardware and
modelled in software, is used to explore the tradeoffs among positioning agcuracy
availability and complexity.

The first test site for the experimental validation of the prototyperayste
hardware and software was chosen as The George Washington UniversitynAshbur
campus in Northern Virginia. This site was chosen based on its extensive WiFi
capability as well as it having certain areas with topological and \WéR$mission
characteristics resembling that of a ship. A description of the WiFi niésraxcess
points, received signal strength maps, and overall topology is included. The igenerat
of detailed apriori WiFi RSS maps along with the overall test methodology eedploy
necessary to demonstrate a horizontal performance accuracy goal of tw@andte
deck level vertical discrimination, are described. As a consequence of the non-

linearity’s involved in the RSS maps and topological constraints, as well as the non-

Vi



Gaussian nature of some of the noise sources, emphasis has been placed on a novel
implementation of a regularized particle filter.

This project considers navigation in both an absolute and relative sense. For
most applications, absolute and relative solutions can be straightforwardbygl nelat
each other. A complication, however, arises when a user on a mobile platform
employs inertial sensors as auxiliary sensors. These sensors inheresgure
acceleration and angular rate with respect to inertial space andersiggact to the
total motion of the user. When the total motion of the user includes both a relative
motion with respect to the mobile vehicle and a vehicle motion with respect tolinertia
space, then algorithms must attempt to separate the users’ relative mth respect
to the mobile platform. This topic is analytically addressed in a prelimiaahydn
and will be the subject of further research. The project concludes with the plans and
schedule for a second prototype demonstration aboard a US Navy ship in the Fall of

20009.
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Chapter 1. Introduction

1.1 Statement of the Problem

Navigation, the determination of an object’s absolute or relative position, velocity
and attitude, is a fundamental requirement for most activities. There arerfeweccial
or military missions that can be accomplished successfully without some kigewdé
navigation.

The general attributes of a navigation system include interrelated fastbras
a) accuracy, b) availability, c) dynamic limitations, d) environmentalitbatiss, €)
continuity of function, f) integrity/figure of merit annunciation and f) sizeight, power
considerations. For outdoor navigation, the Global Position System deployed by the
United States Department of Defence in 1994, has the most favourable combination of
attributes for a majority of applications. As L Band frequencies areedgadtenuated
by materials, availability of GPS in most indoor and interior applicationnsrgky
unacceptable. Consequently, a considerable body of research over the lass bagyear
been devoted to providing a methodology for indoor navigation to supplement the GPS
outdoor capability. A wide variety of technologies have been researched including
Ultrawideband (UWB), cameras, sonar, WiFi, inertial navigation, radio frexyue
pseudolites, dedicated radio frequency waveforms and special GPS-like signal
augmentations. Unlike outdoor navigation, no single approach has been shown to be
dominant for most applications.

Although the efforts shown in this dissertation are applicable to stationary

structures, this project also addressed a particular novel aspect of outttmmr-in



navigation associated with ships at sea. The future Precise At-sea Ship feyste
Inboard Outboard Navigation (PASSION) is aimed at shipboard personnel and high
value equipment becoming part of a robustly networked system of sensors, decision aids,
weapons, warriors and supporting systems. This project aims at accomplishwighthis
existing WiFi networks, interior infrastructure maps, and GPS/MEMS augtieentéhe
PASSION system provides: a) a new capability for personnel navigationntyaankal
coordination; b) a robust navigation system that provides enhanced situational
awareness, control of personnel movement, and responsiveness to a dynamically
changing environment with resultant improvement in mission effectivenessfahdafa
personnel. Shipboard interior navigation is critical for equipment and personnel
monitoring, safety, damage control operations and maintenance applicatidnse®e
manning aboard ships requires real-time knowledge of personnel and high value
equipment. PASSION, in addition to providing navigation, could also provide direction,
dispatching and route guidance for personnel training and to expedite reEanNsis
Further motivation for shipboard positioning is found in Defence News of May
2009: “The Navy's near-term C4l priorities are maritime domain awasgMiSA), the
Consolidated Afloat Networks and Enterprise Services (CANES) program tafidesa
communications. In the area of MDA, the Navy used to care primarily aboutigacki
ships and airplaneblow it needs to track the cargo and passengers those ships are
carrying.” said Christopher Miller, the Navy’s Program Executive Officer for C4l

(Rosenberg 2009).

1.2 Unique Contributions of This Work

This dissertation addresses several unique areas of research. Thefpkoarss



Utilization of very low cost MEMS in conjunction with WiFi and GP3iis

combination triad of sensors has not been implemented before. In this

dissertation it is implemented in both hardware and analytically modeled.

This combination of sensors was chosen based on several factors:
The system requirements necessitate a continuous outdoor indoor
navigation capability. GPS has established itself as the ubiquitous, low
cost outdoor sensor of choice. Although considerable research is currently
being done on extending GPS capabilities to the indoors, this is not a
major focus of this dissertation. In this dissertation, we utilize comnhercia
GPS receivers primarily to initialize the indoor WiFi based algorithms
An extensive WiFi capability has been or will be installed on most major
Navy combatants. The fact that this capability is already present without
incurring additional infrastructure costs is a major consideration. kas al
noted that the test site used for the experimental validation of the
PASSION concept, the George Washington University Ashburn Campus,
also has an extensive WiFi capability with a topology somewhat
representative of the ship systems.
Microelectromechanical (MEMS) sensors have been a rapidly growing
segment of the inertial accelerometer and gyroscope market. Although the
present and projected cost of these units, operating in iaduiial
navigation mode, is not commensurate with the low cost targets set for
PASSION, this dissertation models and implements very low cost MEMS
to provide short term smoothing and extrapolation of WiFi. By only
employing relative heading and velocity changes measured by the low
cost MEMS, size, power and cost constraints can be satisfied.

Comparative Demonstration of Multiple Diverse Systemtss dissertation

includes results and comparisons from a demonstration of several different types
of systems and software. These results include both existing commeuogal (p
WiFi) and unique prototype systems developed as part of this dissertation.

Development of unique non-linear fusion algorithnunique particle filter and

extended Kalman Filter algorithms with non-holonomic/topological constraints
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have been developed. Among the innovative algorithms is the use of a modified
Variable Structure Multiple Mode algorithms with constraints based on room
topology. The utilization of inertial sensor measurements adapted for low cost,
size, weight application associated with PASSION is also involves novel
algorithms.

Development of a Figure of Merit (FOM)An important output of a system to be

employed by non-technical users, such as foreseen in the naval application of
PASSION, is the ability to enunciate a simple estimate of predictedrsyste
performance. This simple estimate is quantified in the form of a Figureeoft M
(FOM). In this dissertation an analytical derivation of a FOM is derived.
Analytical derivations of a FOM are derived for both a specific sampde of
surveyed WiFi RSS map and for a more general statistical representaizamgut

a stochastic model of the WiFi RSS variations. These derivations have not been
reported in previous research.

Utilization for Wide Variety of High Value Objects Not Speciflgdseared to

Pedestrians: Many, if not most, studies in the coordinated outdoor indoor
navigation arena have focused on the location of human beings in the modality of
pedestrians. In this study, a more general viewpoint of positioning and tracking
high value assets, including human beings, is necessary. Aboard a major naval
combatant, items such as munitions, high value electronic equipment and secure
media, also may require positioning/tracking information. For the case of
pedestrians, the literature abounds with techniques for the estimation and
modeling of their movement characteristics. Particular emphasis indreuite

has been placed on the calibration of stride lengths and torso motion
characteristics. For the case of more general items as discussecthereiare

more uncertainties associated with the types of motion possible for a variety of
types of items. In this dissertation, we either reduce reliance on motion modeling
or particularize motion modeling to the type of item.

Large Number of APs and Two FloorBrevious studies have generally focused

on configurations with less than about seven Access Points. In the demonstration

examined herein there are 40 possible unique access points of which up to about
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22 are typically received at one location. The demonstration also includeg testi

on two floors where previous studies have reported on data from a single floor.

1.3 Organization of the Document

Chapter 1 provides the overall statement of the problem including the motivations
for pursuing this project.

Chapter 2 contains a literature review of the research in the relatedfireas
interior navigation. It is noted that no direct research has been previously reported on
mobile platform/shipboard outboard-inboard navigation.

Chapter 3 describes the major algorithmic developments for this project: 3.1.
Particle fusion filter, 3.2. Figure of Merit/Site Signature algorith&3 Algorithms
unique to mobile platforms.

Chapter 4 discusses the system architecture and prototype equipment that were
used in the concept development experiment.

Chapter 5 describes the methodology and results associated with experintents tha
were conducted at the George Washington University Ashburn campus.

Chapter 6 contains qualitative and quantitative conclusions about the
performance of the algorithms in conjunction with the prototype equipment swetes Ar
of related future research are identified.

Appendix A contains the paper that was given at the Institute of Navigation
(ION) Global Navigation Satellite System (GNSS) Symposium on Sétehd’ 2009.

Appendix B contains the results of utilizing a commercial WiFi system during

The George Washington University Ashburn experiment.



Chapter 2. Literature Review

2.1 Introduction

Location information has always been critical to humans whether it is absolute
location such as latitude, longitude, and altitude, or relative location in refdceace
fixed point on earth. Since the dawn of radio based satellite navigation systems such as
the Global Positioning System (GPS), outdoor navigation has become much simpler, and
more accurate. Although GPS revolutionized navigation, it has its shortcomingsnand c
not be used indoors or in other areas where weak signals can not penetrate. This is where
indoor navigation comes into play.

Indoor navigation is simply a means of determining the location of people or
objects where GPS signals can not penetrate. This is especially importast for f
responders who must go into a building during an emergency to perform crisseams
while putting themselves in danger. It is well understood that during 9/11 there were
significant problems with first responders navigating inside the buildingglhaswvith
the command and control center knowing the locations of the first responders. Indoor
navigation remains a fertile area for research.

The indoor navigation concept is equally critical to the crew and high value
objects inside the hull of an aircraft carrier. Ship in-hull navigation capatdlityoe
used to track people and objects, and directly assist with damage control openatdions, a
maintenance applications which can result in reduced manning onboard the.carrier

However, a naval vessel such as an aircraft carrier presents unique envirfmmment



indoor navigation. The metal walls, complex indoor and outdoor structure lay-out, ship
dynamics, and the electromagnetic environment all represent majeancies!

Each positioning technology has its own strengths and weaknesses. Fusing
technigues should lead to an optimal positioning service in terms of accuracy,yntegrit
availability and continuity of service. Indoor navigation is a challenfield since no
single technology has proven itself as the equivalent of what GPS has been able to do for
outdoor navigation in a cost effective manner. Besides accuracy, deploymemincbsts
scalability are important considerations for any indoor navigation syatahrecent
research activities have focused on these considerations as well in order $8 addre
wide range of applications. WiFi networks are rapidly proliferating aatisvalks of
life and the technology has emerged as a strong indoor navigation enabler. Several
commercial WiFi-based location systems (Ekahau 2009), (Aeroscout 2009) aye bein
marketed, and experimental WiFi-based location systems (Bahl and Pai200Q),
(Myllymaki and others 2001), (Youssef, Agrawala and Shankar 2001), (Hightower and
Boriello 2001) have been reported on. As stated earlier, the expansion of WiFi for
wireless networking coupled with its potential for indoor positioning makes this
technology very attractive.

In this report several location technologies and positioning algorithms are
identified. Location estimation systems using WiFi Received Signah&tr (RSS)
values are discussed. Positioning systems over wireless networks afedldssy
performance metrics have been identified for WiFi positioning. These mb#i@ been
used for comparing location technologies and applications. An overview of basic WiFi

positioning will be covered. Three case studies are examined: 1) WiFi data ftlsed w



inertial data, 2) WiFi fused with visual systems, and 3) WiFi fused with altres

systems.

2.2 Wireless Based Positioning Systems

Figure 1 shows the classification of wireless-based positioning systems
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Figure 1 Wireless-based Positioning Systems

Cell ID is used in telecommunication networks as a method for locating users
inside “cells” as defined by the location of their base station transsnifféhis technique
is used in GSM networks (Trevisani and Vitaletti 2004).

WiFi networks use a similar concept to Cell ID called Proximity @s€st
Access Point method. The access point with the strongest signal represtuatibe
of the user. A major shortcoming of this method is that the closest AP may not be the
source of the strongest signal received (Marsit and others 2005).

Angles and distances either measured or derived from RF signals can be used to
determine the location of a user. Distances to reference points whose loca&tions ar

known can be determined by Received Signal Strength (RSS), Time of Arriva), @A



Time Difference of Arrival (TDoA) techniques. In the RSS technique, measurest pow
levels and propagation models are used to determine the users range to atéeast thre
transmitters such as WiFi APs. From these ranges, the user is locAeth&drsection

of the three circles that are defined by these ranges using triaogyl@twon, Jain and
Kawahara 2004).

ToA technique is based measuring the time it takes the RF signal to go from the
transmitters to the user. From this, the time(s) are converted to rangek tjf tee
transmitters and triangulation is performed for position determination. Th®det
requires that the clocks at both the user and the transmitters are synchronizéthso tha
time of arrival of the signal can be measured.

TDoA technique is based on measuring the arrival of signal transmitted from the
user to at least two reference stations with known locations. The transmittaldvgit
arrive at the reference stations at different times and the timeedi¢tes of arrival can be
used to determine to location of the user. This method requires time synchronization
between the reference stations.

AO0A technique is based on measuring the angle(s) of arrival of a user tradsmitt
signal at two reference stations using bidirectional receiver antennase drngles are
then used draw lines to the user whose location is determined by where the lines
intersect. This method is called angulation, and it does not require time synciwonizat
between the user and the reference stations, or between the referenics. stati

Angulation and lateration techniques using WiFi signals do not work well indoors
due to the operating frequency of the WiFi signal in the indoor environment (Kolodziej
and Hjelm 2006). Achievable indoor accuracies are impacted by attenuation, bJockage

reflection, and multipath affects of the signal. Attenuation happens when the gower o
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the RF signal decreases due to full or partial blockages. The bouncing o aff&ft
signals in different directions is called reflection. Multipath happens wheionensf
the same signal is received at the user. Figure 2 shows the geometeyatiola and

angulation.

Positioning Access Point
" S
m Triangulation

(Lateration)

m Using more than 3
reference point’'s

(Angulation)
m Using more than 2
reference points

, direction
distance A
pmmm , ‘@jl T-x\ll
c% I Reference Direction

Reference Point
® E:timated Point

Figure 2 Geometrics of Triangulation and Angulation

Proximity method uses a high density of sensors such as radio frequency
identification (RFID) technology, infrared sensors or WiFi APs for indoor positioning

Figure 3 shows the geometry of proximity.
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Outdoor navigation is provided by using satellite based radio navigation systems
such as the Global Positioning System (GPS). Wireless mobile phone operators use
triangulation to determine a mobile clients’ position relative to a particela(Furey
2008). The mobile phone service operators in the United States and in the European
Union are required to provide the emergency location of a user to within 100 meters per
the E911/E112 mandates (Furey 2008).

GPS uses a constellation of space vehicles (i.e. satellites) to aetehmi
location of a user. GPS receivers use trilateration technique based on tled TOA
satellite transmissions. The systems’ high accuracy and continuowuswegloutdoor
coverage have revolutionized outdoor navigation. Unfortunately, GPS signals do not
penetrate well into the indoor environment.

A pseudolite (i.e. pseudo satellite) generates and transmits a GPS-like signa
without interference to the actual GPS signal. In cases where GPE signaery weak

or completely unavailable, pseudolites can be used as an additional signal sosscs to a
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with navigation. Also unlike satellites, pseudolites are generallpstat located near
the area of interest on earth. In theory, many pseudolites can be used to create a
“constellation” of signal sources where a user can determine theiopositThe theory,
design and applications of pseudolites have been researched (Cobb, 1997). In this work,
both pseudolites, and synchronized pseudolites or “synchrolites” which derive their
timing from actual GPS satellites are used to assist aircrafnigsdiith accuracies in
the centimeter level (Cobb, 1997). Among the challenges associated with fieswztel
1) the near/far problem associated with maintaining a range in powes &svttle user
moves, 2) GPS signal blanking when pulsed pseudolite signals are used simultaneously
by the user, 3) multipath when pseudolite signals are reflected off anotlwturgrand
then received by the user, and 4) their ability to penetrate into the indoor environment as
the GPS frequency range of 1 to 2 GHz is on the L-Band which works best during
unobstructed line-of-sight conditions. For an indoor application using pseudolites, work
has been done to design and test asynchronous pseudolites which are not synchronized
with GPS satellites (Kee, Jun, and Jun 2003). For this work, accuracies in theggem ran
is reported for a slowly moving user inside a single room using seven asynchronous
satellites mounted on the ceilings where a pulsing scheme was used to sola/tae ne
problem. Limitations of this work are that 1) the system worked only in one room, 2)
extending the concept across multiple rooms and floors is not practical and 3)@sseaml|
application between indoor and outdoor use is not considered.

Similar to the theory of pseudolites, using a host of magnetic beacons has been
proposed for indoor navigation (Prigge, 2004). For this research, extremely-low-
frequency magnetic fields are generated by beacons located throughodiber space.

Extremely-low-frequency magnetic fields are capable of penaratalls and other
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obstructions. (Prigge, 2004) shows by sampling the amplitude of the local mdigtabtic
and processing these samples using pseudorandom codes and novel algorithms, position
accuracies in the cm range are achievable using this technique. Howeeearéhe
several limitations that exist with this technique: first is the shogerahthe beacons,
and the second is the drop in performance in environments with large ferromagnetic
deposits (Prigge, 2004). This second aspect is particularly important when gogside
this technique for an aircraft carrier. First, the metal composition of the ghip w
significantly degrade this system when new magnetic fields are d¢rageto the

electric currents resulting from the time varying magnetic fieldeebeacons. Second,
magnetic field created by the beacons, the currents generated by thershipthe
superstructure, and the resulting magnetic fields from these currents veasedyl

impact many electronic mission critical systems onboard the ship.

Similar to wireless Ethernet, the IEEE 802.15.3a standard introduces the UWB
indoor radio propagation channel model which has the potential for indoor location using
Time-of-Arrival (TOA) between the transmitter and the receiver. Hewsesignificant
issues remain with respect to multipath effects which can cause lagjegrarmors.
(Pahlavan, 2006) provides a framework for modeling these ranging errors. TiuEse m
have demonstrated significant insight into the design parameters including the
localization algorithms for a UWB signal TOA based indoor geolocation system

Microsoft has developed a system that uses FM radio signals called R@jhtS
Position accuracies in the order of a kilometre have been reported using thiguechni
(Krumm, Cermak and Horvitz 2003).

Inertial navigation systems (INS) are self contained, non-radiating amomgble

dead-reckoning systems that are widely used for positioning applicatiornsy dJset of
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accelerometers and gyroscopes they provide continuous position, velocityjtade att
information. INS’s drift over time, and their sensor qualities determine theastubr
long term system accuracies of the system (Pierre-Yves and others 2604)YREeS,

Gillieron and Merminod 2003).

2.3 Performance Metrics for Indoor Positioning

Table 1 compares various location technologies. Table 1 considered various
location technologies hardware. The results in blue are the desired outcome. WiF
technology requires no additional infrastructure to be installed in addition to those
already available for wireless networking.

Table 1 Location Technologies

System Year| Indoof Cost Interference Accuracy Ruwsit Scalability| Calibration
required
GPS 19703 No Low | Low High Yes Yes No
RFID 1990s| Yes High | High High No Yes Yes
Infrared 19909 Yes High | High High Yes Yes Yes
Ultrasonic | 1990s| Yes High | Low High No Yes Yes
Bluetooth | 19909 Yes Low | Low High Yes Yes Yes
Inertial 1940s| Yes High | Low High No No Yes
GSM 1980s| Yes Low | High Low No No No
WiFi 1990s| Yes Low | Low Med Yes Yes No

2.4 WIiFi Positioning

The IEEE 802.11b wireless Ethernet standard, called Wi-Fi, is now widely used for
networking and communication worldwide. Using the Wi-Fi infrastructuredrea

present in many buildings, to determine location of a user indoors has been the topic of
intense research. The principle idea is that existing Wi-Fi AccessHAIR) act as

reference points, and a user carrying a Wi-Fi equipped device such as a petsonal da
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assistant (PDA) measures the signal strength from AP’s within range ancbthpares
signal strengths to previously mapped data. Location can then be determihedibgrt
and this information can be sent to a central server via Wi-Fi for trackingangdXsong,
Chen, and Wang, 2004) have developed novel algorithms that resulted in 2 meter
accuracy with 90% probability for static users, and 5 meter accuracy@%ira6curacy

for mobile users. A similar effort proposes to use a Bayesian localizatioavitark for
determining location using Wi-Fi technology (Ladd, Bekris, Rudys, Wallach, and
Kavraki, 2004). During testing, accuracies of 1.5 meter were reported during 70% of
their localization attempts. Both of these efforts serve as a proof of ¢doceping
measurements from a Wi-Fi system to determine real-time accurat®fomformation.
However, there are many challenges that need to be addressed. Limaechrese
analytical models that can be used as a design tool to achieve a balance betgeen des
considerations has been performed (Kaemarungsi, 2005). This work looks at both the
deterministic and probabilistic approaches of location “fingerprint” reprasens of
wireless networks to predict the performance of these systems. This worksfocuthe
study and characterization of the unique properties of the received signgihspatiern
through an extensive measurement campaign. However, some assumptions limit the
scope of this work since only stationary cases are considered, and the indeamipgsit
system is assumed to be overlaid on top of an existing Wi-Fi infrastrudhere the
optimum placement of the Wi-Fi infrastructure was not considered. In summary,
multipath effects, AP placement and density, network traffic, environmental ioosdit
people density, and building geometry all play a critical role in utilizind-W¥or

location determination and should be considered for a shipboard environment.
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Many of the WiFi systems reported in literature work in two phases: The first
phase is called the offline training phase where a site survey is perfoymeebasuring
the received signal strengths from all visible access points (ARspah locations in
the building. The second phase is the online tracking phase, which involves the user
receiving signals from the available access points in order to daldsldocation.

During the online tracking phase, the user device performs map matching béteveen t
previously collected data during the offline training phase with the datctaad| during

the online tracking phase. In order to facilitate this, RSS data callg@gffinnts” is

saved in a database that contains the AP MAC and RSS values (Widyaman, Mhartin a
Dirk Pesch Klepal 2001).

Figure 4 illustrates the popularity of WiFi in society. The WiFi signal
experiences reflection, diffraction and multi-path effects that play an iengatle over

how it propagates in the environment.

| BSSID, Latitude, Longitude
e

WiFi location

Figure 4 Wireless LAN Has Become a Popular Infrastructure
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Relative humidity levels, movement of people, and doors can impact the WiFi
signals and therefore have an impact on the positioning accuracies. Changes in the
environment between the offline training phase when the fingerprint map wasnthde
the online tracking phase when the real time measurements are taken need to be
considered.

The presence of people has a similar effect to obstacles blocking radilssign
The average received signal strength can be reduced by approximatehy\ghdB
people are present (Chen and others 2009). Open and closed doors also have a similar
effect on the received signal strengths. Relative Humidity can also havvense
impact on the signal. WiFi signals operate at a radio frequency of 2.4 GHz, whisb i
the resonant frequency of water. Research shows that environment with a ligh rela
humidity (RH) level tends to attenuate the signal. The average recegved sirength
values can decrease by 0.8 dBm from 40% RH level to 70% RH level (Chen and others
2009).

Ekahau markets a WiFi based product for indoor positioning (Ekahau 2009). The
system requires a calibration phase to make an RSS map and only works in tfe area

the building where the apriori RSS map is valid.

2.5 Overview of Basic WiFi Positioning

There are two approaches to indoor positioning systems: deterministic and
probabilistic. Deterministic methods use the nearest neighbor method totedtlcala
user position. The RADAR system is an example of this method (Paramuvir,

Padmanabhan and Balachandran 2000). Probabilistic methods use Bayesiareitderenc
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determine user position. Results using Bayesian inference have been reported i

literature (Fox and others 2003, 24-33), (Youssef, Agrawala and Shankar 2003).

A convenient way to handle RSS information would be to turn the signal strength
into ranges like in the GPS system. Propagation models are used to determine the
distance to the emitter given the received signal strength. Motley-Keeopagation

model is used in various systems. It can be modelled by:

Prcsned®)  Prmedds) 10 log -
° 1)

value can range between 2 and 3 depending oniivéosus outdoor
environments respectively although considerablatran from -0.1 to 3.3 can be found
in the literature (Bensky 2006). For indoor envirants, this parameter needs to be
tuned, as it may vary according to the structurthefbuilding. This parameter is rather
important as it may significantly change the estiomaof the distance. Once the ranges
are estimated, then the user position can be detednusing a multi-lateration
algorithm. Further investigations showed that comnmyg the errors coming from the

range estimation using this simple propagation madéh a multi-lateration algorithm,

does not improve the positioning accuracy.

Fingerprinting consists of signal strength footgwiar signatures that characterize
the WiFi coverage at known positions in the envinent. The Motley-Keenan model

shows that the received powers change as a funatithe distance separating the access
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points from the mobile and the propagation (WidyanpMartin and Dirk Pesch Klepal
2001).

Power maps are an alternative to the Motley-Ke@manther analytical
propagation model. They allow transforming somédsifpelonging to the received
signal strength space, into positions belonginguétric space. This database is
convenient because it really takes into accountab& complex propagation, as it is
built with real measurements. Thanks to the revepsgation, given a tuples of received
signal strength, it is possible to find the recdigegnal strength tuples in the database
that match the instantaneous one received. Diffeigorithms can be used to achieve
this operation. The closest neighbour algorithrk oclosest neighbours algorithm (Bahl
and Padmanabhan 2000) can be used. This algor@hsists in searching in the
database either the closest neighbour or the kesiaeighbours given the following

criterion:

N
X argmin(x,Y,) B XYy B X,V
. 2)

“ " represents the index over the received APs, angj represents the

2

positions referenced in the database.

Basic WiFi positioning suffers from the fluctuat®aof the received signal
strength. The signal strength fluctuates overithe tlue to the non-stationary (i.e.,
temporal variations) of the channel and the RF impents. In dense database, those
signal strength fluctuations will induce the cldsesighbour algorithm to continuously
choose a different position for the user even iish@ot moving. The delivered position

could be in the vicinity of the real position (witl2 to 3 meters or even worse if the
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signal strength is greatly different from the retmd mean values), so reducing the effect

of those instantaneous fluctuations is necessamoove this rough positioning.

This model computes indoor signal values withogtuneng information about
the floor plan. The signal strength decreasesesigmal travels. path loss is (COST321
1998). Equation 3 represents the path loss.
L(d) = Lo + 10 xn xlog(d) (3)
Lo = signal attenuation for 1 meter
n= a scale factor

d = the distance in units of meters

This model uses the attenuation factors resultioign fwalls and other obstacles
(COST321 1998). The signal attenuation is giveqyation 4. Equation 5 is the

mathematical equation fokaiss Equation 6 is the mathematical equation forthgs.

LMWM = L; + 20 log(d) Howaiis + Lrioors (4)
s Ak, ©)
Leoors 8K (6)
Where,

Lwwwm = signal attenuation (dB)
L, = free space loss
Lwaiis = attenuation due to walls (dB)

Lrioors = attenuation due to floors (dB)
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a, = attenuation due to wall df kind (dB).
k,, = the number of walls of th& kind

| = number of different kind of walls
& = attentuation of one floor (dB).

ki = number of floors.
!
The Motif Model combines the strengths of previmethods and uses ray

tracing.

" # # 0$ % $

Inertial Navigational Systems (INSs) are self-cored, non-radiating, non-
jammable, dead-reckoning navigation systems. GypEt measure angular rates, and
accelerometers measure accelerations. INS enovsayer time. INSs are generally
integrated with other sensors so that the intedraystem can leverage off the strengths
of each system.

For the WiFi based positioning, research has beaducted in combining WiFi
with INS sensors using sequential Monte Carlo nath&vennou and Marx 2006). In
order to ease the computational burden on thecpatfiiter, a Kalman filter is used to
estimate the INS sensor errors. This combinatienédto an improved system
positioning performance for the user where theitecture is represented in Figure 5

(Evennou and Marx 2006).
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Figure 5 Block Diagram of the WiFi/INS
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The dynamic model is represented by Equation 7.pfbeess noise of zero mean

Gaussian noise with a 0.1 rhisriance is used to model a pedestrian.

T2
% 100 Teos, ©2 0, .
- k
Vi 1 0 1 T,sin , " 0 T7S2 y

vk and  are provided by the accelerometers and gyrosaagseectively. Equations (9-

13) represent the mechanization of the Kalmarrfilte

T 9

k k 1
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PR Q R, (10)

K, P B R (1)
k k K k  trajectory k ( 1 2)
P 1 K, P, (13)

Evennou and Marx conducted experiments in a 40 @0y building with AP’s
in each corner.

In Evennou and Marx ‘s first experiment the perfante of the k-closest
neighbours fingerprinting and probabilistic estifoatfingerprinting were used. Te
probabilistic approach provided more accurate tesbid Evennou and Marx’s second
experiment used a particle filter. Using the pé&atidter and the building map
information, smooth and realistic results were destiated. In Evennou and Marx’s
third experiment, INS sensors were used in indagirenment. In Evennou and Marx’s
fourth experiment, particle filter was used to camed/ViFi measurements with the INS.

In summary three meter accuracy was obtained @sithple techniques. Less
than two meter accuracy was obtained from usingesggpl monte-carlo techniques

using an apriori RSS map and the structural mapeobuilding.

& # # $ CH S
Ocana, Bergasa, and Sotelo did navigation reséarahdoor environment using
data fusion of WiFi strength, dead reckoning arichebund range sensors (Ocana,
Bergasa and Sotelo 2004). They used a probabiippcoach for global localization

using WiFi and dead reckoning readings fused irgarécle filter.
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Ocana, Bergasa, and Sotelo used a probabilistitoapip based on the fusion of
WiFi data, dead reckoning methods, and ultrasoande sensors (Ocana, Bergasa and
Sotelo 2004). The first step involved the buildofg wireless-map of the environment.
The localization was done using a Particle Filter.

Ocana, Bergasa, and Sotelo used an area withrtrendions of 60 m by 60 m
containing 50 different rooms. Seven Buffalo Accesimts (WBRE-54G) were
installed. Five APs were connected to omni-direclantennas and 2 APs were
connected to antennas of 120 degrees of horizbagah-width.

Ocana, Bergasa, and Sotelo found four results frain research. First, signal
strength is quite stable and consistent in an indagironment without people. Second,
it was difficult to build a propagation model foxdoor environment. Third, when
demonstrating small-scale variations, the reseam found it was possible to obtain
orthogonal orientations and the position of theotoBourth, localization was improved
when ultrasound ranges were fused with the pafiide (Ocana, Bergasa and Sotelo
2004).

In summary this literature search has revealedwbeu of methods that have
been researched for indoor navigation. These mdstimvestigated using pseudolites,
magnetic, wireless, inertial, ultrasound and whitde-band technologies in a single
stand-alone configuration for indoor applicatiofifiese methods all have strengths and
weaknesses. Additional techniques using RF-IDanefd, micro-electromechanical-
machined-system inertial measurement units (MEMS8)Mnd all-software GPS
receivers should also be looked at to see howrttagyfit into an integrated design to

address the needs of a shipboard interior exteawvigation system. The literature
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search revealed no dissertations or journal astispeecifically for the shipboard

environment suggesting that this is a fertile doeaesearch.
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Chapter 3. Algorithm Development

3.1 Indoor Bayesian Fusion Filter

%( ) (

Bayesian estimation requires solution of the genetegral:

I f(x) (X)dx 1" f(x')
N (20)

whereN independent sampl&sare drawn from the density functior(x) or the case of

Bayesian estimation, the underlying probability slgnfunction (X) is the posterior

density
(X)) P Xz, (21)
Where,
X, Sequence of all states up to tikne
Z, Sequence of all measurements up to tme

Typically, the underlying density function(x) is difficult to generate random
samples from. As an alternative, a “similar” déngiinction, q(x), may be selected that
is feasible to generate random samples from. Simdar density function is referred to

as the importance or proposal density. The objedtitegral may then be rewritten

I f(x) (x)dx  f(x) _ g(x) dx
a(x) (22)

Thus, from Equation (21) the corresponding statétmumerical integration

becomes
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1 N o
Iy, — f(xX)wx
N (23)

Where, the importance weights are defined as,

WX = () (24)
q(x)

Thus the random variablgsare enabled to be generated from the more tractable

importance function g(x) while knowledge i) and q(x) enable weight evaluation via

Equation (24).

% ) (0 +t%,
The posteriori density function at time k may benitten in terms of previous

state and measurement history

PX|Ze Pz|X PX|X 1 P X 1]|Ziy (25)
by selecting the importance density to recursivatyorize such that

qaXZe ax|X...Z aX, .|z, (26)
the particle weight formulation may also be reoteli formulated

Pz | % PX|X .
a% | Xy 1.2,

W ! W,
(27)

Given the current importance function and weigletednined from Equations
(26) and (27), the Bayesian state estimate matsgrdined by the corresponding

weighted mean

1
N (28)
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In order to limit application memory requiremeritss generally assumed that
the current state is determined only by the priates i.e., state evolution is governed by
a Markov Chain process. Thus from Equation (2&)Nfarkov form of the particle
weight update equation becomes

PZ|% PX|%,

Wl W, T
0 %] X 102 (29)

Selection of the importance function determineoiplementation feasibility
and resulting algorithm performance in terms ofimining the variance of importance
weights. It has been demonstrated that the impogtéunction resulting in the optimal
minimum variance estimator is

pzk‘xkixlil pxk‘xLl
pzk‘xli(l (30)

q X XLl’Zk opT pxk‘xlil’zk

Substitution into Equation (29), the particle weighdate equation becomes

i i |y i i |y
1w pzk‘xk pxk‘xkl i pzk‘xk pxk‘xkl
Wi s Wi s il i|yi Wi 1 [ i]yi
P 2] Xen X 1 P Xie| X o P2 X PX| X1
i i
pzk‘xkl pzk‘xkl (31)

Wl W, pzx,

Generally, use of the optimal density functionsy&apns (30) and (31), is
prohibitively difficult; consequently, suboptimahportance functions are typically used.
As a consequence of the general impracticalitiefirettly employing the
optimal Importance Density described above, subtgitstrategies are used. Most of

these strategies make the suboptimal choice dfdhsitional density function

4% % 1% P X% s

SUBOPT

(32)
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The corresponding suboptimal particle weight up@ajeation becomes

i iy
wolow pzk‘xk pxk‘xkl i i
k o+ Weq Wklpzk‘xk

P % ‘ X 1 (33)

Summarizing the preceding Markov-based recursivightgropagation
formulation, we obtain the Sequential Importancenlang algorithm summarized in

Table 2.

[#XL .w‘kﬂ S|s[#xik w106 N, zk]

Generate Particles XL ~ g X ‘ XL 174 i 1% N

i i |y
pzk‘xk pxk‘xkl

Compute Weights V~V|i( W 1 T
q Xk ‘ Xk 1 Zk
N —_~
Compute weight normalization S Wl'(
i1
. W
Normalize Weights W, ? I 1% N

Table 2 Sequential Importance Sampling Algorithm

The basic form of the SIS algorithm suffers fronegdneracy”; i.e., after a finite
number of recursive iterations, all but one pagtiwill have a negligible weight. The
solution to eliminating degeneracy is resamplifgsampling is the process by which
particles are regenerated to reflect the more “mamd” higher-weight samples. A
uniform weight is then assigned to the remainingiglas so that degeneracy is
prevented. Systematic Resampling is a populacangputationally efficient
implementation of resampling. However, resamptiag result in loss of particle

“diversity”.
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The most common implementations of the PF are dérirom SIS with approaches
to mitigate the problems of degeneration and ditxeby the appropriate choice of
importance sampling density, and modified resangplin

Among the various alternative PF algorithms exargigabove strategies are:

1. Regularized PF (RPF)

2. Markov Chain Monte Carlo (MCMC) PF

- . +-

The RPF modifies resampling by jittering or “ditimgy” the discrete resampled

values,x; , generated by the SIS process.

X X Dither ¥ h,D & (34)

This results in effectively resampling from a conbus approximation of the
posterior density rather than the discrete apprakon used by the systematic
resampling algorithm. This results in improvedtiose diversity.

The desired empirical covariance matrix may berdateed as follows:

; 2 %
1 x
S cov#&$ 0 0
0 % "2
0 nx X (35)
where
N . .
H#x$ o wox
i1 j=1..n (36)
N . .
Ax S WX
i1 (37)
oy aAxd A X E (38)
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Given that the desired dither parameligr is defined so that

)
DD’ S (39)

then D, simply becomes

1'x % 0
D 0 ( 0 (40)
0 %

From (23), the second dither parametey, , for the Gaussian assumption

becomes
1

n, 4 n
hye AN where, A 4 -
n 2

X

(41)

Rigorous implementation of the RPF algorithm emplthe Epanechnikov kernel
to generate the actual dither noige, However, in order to reduce computational load,

the zero mean unit variance Gaussian kernel isajfgiemployed

A summary of the RPF algorithm appears in Tablel8w.

31



B wd rerfld o w $ i 1N,z

Generate Particle and Weights xL ~ P X X,i( L VT/L ~ p z, X,i(
N
Calculate Total Weight ™ \TVL
i0
Normalize Weights W W
< OTW
. . Q 1
Compute Effective Sample Size N N
W

Conditional Resampling

IF Nef‘f) NTHRESH
- Compute dither term® andh,,, 4 x5 W X E x5 w X
i1l i1

1

, j \/Hz#j Xk$ ,,#j Xk$ A 4 . n 4

n)(
1’ X % O 1
D 0 ( O how AN ™*
0 % Ny X
- Systematic Resampling X, Wi RESAMPLEX w, i 19%N$

- Generate Gaussian dither noise &~ N#0,13

- Generate dithered resampled particles(‘k* % oy

D& i=1..N

END IF

Table 3 Regularized Particle Filter
) %( (
In order to support incremental algorithm upgrasievall as maintainability, the
PF implementation is highly modular as depicte8ligure 6. The functionality is

detailed in the subsequent sections.
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[ PF Initialization }

CaP1 )

H\>{ RSS Measurement }
CAPN

4{ RSS Table Lookup

[State Prediction ]:

¢ HD [ ]
[Particle & Weight Generation ]17 ° 0

Apriori
RSS
Map(s)

-/

" GPSIINS
. Measurement

(2}

&

E ' s

S o

Q L Effective Sample Size Computation ] Building/Ship
& Architecture
@ ¢ Constraint Map

Resampling

H PF Mean Computation ‘

» Navigation Solution

Figure 6 Particle Filter Architecture
%

If GPS is available, GPS position solution can geduto initialize PF.
Otherwise, initial position solution can be estiethtising fingerprinting approach.
Based upon a series of initial positions, corregpanvelocity measurements may be
generated. In order to minimize the impact of Ri&tbase volatility, a span (lag) over

multiple time samples is used to improve velocigasurement quality.

V"Xn Table),zn Tables\(n lag \7yn Tableyn Tableyn lag
Tn Tn lag Tn Tn lag (43)
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Physical measurements are derived from RSS measntgmit the user’s location

at timet = t.. Individual RSS measurements are performed fMVEFI access points.

apSS RSSx,, vy, ,ap (44)

At every sample time, three RSS logical measuresramat sampled from each of
physically distinct access points. Since the thideal access point values correspond
to the same physical location, frequency and prapawg path, they can be averaged:

1 3
RSS, 3 RSS, .

virtual

k1 (45)
& -/012
With the exception of initialization, comparisontbeé RSS measurement vector
with the RSS database is performed over a locaigmoof the reference table rather than
the entire table. This conserves both computdiioa and reduces the likelihood of

ambiguous position estimates. Given the maximuticipated user motion for the
current region of user positiofx__ vymax$, reference table search is performed as
follows

MIN 40 2
RSS ., RS$ABLE# X,y,ap $

X, y ap 1 (46)

METRI CConstrainei #X’ y$
5\(n 1 VXnax ) X) Rn 1 VXnax
9n 1 Vymax ) y) 9n 1 Vymax

Similar to initialization, averaging over the M ba@satch RSS regions is

performed to minimize the impact of outliers

METRIC, #, y$ SORMMETRIdKX, y& (47)
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M
avg ﬁ sort ym (48)

m1l

Based upon position and velocity particles deteeahiat the time of the previous
measurement sample, all particles are propagateaid via the system state transition

function. As previously indicated, the RPF empltyes transitional density function

X, ~ P X | % , - When the additive noise term is presumed to &es€ian, the transition
function becomes the multivariate Gaussian distioipu However if the user motion
state parameters are assumed independent andcalrdistributed (i.i.d.: generally a

valid assumption), then current particle stateiglag may be separately generated from
independent normal distributions:
X, ~N X, v, t to,, 49)
yL~N#YLi<1 Wi b tkl’ly$
V)d« - N#V)i 1 vx$
W~ N,
where,

X, = Previous iteration resampled x-position particle

Standard deviation describing user x-positioceutainty

Similar results pertain to the y coordinate ancwg vy velocity components.
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4 ) 5
Separate particle weights are associated withipnsand velocity measurements.
Position weights reflect a measure of consistemtyéen particle position and the best
match position defined by reference table look apelol upon the current RSS
measurement. Given that the actual underlying oreasent density function is
unknown, a Gaussian distribution is selected fogénerality.

0

' 5 Nao x() TableX ’ v TableY 3
Poswg) exp/ nin 1 a2 e’™n nn 1 a2 eyn , (50)
T‘ ap 1 2 X 2 y :_
Normalizing weights to unity is next performed
W PosWo (51)
Pos*'n N
PosWr(1|)

Given that there is no direct measurement of uskercity, velocity particles are
determined from change of user position estimale®rder to minimize the impact of
estimation noise, an increased time or “lag” betwgesition samples is used

~ TableXn  Tableén lag

Vin, lag t. ot (52)
n n lag
The corresponding velocity weight then becomes
0 ; - 2 ; - 2 -
0 x NVAP er(ml|)n 1 WXnlag Vyr(:|)n 1 Wnlag ¥ (53)
Vel Wn exy , 2 ;2 ’
* ap 1 2 VX 2 vy j_
Again, normalizing weights to unity is performed
0
~ (i w 54
Vel Wr(1|) NVeI . . ( )
Vel Wr(1|)
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Effective sample size is employed as a decisiogstiold to mitigate the
occurrence of particle degeneracy

Neg ———— wherel1 Ngg 1N (55)

W

As a decision criteria, resampling occurs only wI1ﬁ;9< Thresholdfor some

preselected decision threshold. However, it isartgnt to observe that resampling

results in fewer particles which give rise to slascurate estimate of the desired

posterior density function. Ond’éeﬂ drops beneath a fixed threshold (say 75%), then
resampling is initiated.

- #(
The resampling algorithm is summarized in Figurdfthe effective sample size
defined in Section 4.1.6 drops below the fixedshm#d=75% oN, then the process of
resampling is initiated. As indicated in the figuparticles are first resampled by
method of systematic resampling. In order to ayaidicle degeneracy induced by
conventional resampling, all particles are jitteadut their present value so as to
generated new and non-repeated particles. Thesmeaky improves the effective
resolution of the particle distribution. The unging steps of the resampling algorithm

are detailed in the following sections.
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IF N_, <75% of N

THEN l
‘ Systematic Resampling 1
\ 4
[ Dither Computation 1
\ 4
(Gaussian Dither Noise Generation 1
\ 4
‘ Dithered / Resampled Particle Generation ‘
ELSE >
v

Figure 7 Resampling Flowchart

A variety of resampling strategies are av

ailal$gstematic sampling (Ristic,

Arulampalam and Gordon 2004) is a commonly emplgyededure selected for its

computational efficiency. The algorithm is detd

ila Table 4.

[#<i*,wkj,ii$1] RESAMPLE[#<L,WL$,“1]

* Initialize the cumulative sum of weights (CSW) C, Wﬁ
. ConstructCSW C C, W, i 22 N
« Start at the bottom of the CSW i=1
, . 1
- Draw a starting point: u, ~U 0, N
e« FOR j=1:N 1
- Move along the CSW: u, u N j 1
-WHILE U; 3¢
ii1
- END WHILE
- Assign sample: X} X,
)
- Assign weight: W, N

- Assign parent: i’ i

« END FOR

Table 4 Systematic Resampling
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Given that dither parameters are determined bgttte dimension,

1

n, 4 n
hopt AN A 4 x 4 (56)
n, 2
For the two dimensional state previously defined,olitain « = 2, so that
1 1
5 1
hopt AN A 4 24 11/6 1 (57)
2 2
Thus,
1
hot N © (58)

opt
In order to mitigate particle degeneracy inheranmesampling, resampled

particles are jittered or “dithered”
X, X Dithel X, h,D,& (59)
This results in effectively resampling from a conobus approximation of the
posterior density rather than the discrete apprakon used by the systematic
resampling algorithm. The dither ter®, is computed from the empirical covariance

matrix

) (60)

Pl i %N
. +

Assuming that state parameters are independetiidar, dimensional state
1 X

x % (61)

X

Ny

The corresponding empirical covariance matrix iedweined as follows:
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l’ x2 % 0
S cov#2$ 0 ( 0
o % .7
Y Ny X (62)

where,
N

Hx S Wk iFlen (63)

il

N . .
Ex S T wox
i1l

(64)
, j \/"Z#j xk$ #J Xk$ (65)
Given that the desired dither parameligr is defined so that
DD, S (66)
Then D, simply becomes
llx % 0
D 0 ( O (67)
0 %

The second dither parametey, , for the Gaussian assumption becomes

1

hopt AN Ny 4

where A 4 (68)
n 2

The final component to dither compensation is ngesgeration scaled by the
effective standard deviation term,, D, . The dither noise itself is generated from a
zero mean unit variance Gaussian keregl, & ~ N40,13

Once the dither parameters and noise have beenagemethe resampled

particles may be dithered to yield a new set afdased diversity particles
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" X Dithel® ¥ hy, D, & (69)

) (

Once the resampled, dithered particles have besgrgied, position and velocity

estimates are derived from their respective means

N *
" (1) ()
X PosWn Xk N L
n1 Vo pesWa Y (70)
nil
N . W x N *
VX Vel WS)VXS) vy verWvy) (71)
nl nl

These solutions constitute the current RSS-basédaten solution. The
corresponding particles are then retained for tlisequent particle filter processing

iteration.

# #

For purposes of simple measurement smoothing, amyentional filtering
algorithm including the Kalman Filter (KF) is suita. However, if the rich scope of
structure constraint information and availability @complementary sensors is to be
integrated into the solution strategy, the resgltionlinearity degrades KF applicability.
Moreover, alternative nonlinear algorithms ofterequme a model structure that
complicates general sensor fusion. From this petsge, Particle Filtering (PF) has
been selected as a robust algorithm strategy capdlvhpidly accommodating multiple
sensors, structural constraints and varied scenaribhe objective of PF filtering
application to indoor navigation is to integratel @amooth raw sensor measurements so

as to yield a robust position estimate superiorgeolocation precision than any
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individual sensor measurement alone and generaliyerfor in performance to
conventional filtering algorithm strategies.

Utilizing MEMS inertial sensors as auxiliary senaating to the PF was
investigated and implemented. The first considenatf PF integration of inertial sensor
measurements is determining which measurement coemp®are appropriate for
integration. Since RSS measurements do not prarlbeity information and RSS
difference measurements are noisy, an independantesof velocity information is
highly desirable. Unfortunately, it has been deiaed that with low rate MEMS
inertial sensor devices, velocity measurement g@og unacceptably large The same
applies to MEMS-based absolute heading measuremelatsever, change of heading
and change of velocity provide valuable informatiegarding trajectory change
detection. In comparing true trajectory changealvedr against measured heading
change and velocity change, heading change supptietsle consistency with actual
trajectory direction change while velocity changeved less reliable. However, it is
believed that velocity change will provide a vallgaindicator of start/stop behaviour
suitable for inventory monitoring. These applioas will be addressed in future
investigations.

In order to determine when delta heading indicatgectory change, a decision
threshold is required. By investigating the ava@#gadata sets, a threshold of
approximately 17was selected to yield consistent detection oéttajy change with no
observed false alarms.

Once change of trajectory is reliably indicate, mhechanism as to how the
particle filter responds to a trajectory change Wasiulated. Initially, strategies such as

modifying particle filter plant and measurementiaace was investigated. However
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filter responsiveness was only moderately improvElde most effective trajectory
change response strategy was to associate detexjesdory changes with building
constraint positions that would initiate a PF positestimate change. This was
accomplished by searching for the nearest buildirigstone position (end of corridor,
etc.) relative to the current PF estimated useitipas If the closest milestone position
corresponded to a feasible distance given histon®er speed, then the current estimated
position would be replaced by the building consiedi milestone position. Moreover, by
further imposing building constraints the feasiéxt direction(s) of user motion could
be determined.

In general, at each milestone position, a minimditwo trajectories are feasible:
continued forward motion or back tracking. Moreig\a intersections feasible branch
directions become possible as depicted in Figure 8.

Branch 4 (FALSE)
-

@

Branch 3 ( )
\ True Particle Path #1,3
\ @ Alternative Particle Path #2,4
\ @® Anchor Point
Reverse
Branch 1 ( ) Direction (FALSE)

Figure 8 PF Feasible Trajectory Assessment

Under such instances, new particles are generatdttsat each particle cluster
corresponds to an alternative trajectory hypothe®isce a succession of RSS and sensor
measurements has been processed, the consistemeasfirements with candidate

trajectory may be evaluated to discern trajectigiihood. In general, all but the valid
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trajectory may be discarded or “pruned” from thegble decision space yielding only

the one valid trajectory.

3.2 Figure of Merit

% ) I 9

A Figure of Merit is intended to apply a qualityioation to the predicted
positioning performance at any location of a systemfiguration. For simplicity, it is
often quantified as an integer from one to tenthed that integer is related to
positioning accuracy performance. The term “sigmature” may also be employed in
addition to or instead of FOM as it is intendegbtovide a relatively simple indication of
the quality of the geometry and pattern recogniiepects of the WiFi fingerprinting
configuration. In this respect it can also be useckpresent the sensitivity of positioning
accuracy to small incremental changes in the WaBingetry. We shall use the term site
signature interchangeably with FOM in the remairpag of this Section. The site
signature can be used either in a real time fashiwere it would use the actual
measurements received to estimate the positiomaxgor in a predictive fashion to
estimate the future performance assuming some georoenfiguration of APs,
topology and user position. As a predictive estemiatan be used with the actual survey
maps or prior to survey map creation using pregkciFi coverage software tools such
as Airchitek or LANPlanner.

A site signature should not be expected to incafaoall the detailed subtleties of
a particular algorithmic implementation, but shordther be agnostic in terms of the
detailed algorithms, thereby reflecting the ovegaihlity of the WiFi access point

geometry and other constraining factors. This amaspect, while perhaps limiting the

44



the fidelity of the positioning accuracy predictionder certain circumstances, helps
make the concept portable to different manufactiierplementations. Another
important aspect of the development of the sitadigre/FOM is tractability. Various
simplifying assumptions are made that enable aicalygéxpressions which provide
predictive guidelines for understanding achievalliEi accuracy. In this dissertation
analytical derivations of FOM are given. Analytickgrivations of a FOM are derived for
both a specific sample of a surveyed WiFi RSS nmapfar a more general statistical
representation utilizing a stochastic model of\ii&i RSS spatial variations. These are
characterized for both the case of instantaneoasunements at a single instant of time
and for multiple observations at different timekeTatter case must incorporate models
of the user motion, or equivalently, models of timeertainty in the dead reckoning
device used to estimate the position changes batW&Ei measurements. These
derivations have not been reported in previousarebe

In Part Il of this Section, we derive the site sitywe for the instantaneous
measurement case. In Part lll, we extend the sisaly simple dead reckoned cases.
Part IV examines the utility of stochastic repreagans of the RSS power. Part V
utilizes the stochastic representations to exatmearity assumptions.

Inherent in the fingerprinting process is the exise of apriori maps. These
maps can be made by dedicated surveying or by gsiitgyare propagation tools such as
Airchitek or LANPlanner. In this development, fomplicity, we assume the maps of
received signal power from each Access Point anéiraeous functions of the horizontal
coordinates, x and y. Extension of the followingtineglology to the three dimensional

case, which would include the representation aéixexl signal power at different

45



vertical deck levels, with survey maps at discggte points is straightforward. We
denote the Received Signal Strength (RSS) map iasstevith Access Point (AP), j, as:

Zoep (X Y) ] 1M (72)

where M is the number of Access Points for whigréhare maps. The maps have errors
incurred during the survey process. We representridps in terms of the “truth” RSS

signal as:

anAap(X’ Y) Zj (X’ y) WMapj (X’ y) (73)

The errors in the survey mapqwapj (%, y), may be caused by the usual

assortment of electronic variations, multipath cfes temporal variations, antenna
directivity variations, and quantization effectfielerrors in the survey map may be

characterized both temporally and spatially aspedeent and correlated errors.

Equation (73) holds true for afk,y) for which there are maps including the

specific (Xer Yiue) that represents the unknown solution, i.e usersition, desired. In

particular:
Zl\jllap (X1rue 1 ytrue) Z] (X1rue 1 ytrue) WMapj (Xirue 1 ytrue ) (74)

In principle, the maps can also be made a funaifdhe orientation of the user’s
receiver as has been suggested for the COMPAS®/#rE systems; this additional

complexity will not be addressed herein.

% # # 9

In this section we begin to characterize the “inttaeous” FOM/Site Signature.
By instantaneous, we mean that it refers to theopeance based on measurements at
only one time. Strictly, if the M measurements @b arrive simultaneously, we neglect
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any position changes that may occur during theraatation of measurements from
each of the M AP’s. The more general case of tlailzdion of FOMs for non-
instantaneous measurements is treated in a sulrgespaotion.

A vector of WiFi measurements from the M APs isated as:

Zl&/leas Zj(Xtrue(tk)vytrue(tk)) WjMeaS(Xtrue(tk)vytrue(tk)) J 1..M (75)

In the above, the time argument is explicitly irded to emphasize the fact that

this represents one vector of measurements agkedime,t t,. Also

W veas(X(t, ), Y(t,)) is the noise in the measurement. It is assumeldawe a coarse
estimate of position, denotedxXas, (1), Y..arsdti) - At this juncture, it is useful to

employ a Taylor series expansion of the WiFi mdpsuathe coarse estimate of position,
Xeoarsdtic) Yeoarsdtic) -

Zlgllap(xtrue! ytrue) 4

' 52,1 52,1
i Map Map
ZM ap ( XCOﬁrSE’ ycoarse) 5X Xcoarse’ ycoarse (Xtrue Xcoarse) 5y Xcoarse’ ycoarse (7 6)

(ytrue yCOarSQ J 1 . M
In the above, the brackets mean that the partralateres are evaluated at that

point on the map. The partial derivatives are thpes of the WiFi RSS power surfaces
at the location denoted b¥,,..se Yeoarse - VWhen the map is represented by discrete grid

points, the 16 point LaGrangian interpolation aidpon can be conveniently employed to

yield the partial derivatives. Implicit in the al®assumption is that the WiFi RSS maps
do not change slope significantly over the distamemveen(X, e Yiue) @NA(X-oarse Yeoarsd

. This can likely be achieved by first performing@n-linear “coarse” search algorithm

to determlne(xcoarse ycoarsg :
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Combining (74) and (76) we obtain:

j i j 5Zl\/lap j
z (Xtrue ' ytrue) W Map (Xtrue ) ytrue) ZMap (Xcoarse’ ycoarse) 5x (Xtrue
5Zy1ap’
5y ( ytrue ycoarse)

We may now combine (75) into (77) to obtain:

) P g S Zuap ) j
ZMeas ZMap 4 5X (Xtrue Xcoarse) 5y (ytrue ycoarsg WMeas WMap

X

CO&I’SE)

(77)

i 16 M
(78)

In equations (77) and (78) above, we have omitbaaes(specifically the time

and evaluation location for the partial derivativesguments for notational brevity.

Although equation (81) expresses a linearized esiparover small distances, it

is recognized that for a given AP, the large spatpagation model is usually

represented non-linearly as follows:
P(d)(dbm) P(dy)(dbr) 10nlog %O X, (xy) n(t)

where,
P(d)(dbn) = received power in dBm

(79)

P(d,)(dbm) = received power in dbm at a “close in” referenistashced,

n = path loss exponent parameter
d = distance between transmitter (M) and receiver

do = “"close in” reference distance

Xo = Random spatial stochastic representation ofdinglomeration of

complex effects due to reflections, shadowing rddfion, etc., which are
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in turn dependent on the ship layout, furniturestouction material, hull

penetrations...

Values of the propagation exponent n have beentexpmn the literature from -
0.1 to 3.3. The survey maps embody (79), to therof its conformance with the
actual survey measurements, and are dense enccigkhsit linearization about a coarse

position can be performed.

In general, the WiFi survey maps are made at dieeime (perhaps even years
earlier), than when the user is trying to deterntiseposition. Furthermore they likely
would be made with a different WiFi transceivernthle user has. This, in practice,
results in the maps having a different RSS powas l@vel than the user’s
measurements. In addition, some WiFi networks chdhnegir power levels dynamically
which could contribute to the bias offset betweapmand user power measurements.
Thus there is likely to be a large bias value, camrno the difference between the user’'s
measurement and all the M maps. The bias valughabispatially constant over the
mapped regions and temporally constant over thesuseasurement period (for the
subsequent case of non-instantaneous measureroantsg significantly larger than the

product of the user position uncertainty and spgtadient of the RSS map. Thus we

j j
may designaté’vMeas Wvap 5 having a bias component for all j which we sbtaill B.

i i i
eas WMap n

We may then writev,vM B , Where we have combined the effects of map
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and measurement noises, as it is their differemaei$ of principle interest. We will
discuss further some quantitative aspects of the term, B, in Section Il, Subsection f.
We may then combine with (78) to obtain:

i

5z 5z i i=
a(x XcoarsQ 5_y(y ycoarsa n] B J_lM (80)

i -5
Zyteas LMap 4

Equation (80) represents M equations in three uwknsox Xeoarse Y Yeoarse B:

The other quantities, except for tRe are all known from the measurements and maps
in conjunction with the knowledge of coarse positio

Assuming we have more than three APs, we can empoyhted least squares
estimation to solve the over determined problemwAisalso be shown subsequently,
the weighted least squares estimate can be dinetéted to the optimal Bayes solution
under certain assumptions.

We can write the Equations (80) as:

z Hx n (81)

wherez =7z

heas ™ Zuap 1S @N M element vectoH is a M row by 3 column matrix
consisting of the partial derivatives in the fisb columns and 1's in the last column,

andnis an M-vector of measurement noise, whose stlstharacteristics are not

Xlrue Xcoarse

defined yet and x= vy, are the unknowns.

ycoarse

B

Equations (81) represent M equations in the thré@aowns, the components of

the Xvector (actually sincéeoase and Yeoarse are assumed known, théfiue and Yue

can be considered the unknowns). It is furthernagsszimed M > 3.
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1# * #7# ( +17,
A classical method of estimating an over determswdtion is weighted least
squares estimation. It shall be shown subsequanttjer further restrictions on the
distributions of the variables, this WLSE is eqlive to a maximum likelihood

estimation (MLE). For that WLSE we want to use tineasured to generate an

estimate, X , of the unknown X . Thus, we want to find the value oK that

minimizes the weighted sum of squares of the M aumepts of the vectédr H X,
Letting W be a general (M x M) weighting matrix, then we wanfind the

vector X that minimizes the scalar cost C:
1 ~ T ~
C E[Z H X] W[z H X]

To minimize the cost function C, we choosg such that simultaneously:

5C 5C 5C
5(Xtrue XCOElI’SQ 5( ytrue ycoarse) SB

This yields three simultaneous linear equations:

[z H $TWH |, o

XwLs

Or x is the vector that satisfies

~

H'WH X, H'Wz

If [HTWH] is positive definite, and thus has a unique iregitsen,

fs [HTWH]*HTWz (82)

How good is this estimatex ? We can write an expression for the error as:

X X X [H'WH]'H'™Wz x

true 83)
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Substituting from (80) fot, we obtain:

v T 1gT
X [HTWH]*HTW[H X n] X (84)

Noting thaty must be zero by definition then,

X [HTWH] *H"wn (85)
The next step is to characterize the nature oéthars,n. Probabilistically
treating theH and W as known deterministic quantities, the expectedevafl the error
Xis:
E{ X} EfH"WH]*H™Wn$ [H"WH]'H WEHhS
It was noted previously that we have already aitatl a part of the discrepancy
between the maps and the measurements to th&hiagkich we are estimating. The

remaining errors), are assumed to be zero mean, therefore:

E# x$ 0

Eth$ 0

In addition to , assume furthermore that we know the second order
statistics of the errord) . We represent these second order statistics as:

covin] Efn' R (86)

whereR is the M x M matrix of noise covariances.
Substituting this in (85) yields:

coV X] Ef X X¥ P [H'WH]*H"WRWH[H"WH]* &7)

This formidable formula involving the product of frdatrices needs considerable

simplification if it is to be tractable and of geakpurpose utility. To simplify we shall

set the weighting matrixy , equal taR *. We shall, in a subsequent section, rationalize

this based on probabilistic considerations. Making substitution into (87):
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P [H'R H]'H'R 'RR H[H'R *H] *

T 1 1
P [H'R 'H] (88)
This is a much more tractable equation that alsoaharobabilistic interpretation
as considered in the next section. The correspgreitimator then becomes from (82):

X [HR'H]'H'R 'z (89)

# 00 #)1 T# (

We now provide some rational for the choicevéf asR *. In a general
estimation problem, ik is some estimator of and we define the errok X X then
the estimator that minimizes the cost function:

CR) EX'X (90)

is the mean of the conditional probability density ( |z) that represents the
probability of the statex given the measuremersThis is true for anyorm of

probability distribution. In addition, for a Gauasidistribution, the mean, mode,
maximum, and median of the conditional probabfiistribution are all the same, so that
the cost function in (90) is quite universal foruSsian distributions. Moreover, if

f( 12) is Gaussian, the conditional mean also minimirgscast function of the

general quadratic form:
C(x) E{XQX}

where,Q is an arbitrary symmetric, positive semi-defimtatrix.
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A

In our linearized WiFi measurement problem, notally the X x X
replaced thex X X, where the deltas remind us that we are refetdgragdeviation
from the known coarse position.

Using (90) as the cost function, we now look fdinaar estimator, denotél,
which takes the M AP measurements and estimage3 tix states.

X Dz (91)

Dis a3 by M matrix.

The estimator is to be unbiased so that,

E{ X x} E(Dz x} DE{zZ x DE{H x n} x 0

.
Since, BV} O,then(DH hx 0

Therefore, it is required that,
DH | (92)
The error covariance is from (80) and (91):

P E{( ¥ x)( % x)} E{Dnn'D'} DRD' (93)

The mean-square error is

C E{( X x)'( X x)} trace(DRD") (94)

We must determine the matrix which minimizes the trace (ie, the sum of the
diagonal terms) 0ORD" and satisfies (92). This can be shown to be:
D [H'RH]'H'R"®
Therefore from (91):

o Tp1 IgTp 1
X [H'RH] ' HR z (95)
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And from (93):
T 1 1
P [H'R *H] (96)

Note that this is exactly the same as (88); howergB8) from the previous

section we had “arbitrarily” s&/=R *. In this section, at least for the linear estimati

case, we justified the solution based on probatiiti¢ory.

In the next section, we assume a certain simpta for R * that enables us to

gain some valuable insights. We discuss actuakgdior R * based on observed noises,

n, obtained during an equipment demonstration,latea section.

(! 7 8 )1 I )5 ()
%

Equation (96) from the previous section determitiedcovariance of the error

for a linear best instantaneous estimator as:
P [H'R'H]?
If the noise,n’, on the j™ AP is independent from the noise on all other AP’s

then

j Al
Ein'n} 0foraII j7i

Furthermore, if the noise self-power on each AfRéssame then
E{n'n}} 'n2 for all(j 1..M)

Then from (86), wheréis the MxM identity matrix:

1 , 2
R™ Tl (97)
In that case (96) simplifies to:
20T 1
P ', (HH) (98)
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The corresponding state estimate would be front (95)
X [H'H]'H'z
[H H] (99)

Also from (85) withW R * and (97):
X [H'™H] '*H™n
[ ] (100)
In (100), N has the same dimensionsisWiFi power level, in dom.

% (0 (5()%

In this section we utilize the simplified error @mance of (98), which assumes

equal and uncorrelated error from each of the Al®'selp formulate some geometrical

interpretations of AP configurations.

Since H is an M by 3 matrix, we may represent ihasfollowing matrix using

some simplified notation:

5z 52 1
5 5
9 9 9
5721 Bzl 1
H & 5 (101)
9 9 9
5™ 5/M
ERE:]
Mx3
From (101) we generate the symmetd¢H as:
(rmS()2 V "X
H'H M v  (rmsg)® “, (102)
" . 1

where,

(rms,)®> root mean square of the x component of maps’ slapéhe
coarse position
mean of the x component of maps’ slopes at theseqaosition

X
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vV sum of products of the x component and y compooktiite maps’

slopes
rms, , ”, corresponding to above x component definitions

We can determine the inverse from:

adjH™H
detH™H)

The adjoint ofH™H from (102) is:

2 "2 w o " "
(rms,) ; <y v AR
M 2 ux uy v rm% uf V"x uy(rm%)Z

vi,ov, v (s (ms)?(ms)? v

The determinant ofH"H is again from (102):

(103)

(104)

detH'H) MI(rms)((rms)” “) v(v ") “.("v (rms)"")](105)

Reducing (105):
detd'™H) Mg[(rm§)2(rm§)2 "j(rm§)2 " V "j(rm§)2]

Now substituting(rms)® “? * ?into (106):

det(|_|TH) M3(l 21 2 V2 112112)

y X Xy

. 15 .5
Letting 8 — (== "J(=— ",) we have:
M, 5X Sy
V 8 lX Ily

Substituting (108) into (107) we obtain:
detH™H) M3(" 27 8%
Now define the normalized correlation coefficient:

g 8

o
Xy
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Substituting (110) into (109) we obtain:

detH™H) M[' 2" ’@ &%)

(1112)
Substituting (111), and using (104) in (103) weadnt
) 8] @7 ), @
M 8., K 8% )

7212 " ll)ll ( 7212 " Il)ll 121211 nen 11(12 12) 12120- ) "2 "2 o7
(8xy xyygxy xyxg X X y x 8 Xy yx%

Xy X Xy y Xy xy

M) &)

HB'
(112)

We are primarily interested in the radial horizémasition error:
Horrms \/(Xtrue XCOEII’SQ 2 (ytrue ycoarsz) ?

From (112) we extract the first two diagonal eletsend with (98) obtain:
1 1

X y

HorrmSnstamaneous ' n

This is the desired simplified geometrical expr@ssAs expected, the error is
directly proportional to the noise level and inadysproportional to the square root of
the number of AP’s. It may be also noted that tlwiszontal fix uncertainty in (113) is

inversely proportional to the variation of the poweyels amongst the AP’s in both the x

and y directiong’ , and " ) and is not dependent on the absolute power leVkls, of

course, assumes that the power levels are addguaeeeption, and is based on the
assumption of an unknown bias level between theaitSS maps and measurements.
It can readily be shown that if we did not solveda unknown bias value, as for the case
where the bias value may be small, then the stdrdfanations of the partial derivatives

would be replaced by the rms of the partial deiest and there would still be a term in
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the denominator representing the penalty for asccosrelation between x and y RSS

slopes.

For good fix performance the quantities, and * A must be sufficiently large,

implying variation in received power levels fronetparticipating AP’s. In addition it is
important that the normalized correlation coefiitishould be << 1, indicating that the

slope variation inX and y directions be independent. These observationactie

the fact that good position fixing often dependstendiverse nature of the propagation
paths from the APs to the user. The received pauilebe a phased sum of signals from
the transmitter arriving over different path lergtiecause of the reflections from nearby
objects and partial blocking by materials in ttgnail path. The resulting received power
may be greater or less than the line-of-sight digdther factors that affect propagation
and may fortuitously contribute to thésare:

Multipath propagation that depends on the posibioine transmitter and

receiver relative to the floor, ceiling, partitioasd furnishings.

Antenna heights and relative polarization.

Transmission frequency

Of course, these effects are only “valuable”, ®¢ltent they are repeatable

from the time of the map survey to the time the peeforms measurements.

& # 78 (

Using the formulation derived above, WiFi positiogiFOM estimates for a US
Navy ship were evaluated. Note that some shipbeirgy equipped with a WiFi

Network to provide shipboard wireless capabilityeang significant parts of the vessel.
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The WiFi coverage on portion of the ship was sirrmdaising software tool
LANPIanner, which incorporates ship structure arademal effects. The locations of the
potential 28 APs are shown in Figure 9. The sitedl®SS heat map of a particular AP
is shown in Figure 10, and the composite RSS hagtfor all 28 APs is shown in

Figure 11. Note that RSS heat map was computedcht of 1 meter by 1 meter grid

points.
/w’\\ ,,,,,
i = 1 | |
INSEEIAS =1 5=
wﬁ;:—?ﬂi Sy
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Figure 9 Distribution of 28 APs on the ship
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Figure 10 RSS Heat Map of AP #3

The number ofisableAPs for WiFi positioning was counted at each ad gr
points and is shown Figure 12. An AP was declémdzbusableif its RSS was stronger
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than -85 dBm. Note that the minimum number of les&®s required for FOM
computation is 3. Thus, the areas where the nuofhesable APs is less than 3 are
indicated as white space. The maximum numberalasAPs at any given point in this

simulation was eight.

Heat Map of all APs
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Figure 11 Composite RSS heat map for all 28 APs
The FOM was computed using the equation (116)ct e&the grid points

whose number of usable APs is 3 or larger. Naettie RSS sigma term in the
equation was set to unity in FOM computation. Fegil shows theormalized=OM

with the unit of meters per dom. The maximum ataiglp FOM value was setto 1. The
white space in the figure indicates the area wWRE@WM! is larger than 1, or singular due
to lack of site signature.

The RSS sigma value estimated from the GWU suragy (B0 measurements at
each of over 400 reference points) was about 3wbith represents the noise standard
deviation. We assume that the ship has the siRi&8 characteristics as GWU and
apply the RSS sigma value from the GWU experimenttfe ship’s FOM. Then, the
colored space in the figure indicates the area eviMiFi positioning can provide

horizontal accuracy better than 3 meters, whi¢hesequirement for PASSION. This

61



calculation is considered conservative as the dgan of the FOM assumed a totally

unknown bias RSS power error between the usertendmps.
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Figure 13 FOM (Normalized Horizontal RMS) Distribution
3 D #
If, in actuality, the noise among the AP’s is ctated, we can still formulate a
FOM assuming (89) is used as the estimator. Fraw@h \y - =)/, one obtains:
P [H'H]'"H'RH[H'H]"® (114)
whereR again is defined by (86). This would be the cakere the weighting matriv/

was chosen for the case of the AP’s having equhlacorrelated noise, but the actual
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noise turned out to be correlated. For examplentiee between AP’s may be related to
their physical separation from each other. AP’s ea&h other are likely to have some
correlated noise characteristics. In this casepdetforR might be a first order Markov

such as:

R E{nn"} 2% i 1M 1m (115)

n

In (115), | &; | represents the distance between ARisdj andc_ represents a

correlation distance. The FOM for the case of gfigtcorrelated noise cannot be
expressed in a simple intuitive manner as in EqQuatl13) for equal and uncorrelated
noises. It can, however, be computed numericaliafspecific set of maps and noise

representation.

4 S #) #H# #1(

So far we have stated that there would be a sagmftibias between the user’s
measurements and the apriori maps. Phenomenadyatontribute to the bias include
receiver signal strength calibration and common er®gtem transmitter power changes
(since the original survey). Our position fixingyatithm has explicitly solved for this
bias. We have also not assumed any apriori knayeled the magnitude of the bias or
position error. Now we shall explore the effechaling apriori knowledge about the
magnitude of the bias. In particular we assunmeatGaussian random constant with
mean 0 and standard deviatios,

When there is knowledge about the prior value efstate variable’s estimate,

denotedx and its uncertainty?’, then the optimal estimate after the new measureme

set,z, is given by:
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% % [PHT[HP HT R]Yz HX]

Generally we assumg 0, so, that:

X [PHT[HPHT R]z

(116)
Similarly, the conditional covariance denotedRyis given as:
- T T 1
P P [PH'][HP H R] " HP (117)
Equations (116) and (117) may be rewritten equivhleas:
X PH'R'z
(118)
1 T 1 1
P [(P) H' R "H] (119)
Note now that ifP  : |, then (118) and (119) approach (89) and (88),

respectively, validating that previously we assumedapriori knowledge of the state.

We again assumR ‘' ’I and obtain from (119):

2.0 0 .
P o '; 0 — H™H (120)
0 0 ;2 "

One can then substitute (105) into (123) and prbé&a®oriously as was done in
(103)-(112). Instead, we will try to obtain ousights by only working in one
dimension, x.

For the one dimensional case:

1
r 2 O rmS§ "
P LM (121)
O r 2 X 1
B
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In (121), we are using similar notation as sectier{(d) with  representing the
apriori uncertainty in the x position.

Examining only the (1,1) element of (121), whicpnesents the variance of the x

position error:

1 2
§ 28 M
P E# X? B (122)
[§%) , P
M? Mrms? M 2
r 2 1 2 1 2 r 271 2
n B X X B
Letting 2 < : since we are only interested in the effects pfwe have:
r 2
i Mo
eff %29 (123)

B
'fMZ M(Hf :f)
r 2 r 2

B

In (123) we have substitutgd2 * 2) for rms. We make the following

observations about (123):

1. If * < 0then X< 0 and B has no effect since it is estimated pesfectl

2. If "5 < 0, then the error depends on the noftsg, divided by the rms
gradient. As the rms gradient is larger than thadard deviation of the
gradient, this results in a smaller error. In gahi# one knows that ; is
small compared to , and the product of the mean gradient multiplied by

" 5, then it may not be advisable to estimate it l\@®e had an accurate
apriori estimate of its magnitude.
3. Onthe other hand, if ; : , then explicitly using’ ; or solving directly

for B, give equivalent results.

4. Although not explicit in (123), if we do not sol¥er B, then it would be
best (if we have any control over this) to have sidgat have low mean
gradients, j Hy. This may be shown as follows:

From (100) we would have when we don't solve for B:

)?le(due to biaS) [HTH]ZiZH;xMBMxl (124)
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H analogous to (99) is:

5t 5
5x 5y
9 9
57 5 rms: v
9 o v ooms;
5M M
B 5y

Mx3

In (125) the superscripts again represent the magxiof the corresponding AP.

Therefore from (125) and (125):

2 n "

rms, ", V",
rms;rms;, v’

X(due to bias error) — (126)
rmsfny V"X

rms;rms;, Vv’
Note that the effect of a bias error goes to zetlwei numerators of (126) are
equal to zero. Since the first term of the nunwegais usually dominant should
normally be kept small, if possible), the numeratdl be small if the corresponding

mean gradients are small.
In general, to make the mean gradients small, $ke should have a
“centralized” location with respect to the M AP’$his would facilitate some of the

gradients to be positive and some negative for daeltion.
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In the case of non-instantaneous measurementsavecthe sam® APs, but

now the measurement set consists of a profile efsoements:

Zl\j/leas Zj(xtrue(tk)v ytrue(tk)) J:lM k—lN

We now have N user RSS measurements and potenfatty N unknown user
positions, X, .(t, ) Viue(ty) k=1...N that we are trying to determine. The mearihg

FOM/site signature for the non-instantaneous sandiecomes more complex as one
must define at what position and corresponding timeeFOM/site signature applies to.

We first address the relationship(s) among the anknuser positions.

## # 7T $#<

The first and easiest case is that the unknowrisugesition error doesn’t change

fromt, t tot, t,.Thiswould be the case for a user who has a eEkning

device that has a negligible position error dtiitthis case the relationship between the
coarse position estimate and the true positiorsstagstant throughout so that we may

still utilize:

Xcoarse XITUE

ycoarse ytrue

B

X

Now, because X is assumed to be constar},, .. andx,, change exactly in
the same way, and, of coursg,, . andy, . change also exactly in the same way.

We can still employ equations similar to (81) wiitle realization that now we
have NM equations and the partial derivatives aeduated at each of the N

(Xeoarser Yeoarse) POSItiONS on the M maps. The FOM, instead of attar&ing performance
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at a single point, now characterizes performanes aurack profile (which in the
degenerate case can still be one static positiontanaed over the N times).
We rewrite equation (81) as

z, H, x n,

z, H2 X n, (127)

In (127) eache; corresponds to measurements from M APs at timeH | are

Mx3 matrices consisting of the two partial derivas of thgth RSS magnitude in the
first two columns and 1’s in the last column. Tiiglso shown in (101). The previous
constraint that M > 3 can be relaxed, if necessamy, replaced with NM > 3. Th&’s in
(127) are Mx1 column vectors.

If we make the further assumptions that the naasesincorrelated at different

times then:

E{ninj} 0 | 7 J E{ninj} Rj

It should now be apparent that the FOM for theifgafan be related to the
instantaneous covariance by:

P, [H,R,H, H,’R,H, .H R H.]"*
Constant

Profile 128)
In (128) above, the calculation of theiRlvolves using the Rh’s maps’ slopeg (
=1... N). The horizontal rms FOM, analogous tb3)1 would be the square root of the

sum of the (1,1) and (2,2) elements of (115).

If we let E{n, an} “21 i,j 1..N,then we may rewrite (128) as:
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Constant k 1

Profile (129)
In the degenerate case, where the user stays sarnme location for MN instants

of time, one obtains as the analogy to (113), aeeted:

Horrms 1 Horrms,
Cénstant [ N stantaneus
stationary (130)

This would also be the case if the instantaneoug$®ere the same at each of

the N locations.

7=( L # = ) ## *
Equation (128) can be reformulated in the broadatext of sequential
measurement incorporation. The fundamental estimaguations for recursive

estimation of static Gaussian variables are giwen b

~

X [P®P)Y% [PH/R'Yz

P [(P)" H/R™,]’ 139

Equations (131) express the new estimate of the atal covariance in terms of

the corresponding ol and P quantities and the new measurementAdn this

context, we can state the results for the profin(instantaneous) position fixing as first

having no apriori estimate of positig(P ) * 0) and then obtaining the measurements

at the first position and then the second posiod so on to the ‘Nposition.

For example, starting with no apriori estimg ) * 0), we obtain

measurement set. Then from (131 [(P)* H'R*H]*and withr * being’ ’| ,
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we obtain (98). Now starting with (98) as the npw and obtaining a second

measurement sgt,, one applies (101) again which results in:

P . (P)i., "ZH,H),
after z ( )afterz n ( 2 )2 (132)

In (132) the matriXH refers to the map slopes at the positions on tgesmt the
coarse position after the first set of measuremamis dead reckoned (perfectly because
of the assumption of constant error) to the nemet(that is, the partial derivatives are
evaluated at the second position).

The form of the second equation of (131) can aéswdiuable for the case of
apriori information based on other factors suckrasving definitely that the user is

confined to a particular area. In that case, alapmcertainty,p , can be estimated

from the geometrical dimensions of the area. Atsmwing the apriori uncertainty of

the bias term can be utilized with this formulation

# H<## T 5H>#1 > |/ (
In order to better understand the concept of fipgeting as it applies to Case 2,
a constant velocity error, a simplified example Wwé outlined below. We then proceed
to the analogous, but more laborious situatiomof dimensions and an arbitrary number
of APs and positions/times. In this simplified adimensional example with three

positions/times, we have three equations that “olefine” the unknown termgx

z ax) n
22 b(XO vV t) n2 (133)

Z; C(Xg 2vit) ng
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dbm
mete

The units of the variables with in this equatioa:a dbm, a,b,c

X mete, v meterssec V is the dead reckoning system’s constant velocityre In this
case, they at the end of the equations represent noise s ohdbm. Our goal now is

to find the value fok. To do this we want to use tikeequation to find the least squares
value. The equation fax is:
X (H™H)'H'z (134)
H is a 1x3 matrix consisting of the variables arj ¢ as shown here:
H' a b c (135)

Combining (134) and (135) we attain:

z,
- 1
O
% (136)
Writing out (136) we have:
¢ az bz, cz
2 b2 2
a C (137)

Substituting (133) into (137) and only considerugdpcity error:

. a’x, b*(x, vit) ci(x, 2vt)
X
a’ b* c? (138)

So the error due tealone would be:

~ bVt 2cvt
a? b®> ¢ (139)

But since x is actuallx X, vt, thenX does not include an error fromf t is

such that:
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b>v t 2c?v t
2 2

vt .
a® b” c (140)

Or simplified further:
b* 2¢°
0 (a2 b2 C2)

(141)
This can then be manipulated further in order lgetdesired results. To do this
we re-arrange equation (141) such that:

¢ a’°

t
0 ( a.2 b2 C2)

(142)
Since for this simplified example,t is the midpoint timetyg may be regarded as
a “centroid” of the power gradient. LEt t t, ort t' t, so that, error at timedue to

v alone;:

~ bvt 2cv t bt 2c*t ,
X 2 2 2 V(t 2 2 2) Vt
a- b® c a~ b® c (143)

This shows a linear growth of the error on eachk sitthe zero error timé.
Note furthermore that if a = c, thén  t, the midpoint of the interval. This makes
sense, since for a symmetric gradient, the “ceditnwbuld be the midpoint.

Now that we have a better understanding of the eqoinaf fingerprinting as it
applies to Case 2, we can now implement that kndydeas we work through this
particular case. In this case, the user’s horadgrasition error has a constant drift in

time in two dimensions such that:
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Xcoarse(tj ) Xtrue (tJ ) ; Vx (tJ tl )
X(tj ) ycoarse(tj ) ytrue (tJ ) , Vy (tJ tl )
B

j=1..N (144)

In (144),,v,and v, are constant velocity errors of the dead reckodienice

or, in the absence of a dead reckoning deviceyhote value constant velocity
uncertainties in the user’s motion. The unknowntpmserror at any time, is expressed
as the initial unknown position error atplus the velocity uncertainty multiplied by the
elapsed time since.

For example, if we had 4 (i.e., M=4) AP’s and 3iposs/times (i.e., N=3), we

would have the twelve equations:

z (h)rx (h)y v, B ny

22 (h)? % (h)?y, B n? (145)
2 (h)! % (h)!y, B n

2t (h)! % (h)fy, B nf

Z (% VG 1) Xw VG 4) B oo
Z (A% NVt ) A VG 1) B N
Z (I % NVt 1) A VG L) B
Z (A% Vet ) (v VG t) B
Z (DM % 2V, 1) (XY 2V, 1) B
Z (W% 2Vt 1) Ay 2V, 1) B i
2 (% 2V, 1) % 2V, t) B
Z (W% 2Vt t) (Y 2V, t) B n
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In these equations the subscript represents thegodsme and the superscript
represents the AP index. We could, at least thigalt, attempt to also solve for the
velocity unknowns simultaneously with the positemors and bias. Practically, it is
unlikely that their individual observabilities walibe distinct enough over a sufficient
duration to attempt to estimate the velocity unknswi herefore, they will be considered
as “pure” error contributors. As we shall see,e¢h®r contribution of these velocity
biases depends upon at which point in time/positienreference the estimate of position
to. As a matter of fact, as we shall see, theoméspoint at the “rms centroid of slopes”
that the net effect of the velocity errors is z@®s long as the user can tolerate the
latency associated with referencing the fix to thise).

For the 12 equations and three unkno(vn$, Y, B) , the additional error vector
n dueto;V and,V, alone can be written as:

Additional error in

. (146)
Yy, (H™H)'H'n

B

due to velocity error.

o O O o

(h)2V, (hy)3/V,
(h)2 Ve (h)2V,
(h)2V, (03,
(h)2/V, (hy)3V,
2(h)a Ve (h)sV,
2(h)5 Ve (hy)3Y,
2(h)3 Ve (h)3V,
2(h)3 Vv, (h)sV,

S0

t (147)
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WhenH' is multiplied byn, shown in(147), it produces the matrix:

[V () Yy D2 ()2 Ve ATV, ()35 Vi)
Hrle 0N ()Y 30N (V. 2{(h)ih)sY, [PVt
M2V ()Y, (Ve (Y, (Ve (V. 2{()e Ve (e Vi (148)

Using summation properties (148) simplifies dowiatmore manageable matrix:
I MEREY, AT, BRI
Hihe DXV [REEY,  2AM50EY, (WP 49
O Y, AV ()

The variable M in the summation equation represtr@siumber of AP’s. When

simplified further, (149) becomes:

N

T DTN, (NI

niml
N M

[H'n] (n Dty v, [TV}t (150)

nimil
N M

(0 D(h)n Ve (v}

The summation equation from (149) condenses futth€r50) with N

representing the position/time. Thus the actuardor the K point would be:

(k D[V, t
i T gt . _
X H'H "H'n (k DV,]t k=1..N (151)
0
Equation (151) represents the error at an arbit8nyoint for Case 2 and would
be used as a figure of merit. As previously statieel magnitude of the errors depends

upon what point in time/space one assigns therfsaar to. If latency is important then

one would usually choose the fix point as the pastt in time, in which case K=N. A
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smaller, or possibly zero error contribution du¢h® velocity biases, may be achieved if
one assigns the fix to a value of K generally ntoveard the middle of the data

collection interval. Specifically, if, for examplEom (150) and (151), and, furthermore,

if one neglects the cross correlation terimgsh, , then for the error contribution due to

the constant velocity errors to be zero for th@mponent:

N M
(N DIV, t (k DVt (152)

nimi1l
Therefore, the value df,, assuming an integer satisfies the relationshqulev

be such that:

N M
2
ko 1 (n Di(h)r] (153)
nim1
This can be seen to be analogous to (141) fordke of M=1, N=3 and discrete

times. Thus the point of zero error due to a vig/dmas occurs at the spatial centroid of

the mean square of gradients.

# #<# # 7 5>#- ( (/ ( =1/(
This case involves the user’s position uncerta@gxjyeriencing a random
Gaussian distributed increment in both the x addsctions. The random increments are
independent in the x and y directions and indepeiniidlem one position/time to the next.

We shall represent this random “walk” by the digeqgrocess noise matrix quantity,Q

such that:
gq t 0 O
Qo O q,t O (154)
0 0 0



Theq's can represent a velocity white noise procesh $uet:
E{v,,®).v,,(t =)} a ()

Where represents the Knonecker delta function and quhis of (meter<)sec.
Thus the @ in (154) would represent position uncertainty (flo@ squared or covariance
level) growth between two position/times. In (1adpve, we assume the bias offset has
no random growth.

For each of the N position/times, we define a ciawvae before and after the

incorporation of thgth measurement such that:
Pj () Pj( ) Qo j=1...N (155)

In the aboveP, , () means the covariance prior to the j+1 positiorgtamd
P,( ) means the covariance immediately after the jthitipogime. We also set, for

simplicity, P,( ) : ;thatis, we have no apriori knowledge of the wwns prior to

the first point.

Following the same concepts of (131) and (132) axesh

P() [(P()* H'R™ ] FL.N (156)

In (155) and (156) with the initial condition &( ) : , we have a recursive

relationship that defines the covariance for ameti This can be used to compute a
Figure of Merit for anytime.

Note thatH; again represents the Mx3 matrix: two of the colamepresenting
the partial derivatives of the M map associatedhwie M APs at thé"jcoarse position.

The third column is all 1’s representing the bias.

77



Equations (155) and (156) provide little intuitimsight into the overall process.
To gain some insight, consider the one dimensiocasé, the case wheReis diagonal,
and the case where we do not solve for the biashis¢ very simplified situation, each

occurrence onTR lHj is equivalent to:

1 M .
S, 2 (hx)ij
n 1 (157)
Using (157), we would have for the one dimensiaosfariance:
I 2
Pl( ) M—nz
(h);i
i1 (158)
Then proceeding recursively per (155) and (156):
;2
Pz() Q M—n2
()i
i1 (159)
In (159) above, Q represents, t from (154).
1 P
P( ) — A
(h)! P() (h)!
1 i1 i1
;2 1 ; 2
PZ( ) n n
2
Q
(h)t°
P,( ) (160)
2 M ) )
Q (hy);
(hor®
1 i1
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0
X ) ;2 M , 2* , , 2
Q/ ' n Q M . 2 (hx)i y ' n Q M : 2
. (h) = 't . (h)i
P3( ) . i1 + il (161)
2 ' 2 M 2
o Q " (h):
(h)r~ '
i1
P( ) —— (162)
h)3
RN}
P() 'l

Generally, we may write the recursive relationshgasplified for the one

dimensional case (of Case 3) as:

R() (163)
P. :
P () 1) j=1..N (164)
D2
P]( )_1 (hX)i]
1 I’ 2
0 "
% i1 2 M * 1 2
1t Q)T Qe
* W k2 k12 i1 1
L (h); . M o2 N (es)
j
R
o k2 (hyrt= 1

Equation (162) expresses the fact that prior tditeeset of measurements at the
initial position/time, there is no apriori knowleglg Equation (164) is the state update
equation and equation (165) propagates the staheldipg the random walk process

noise.
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;2

Note that ifQ : ,thenP,( ) —7—"——. This expresses the fact that if the
(h)!
i1
random growth in position is very high between s¢tmeasurements, then the final

uncertainty is determined by only the error in lde set of measurements.

Note that if Q = 0, then:

P() PA() — 'y i=2..N (166)
(h)i

k 2101

This is analogous to equation (129). If the rnedgents at each of the

M 1 M
positions/times were the same, i.e. (h,)! ? (h)™ ? (hy); ® for all [,m=
il il il
1...N then again for the case of Q =0,
r 2
Pu() Ra() m . (167)
(N D (h)

i1
If in addition all the M of RSS maps had the sanSgradients, h then:

I:)N I:)N 1 , . 2
¢ ¢ M (N D(h,) (168)

This is analogous to Equation (130).

8 ! Y#) #
So far we have always considered the AP maps tetaministic. Their values
were assumed to be known from actual survey measunts or from software prediction

tools given a specific interior layout.
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Stochastic models can be useful, for more geneadyses purposes, when we
don’t have specific deterministic maps, or perhapen we have a large ensemble of
maps for which we want to assess typical performanidizing probabilistic techniques.

In order to gain insight into RSS characteristics of interest to consider the
theoretical basis for two-dimensional slope-likecsiastic processes. We deal with the
slope of power, since with certain assumptions alioearity, it is the slopes that
determine the position fixing performance. To #nsl, let R be a region of the interior
surface and consides &, y) to be the value of the RSS map in units dfwatts for the
j™ AP at the location (X, y) in R. In general, R ¢enpartitioned into disjoint sub-
regions R, ... , R« such that the process T (X, y) has certain hommggenharacteristics
within each partition. Although, generally RSStsdaate of change of power may not
be a space-stationary process, it is assumed pogsifeparate it into partitions that are
locally homogeneous. It is only for these locadlbmogeneous areas that RSS power
characteristics such as standard deviatipand autocorrelation function KX, y).
Consider a particular one of these sub-regionsfjoms, say R = R Z (x, y) can be
considered to be a homogeneous random field ifotlwaving sense: if (X, y) and (X', y")

are in Rthen:
a) E{z;,(xy)} "
b) szzj(\x x|,y y) E#zj XLy "z X%y Jff

This homogeneous property (b) is a natural gereaiadin of the covariance
stationary concept useful in one-dimensional apgibnis. Note that the covariance

function is a function of only the difference ingpitons between the two points. It is
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also useful for analysis but there is not too meseipirical RSS data to support to

assume that

2

o R, (x xlly ¥) R,,(8) where8 \/ x X% y y

For the model with properties (a), (b), and (c),sag that the process is both
homogeneous and isotropic (i.e. statistically irwar(over R under both translations
and rotations).

Property (c) has frequently been used for studiésrain or gravity effects,
although it is difficult to establish empiricallisivalidity. It aids in making the results
tractable.

In addition to (a), (b), and (c), again for anagtitractability, whenever needed

to obtain explicit results, the requirement:

d) z;(X,y) is Gaussian normal is imposed.

To obtain tractable analytic results, the followamsumptions will also be made:
1. One dimensional fix (in x only — which is similar the assumptions of
Case 2 and 3 of Part 1ll.)
2. Validity of linear profile difference expansion psr Equation (78).
3. No apriori initial position error information
4. Zero mean Gaussian distributed measurement naigglesindependent
of the gravity slopes.
5. The analysis will be limited to the instantaneoasec
Despite some of the obvious limitations of thisraggh, (in particular the Least

Squares Algorithm and the neglect of correlated@loack and cross track gradients due
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to the one-dimensional assumption), it is expetitatimajor relationships on error

dependencies on track length, RSS power slopesa@sd characteristics are preserved.
" (# #' Y#) ##
The simplest case is when the user doesn’t mowerefore the only stochastic

autocorrelation of interest is the value at 0, tsaR, , (0) , since we are using only one

spatial direction.

Also we can neglect any spatial correlations ofrtbise process. Using notation

of Section Il b:

MN
(hx)?zi
(h)t*
i1 (169)

In (169),z (h,); x n ;the one dimensional covariance of the errokims:

0 -
¥ o2 %
P E#X X$ Ej——
* 2
. ()T
Ll +

(170)
where we have continued to neglect the temporaéladions among the noise samples.

From (170),

*% O

*3% 1

;2 1

P n Ei MN 2

. ()
1

4% %

(171)

(h,)* is considered a random Gaussian variable with rieard varianc, , (0) . As

consistent with the previous notation, it represéné slope of the RSS power at the first

point (which is the only point for this simple case
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MN
The random variable (h,); ® is a Chi-square random variable with MN
i1
degrees of freedom. Let
MN

> (h)!’
1

i 172)
A closed form solution for the probability densityction of the reciprocal of a
MN degree of freedom Chi-square distribution asimegl by Equation (171) was not

found. In the absence of a closed form solutiomshall use the approximate

formulation where we expanér in a Taylor series about its mean valug, p
>

101 1,
E?;f L
' o (173)

Here " represents the mean of the MN degree of freedorsceiared

distribution and’ y2 represents the variance of the MN degree of freedu-squared

distribution.

This approximation is most valid for distributiotigt are mostly concentrated
about their mean, which is only marginally the clasehis distribution. To evaluate the
validity of this approximation we perform Monte @asimulations using a MATLAB
program. The listing of the MATLAB program, Figutd, is shown below and a few of

its output plots Figure 15, Figure 16, and Figureafie shown below:
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%This program used to explore distribution of one over & Chisguared E Degree of Freedom
frandom verizble (rv). Specificelly we sttempt to evaluste an approximation from
&Pepoulis for the mesn (expected valus) of the distribution. In this report, the expected valus
%0f ome over the Chisguared comes zbout in investigation of stochastic
qproperties of one dimensional fingerprinting position fixing for RES
Efingerprinting.
% Generate Monte Cerlo K Degree of Freedom Chisguared Distribution
%
&Input degree of freedom, std deviation (mean sssumed zero), Ho. of E
fdegree of freedom Chi sguared wvarishbles
Degoffreedom=input ('degoffreedom="} ;
Stddev=input | 'standard devistiorn="} ;
Hosamples=input ('no of samples='};
Work=zeros (Hosamples*Degoffreedom, 2 ) ;
&Work is just to store intermediste guantitities
%Generste normsl rvs
Worki:,l)=Stddev*randn(MNosamples*Degoffreedom, 1) ;
&plot(Work(:z, 1))
fhist( Work(:,61)}
Worki:,Z)=(Worki:, 1) . *Work(:,1}));%Thi=s should be Chisgqusred Degree one
&Thi=s loop adds up Degoffreedom Chisguared EVs
for J=1l:Hosamples- (Degoffreedom);
E=J-1;
Chisgquadeg | J) =sum(Work(l+Degof freedom*K: Degof freedom* (K+1) 2]} ;
end
&Compute sctuzl and theoreticel chisguered means end varisnces
Chidegmean=mean (Chisguadeg)
Theorymean=Degof freedom*Stddev~2

Chidegvariance=var (Chisquadeg)

TheoryVariance=2Z *Degoffreedom* Stddev"4

%

Oneoverchisgquadeg=1./Chisquadeg;%These zre the desired onecover chisguareddeg mumbers
Heznoneover chisgquadeg=mean(Jneoverchisgquadeg)

Edges=[0:5*ceil(sgrt( (TheoryVariance)) }];

Edgesl= [0:.01:.12]1;

%hist(Work(:, 4})

N=histec(Chisguadeg,Edges) ;%¥histogram (pdf) of degoffreedom Chisguared

figure;

bar (Edges, N, "histc');

title (sprintf('Chi-squared Plot for %d Degrees of Freedom and %d Samples', Degoffreedom,
Hosamples) )

print(gef, '-dpng', sprintf ('Chi-sgquared.png'}) ;

figure;

plot (Oneoverchisguadeg)

HM=histec(Oneovrerchisgquadeg, Edgesl) ;

title (sprintf('lme Over Chi-sgquared Plot for %d Degrees of Freedom and %d Szamples’',Degoffreedom,
Hosamples) )

print(gef, '-dpng', sprintf ("One Ower Chi-sgquared.png'));

figure;

bar (Edgesl, M, "histc');

title (sprintf('{ne Over Chi-sguared Histogram for %d Degrees of Freedom and %d
Samples', Degoffreedom, MNosamples) )

print(gef, '-dpng', sprintf ('Histogram One Ower Chi-sguared.png']);
Sortoneover=sort (Oneoverchisguadeqg) ;

feliminate largest xx% of ocneover chisguered mumbers to mske distribution
fmstch epproximstion for mesn

Sortoneoverout=Sortoneover (1:£ix(0.81*si=e (Sortoneocwer) ));

&Me anone ove r=mean ( Sortoneove rout)

&Mesnoneoversortworkdout=mean | Sortwork4out)

RPepoulis approximetion; Should be "nesr™ Monte Cerlo mesn
TheoryMeanoneover=1/Theorymean+( ( 1/ Theorymean) ~3 ) *Theoryeriance

close =11

Figure 14 MATLAB Program for Monte Carlo Simulation s
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Chi-squared Plot for 5 Degrees of Freedom and 10000 Samples
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Figure 15 Chi-Squared Plot for 5 Degrees of Freedomnd 10000 Samples

One Ower Chi-squared Plot for 5 Degrees of Freedom and 10000 Samples
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Figure 16 One Over Chi-Squared Plot for 5 Degreed é-reedom and 10000 Samples
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One Over Chi-squared Histogram for 5 Degrees of Freedom and 10000 Samples
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Figure 17 One Over Chi-Squared Histogram for 5 Degres of Freedom and 10000
Samples

The approximation can be shown to be quite goaablel'5 below shows some

comparisons.

Table 5 Approximation Comparisons

Standard Deg. Of Number of Theoretical Actual Mean
Deviation Freedom Samples Mean

5 3 10000 .0222 .0425
5 3 10000 .0222 .0363
5 4 10000 .0150 .0201
5 4 10000 .0150 .0198
5 5 10000 .0112 .0139
5 5 10000 .0112 .0135
10 3 10000 .0133 .0140
10 3 10000 .0133 .0139
10 4 10000 .0075 .0078
10 4 10000 .0075 .0078
10 5 10000 .0048 .0050
10 5 10000 .0048 .0050
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The mean yiof the MN degree of freedom Chi-square randomié fiand the

: . " % :
variance is 2MN*. Therefore - — — I — el ; & Returning

to (171):

I 2
pg_n L 2 (174)
! MN M “N

Note again notationally thaf is the variance of the slopéh,)'. This has also been
referred to astjzj (0) . Forlarge M and/or N, (174) is consistent, imna-dimensional

sense, with (113) and (130).

&  $(# # > : #

We generalize the above case, now consideringlatedetemporal noise. In this
discussion there could be correlated noise betweewifferent AP’s and/or correlated
noise among successive samples from the same AkhisApoint, we will consider the
case of correlated noise amongst the differentfAPmstantaneous fix case as originally
discussed by Equation (115) in Section II.

The least square solution, not solving for the beas), and employing optimality

based on a white noise algorithm is as in (99):

S T 1T
X [H'H] Hz (99)

From (100):
v T 19T
X [H'H] "H'n (100)

Resorting to the one dimensional simplification:
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1 (175)

Treating the RSS slopes and the noise as statigtieatities and assuming their

independence:
0 - 0 B}
* * *
M % 12 ¥ 1 ¥

= = . 2,E#\$2 E/ hx'h*kz,E#m,.nKSE
i1 * M * ilki1 * M *
x  hotoow x  hotoow
* i X * i X

. . (176)

We shall assume the correlated noise to be a zeam istationary Gaussian

process with auto-correlation function:

Ehnd R Ak if a7
Substituting (177) into (176):
0 0 x
* VIR VIR h, ! h, S
k2§ Rm(O)E/ 2 Bk Rk
1 * iltki1 * M 2 T
* hx i % * h)< ! *
i1 + * : *
+ (178)
Setting] K 1 and reversing the order of summation in (82):
0 - 0 ;
* *
* M 1M i z,ls hx hX :
et %8 R,OF——, 2 ‘z,mu
1 * i1j1 * M 1
* hx P % * h)< : *
il + * 1 (179)
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The first term in (179) has been previously evadan (174) asz—”2 where
M I

* 2is the variance of the slope and is the variance of the RSS slope. It represémts t

variance of the one dimensional position errordiolly white noise.

The second term involves the expectation of a gabbf random variables. In
general, the mean of the quotient is not the qobtéthe means; however, for relatively
centrally located distributions which would be ttase for M large, we can make the
approximation that the mean of the quotient isgghetient of the means and rewrite

(182) as:

MlMiE#hxilh 1$

X joi

21 4
i1j1 M

eft %29

2" ? .
Ml 2 2 Rnn ‘J‘
(180)

The term E#hx ‘ht $in the numerator of (180) is identified as thecttite

X g
form of the auto correlation of the RSS map slopésch we denote aR , |j| . The

specific form of the autocorrelations of RSS n@red RSS map slopes are chosen here
primarily based on analytic convenience and elegasdirst order Markovian
processes. Thus we represent the autocorrelatitie &SS slopes as:

Jd
Ch

Rni e

In (181),cy is the correlation distance, such that statidti¢che correlation of the

(181)

slopes of the two maps% of their peak correlation. In (181), d represesuisie

uniform spacing increment necessary for dimensiooasistency. Similarly, as
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discussed at the beginning of this section we aadit with correlated noise amongst
the M AP’s for the instantaneous position fixingea Similarly to (181), we write:

jd
Cn

2

Rnnj 'ne

where @ is an effective noise correlation distance amotigsinstantaneous RSS noise

(182)

samples. Substituting (181) and (182) in (180):

: jd id
_ 21 2 2 M 1M j Ja aad
E# X2$ I\/Irnz M2 4 el n2e - (183)
jl1i1
Simplifying (183) further:
jd(cn ¢h)
e 22 2 M
2 n CnCh
E#X$ M’ 2 M2 2 M Je (184)
j1

It can be useful from (184) to define an effectveerelation distance representing

the combined effect of signal slope and noise soiah

1 1 1

— — — (185)
Ceff C Ch

nf

Using (185) to rewrite (184) and taking the squar# so as to represent the

standard deviation of the error:

' M (186)
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As the least squares algorithm is “tuned” for winitése, the second term
represents the error increase due to correlatesg noi

We may obtain some further simplification by sejtin
d
x e

Then examining the summation in (186):

" where X) 1

M 1 .
M jx (187)
i1
Expanding (187) into two infinite series which whkve closed forms:
M 1 : :

M jx M jx M jXx (188)

i1 i1 iM

Expanding (188) we obtain:

M 1 : : :
M jx Mx jx! i x " (189)
i1 j1 j 1 0
where in proceeding from (188) to (189) we subsidd | M
M 1 ) : . : . )
M jxX M X xox™ X (190)
i1 j1 j1 0
All the summations in (190) have closed form solos:
M 1
. X X X
M jx M > X' ———  (191)
i1 X1 x1 x 1
From (191) we can simplify further:
M1 ., xM1 x 1 X"
M jx - (192)
i1 X 1
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With (192) simplified, it is now appropriate to stibute it into the equation

(186), giving us:

\/E#ﬂ«/é,” 1 2xM1 x 1 X

%

M M2 x 1°
(193)
The fraction within the brackets can then be sifiggliresulting in:
= " M1 x* 2x1 X" %
JEE%S 2 o
M1 x (194)
Plot of Equation (116)
1.1 : : :
—— Effective Correlation Distance of 2
15 —— Effective Correlation Distance of 10|
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Figure 18 Plot of Simplified One Dimensional Fix Eror

In the Figure above, which is a plot of Equatiof4}l the simplified one
dimensional fix error, the expected near one ogaare root of M performance is noted
for all effective correlation distances. As thealthm is “tuned” in a least squares sense
for white noise, the error is less for those eftectorrelation distances that are closest to
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white noise, that is for the smaller effective retation distances. Realistically, the first
order Gaussian Markov assumption for the spati@ Bi&dient power distribution has
not been established. Therefore the above figus®hly heuristic value. In particular,
the additional assumption that the power in thpestoof the RSS is independent of the

correlation distance appears unlikely for smaltelation distances.

3 1 #H( # #

Another insight that may be gained from a stochastidel representation is the
investigation of linearity assumptions. The depetents of the FOM above, as well as
some fingerprinting fix algorithms use Taylor serimear expansions about the coarse
position. In instances where the RSS power stilstorrelation lengths are small when
compared to the coarse position’s uncertaintypasbdetection ambiguity resolution
routine, is required to reduce the apriori positmeertainty. Divergence may occur
when the sign of the derivative of the mapped gtiaat the indicated coarse position is
different from that at the true position. If orpresents the RSS power map statistically
with a stationary isotropic autocorrelation funati®&( ), where is the horizontal radial
separation, then the probability that the sigrhefderivative of the mapped RSS power

at the coarse indicated position is different tthaat at the true position can be shown to

o B | R’ 0 (195)
: Rff(o)

where 8 is the coarse position error aRY0) represents thé'rderivative of the auto

be:

correlation function of the spatial derivative b€tRSS power evaluated at the origin.
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The choice of a correct autocorrelation functiod @s parameters is very
specific to the application and this analysis ismeeful only for broad analytical
guidelines. One autocorrelation function that esn utilized for
fingerprinting/correlation navigation studies ig tBaussian autocorrelation function

such that:

R(8) ' .e Ve (196)

P

In (196), R(8) is the isotropic autocorrelation function of theRSower as a

function of the separation between points anddefsed as the correlation distancg?

is the variance of the RSS power, assumed stajidoaa given map. In (195), we
require the autocorrelation function of the deiiv@bf the RSS power. The relationship

between the autocorrelation function of a functol its derivative is given by:

d 2
R (.(8) ’ra R(&) whereR,.,.(8)is the autocorrelation function of the

derivative of the RSS power.

Evaluation of the derivatives:

drR(8) 2" o

d&g c?

2 12 g2 2

a°R(8) 2. 4 o1 28 (197)
d8? c? c?

d°R(8) 2'pe% 68 48°
d&g® c? c? c*

4 2 2 g 4
d*R(8) pe@ 6 248 88

(198)
dg* c? c? c’ c®

95



Now we can evaluate (195) by substituting (197) @re8)

p, 2 S o787

div 2

c c (199)

It should be noted that the theoretical derivatb(iL99) is based on the

assumption that for smalg there is a negligible probability of more than @eeo
crossing of the derivative of the spatial powehisTeffectively insures& <<c. From

(199) we see that the probability of a changegn & the derivative, which would lead a
linear solution to approach in the wrong directidepends only on the ratio of the
uncertainty in the coarse estimate of positi@, and the correlation distance of the
RSS power, c. Equation (199) applies to only oRes@rvey map. Although no definite
rules or empirical evidence exists, it appearsaealsle to ensure a probability of 90%
that most of the M AP’s being used in the solutiomot have a divergent condition.

For example, if there are 5 AP’s being used insthlation then one would desire the

probability of no more than 2 to have a diverganmtdition be less than 0.1. This, as a

J

numerical example, witt6  0.78 f

, can be calculated using binomial probabilities,

5 i

5 .
8 ) 0.1

prob  .C, 0788 1 0787
i3 C C

7

c

For

0.2, one obtains a probability of 003 which is less than 0.1.

Although, analysis of correlation lengths of Wikjrgatures in general, have not been
documented, it is clear the linearity assumptiona fix solution must be employed

judiciously.
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Similar considerations may be shown when considehe validity of the linear

dz 8

8 .
d&é

expansionZz 8 ;8 z 8

It may be shown that the mean squared error gstdrder expansion can be

expressed as:

0 dz 8 “x 84
E/lz 8 8 z8 —2% Rg‘)oi
x d8 5 2

(200)
The magnitude of the error in the expansion, frajndtion (200), depends on the
power in the second derivative and the magnitud&of If the Gaussian autocorrelation

function were to be used again this would be etVas:

4

8
c

84 6/ 84

R;;) 0 > — l.84 6’ g

Again the ratio of coarse position uncertainty dorelation distance is key to any

linearity assumptions.
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3.3 Mobile Platform Considerations

The analytical output from PASSION is the useriglihvalue assets and/or
personnel) positions relative to the own ship’erefice point (OSRP) expressed in
ship’s coordinates. For example, a vector desoriguch as x meters forward of the
OSRP, y meters starboard of the OSRP, and z mettrey the OSRP would uniquely
describe the user’s position in ship coordinateshéange in terminology to more
familiar ship’s jargon such as frame numbers, deckls and or compartment/cabin
references can then be easily accomplished wikipéssanterior mapping tool. As
previously discussed and as depicted in Figurbesatxiliary sensors which augment
the WiFi are GPS and MEMS inertial sensors. GR&hgfrovides a position referenced
to an antenna in an Earth Centered Earth Fixed BrC&ordinate frame. The MEMS
inertial sensors respond to angular rates andrleeazelerations relative to an inertial
frame of reference. Therefore, in order to utilize auxiliary sensors within the context
of a ship’s coordinate frame solution, we needddress the appropriate coordinate

conversions for a translating and rotating ship.

5 8 #

The three coordinate frames associated with a gahip, can be defined as
follows:

ECEF coordinate frame (E-frame)This is Earth-Centered, Earth-Fixed (ECEF)

coordinate frame. Conventionally, the X directmmnts from the center of the

Earth through the 0 latitude, 0 longitude poing thdirection points from the

center of the Earth through the O latitude, 90 degiEast longitude point; and the

Z direction points toward the North pole from tlemter of the Earth.
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Ship navigation coordinate frame (N-frameYhis local coordinate frame is
centered at the location of the Own Ship Referéaat (OSRP, often taken as
the location of ship’s primary inertial navigatispstem), and moves with the
ship’s translational motion. Several differeniaagements of axis orientations
are possible (e.g., North-East-Down, North-Eastfhst-North-Up). In this
project, we will adopt a right-handed North-Eastadoorientation: the X
direction points North; the Y direction points Eastd the Z direction points
Down.
Ship-body-fixed local coordinate frame (S-framé)his coordinate frame shares
the same origin as ship navigation coordinates @séhd moves with the
ship’s rotations (or attitude) as well as its ttatisnal displacements. A typical
orientation of its three axes is: the X directiowards the bow of the ship
(longitudinal direction), the Y direction corresptsnto starboard, and the Z
direction corresponds to down relative to the tepkdsurface or to the deck-to-
keel direction of the ship.
The conversion of GPS ECEF position solutions ¢oltical coordinate frame can be
carried out using two-step conversions, ECEF tagadion coordinates and then
navigation to local coordinates, and can be wriéen

O O 1S
S ECEF ECEF S
PU OSRP T%\IT%CEF (PU PShipsAm) I

where (see Figure 19),

|5:S osap User position in local S-frame

|5’UECEF User position in ECEF frame

Ssi%i?m Ship’s antenna position in ECEF frame
|Us

Position vector from ship’s antenna to OSRP (leven)
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T7 Conversion matrix from N-frame to S-frame-
N

TN/ Conversion matrix from E-frame to N-frame-
ECEF

Ship’s ant

Figure 19 Lever Arm Geometry

The OSRP position and ship’s attitude values vartha ship moves and they
should be available from ship’s navigation systerthe user for indoor navigation.

The conversion matrix,

N is a function of the latitude (L) and longitudeojL
/ECEF

of OSRP (May 2005):

sinL O cosL cosLo sinLo O

T 0 1 0 sinLo cosLo O

'\%ECEF .
cosL O sinL 0 0 1
sinLcosLo sinLsinLo cosL
sinLo cosLo 0

cosLcosLo cosLsinLo  sinL
and T§/ is a function of ship’s attitude angles (May 2005)
N
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1 0 O cosP 0O sinP cosH sinH O

TS/ O cosR sinR 0 1 0 sinH cosH O
N

0 sinR cosR sinP 0 cosp 0 0o 1

cosPcosH cosPsinH sinP
sinRsinPcosH cosRksinH sinRsinPsinH cosRkRcosH sinRcosP
cosRsinPcosH sinRsinH cosRsinPsinH sinRcosH cosRcosP

% # $

Further complications arise, when inertial sensoesemployed for an outdoor-
indoor navigation system on a moving platform. rtiaé sensors inherently measure the
angular rate and acceleration with respect toialespace. Therefore, for navigation in
the ship’s frame, the motion of the ship (more @&y, ship-fixed local frame) with
respect to inertial space should be compensatedtfie absolute motion sensed by the
inertial sensors.

Additional coordinate frame needs to be definefbtmulate IMU measurements. In
this research, it is assumed that the inertialaemssembly is firmly attached to the high
value asset (the user) and that the IMU sensordsgeoordinate frame is the same as
the user’s body coordinate frame, which is defiagdollows:

User’s body coordinate frame (B-frameJhis coordinate frame is attached
to the high value asset (the user) and centeri dbcation of user’s inertial
sensor assembly. This frame moves with user'skational and angular
displacements. The X direction is the forward mgwiirection of the user,
the Y direction corresponds to the right-hand sifihe user, and the Z
direction is perpendicular to the floor. Note ttieg Z direction of B-frame is
the same as that of S-frame (deck-to-keel).

Then, the total angular rate sensed by IMU in tHeaBhe, indicated by super-script

‘B’, can be written as (May 2005):
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B B B B 5

©iB =

where,
22 Angular rate sensed by MEMS gyro, or angular o&tg-frame

with respect inertial space

22 Angular rate of E-frame with respect to inertipase (Earth

rotation rate)

88 Angular rate of ship N-frame with respect to Erfiea(ship

transport rate)

.9,35 Angular rate of S-frame with respect to ship Nifea
$8  Angular rate of B-frame with respect to S-frame

The Earth rotation rate, which is about 15 deg#gngegligible compared to the
low-cost MEMS gyro error (~1800 deg/hr). The singmsport rate, which is mostly less
than 1 deg/hr (=~60 knots), is also negligible.

The typical attitude rates of navy ships are showhable 6 for both large and
small ships and in benign and harsh dynamics cdsaslarge ships in benign dynamics,
the attitude rate of the ship will be negligiblerqmared to the low-cost MEMS gyro
error. Thus, in this case, no compensation isewadd the raw IMU measurements can
be taken as angular rates of B-frame with respeStframe. For small ships or for large
ships in harsh dynamics, the IMU measurements dhmicompensated by the ship’s

attitude rates, which are available from the shiggigation system.

Roll Rate Pitch Rate Azimuth Rate

Platform —1Dynamics | o ysec)y  |(degisec)  [(degisec)

Large Benign 0.2 0.3 0.1
Harsh 2.0 1.4 0.4
Small Benign 0.4 0.6 0.2
Harsh 4.0 2.1 1.0

Table 6 Typical Attitude Rates of Navy Ships

102



As discussed in Section 4.2, low-cost MEMS IMU ggemsors can not be used
to provide adequate heading information but cauntiized to detect changes in heading.
Such an application is possible because the mezdtaon of MEMS gyro as a heading
change detector does not require instantaneousniggatormation.

The heading change or delta heading for indoorgadiin can be obtained using

the following equation:

deltaHeadng .’958 z t
8o 5 5 4

He T%g,ﬂs z t

iB

28 t T, 2N
iB,Z % NS

N>
—

B
?iB,Z t

T%.g,'js 7t

where,

Z Unit vector in the direction of deck-to-keel, whicorresponds to the Z
direction of S-frame and B-frame

22 Angular rate sensed by MEMS IMU in Z-axis of Brfra

*iB,Z

T. Conversion matrix from N-frame to S-frame-

N

.9,5‘3 Ship’s attitude rate vector provided by ship’sigation system

t Indoor navigation filter update time interval

Note that the relationshipTEy gﬂs z T% §,’js Z in the last step of the above
N N

equation can be realized because the Z directigrvector of S-frame and B-frame,

represented by , is identical corresponding to the deck-to-keetction.

(# 1/ # 1) (

The translational dynamics equation can be write(May 2005):
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B

] 8 3
v T%fB T%g'“ @. 2@ v° TsjE@.EE@.EERF

where,
Vv, User acceleration with respect to the Earth ina&é

vV, User velocity with respect to the Earth in S-frame
P  User position in E-frame

f®  Specific force measured by user in V-frame

g Gravity vector at user position in N-frame

T7 Conversion matrix from B-frame to S-frame

T§/ Conversion matrix from N-frame to S-frame
N

T? Conversion matrix from E-frame to S-frame
E

@; Skew-matrix for rotation of k-frame with respestjframe in m-frame

coordinates

Compared to the MEMS accelerometer sensor errérs@=0.06 m/s"2), the
Coriolis (the third term) and centripetal accelema(the fourth term) terms are
negligible. Then, the relative acceleration ofrugigh respect to OSRP can be obtained

by subtracting the acceleration of OSRP from acagtn sensed by user's MEMS IMU:

Bs 3 By,

VU OSRP VLJS T%VOSRP
8 8
T% fB TS/N g" TS/N \VAVERR
3 8v 8

T%f ® T% 9 Vosre

where,

fe Specific force sensed by MEMS accelerometers

N Gravity vector in N-frame 0 0 g,

Q|
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\?QSRP OSRP acceleration with respect to the Earth imaaé provided by

Ship’s navigation system

As discussed in Section 4.2, low-cost MEMS acceteter sensors are utilized
as a horizontal (where horizontal refers to theship coordinate plane) speed change
detector for the indoor navigation architecturepmsed in this research. The horizontal

speed change or horizontal delta speed can beneltasing the following equation:

o} ~2 3 ~ 2
deltaSpeed, ;o \/VuS osre X Voosee Yt

8 8, 8 L2 8 8, 8 N
\/ Ts/fB TS/ " Viere X T, % T, gV V) ¥ t
B N

8, 8 .2 8 8, 8 .2
Jrm b Pt ey
N N

where,

X Unit vector in the ship’s longitudinal direction

y Unit vector in the ship’s starboard direction
f¢  Specific force in X direction of B-frame

f°>  Specific force in Y direction of B-frame

t Indoor navigation filter update time interval

Note that the last step of the above equation earedlized because the roll and

pitch angles for'l'y are zeros. The last form of the above equatidicates that the
B

horizontal delta speed is obtained by compensé#tirey gravity and OSRP acceleration,

which are provided by ship’s navigation system tbgewith the ship’s attitude angles

for T? , from raw MEMS accelerometer measurements.
N
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Chapter 4. Prototype Design

4.1 Architecture

The system architecture of the Multi-sensor Bayebigerior Positioning
developed for this research is shown in Figure Pi@e architecture consists of three
sensor sets (WiFi receiver, MEMS inertial sensansl GPS receiver); two apriori maps
(RSS reference map and ship’s interior map), arektprocessors (Extended Kalman
filter, Particle Filter and RSS Fingerprinting Pregessor).

The primary positioning source for the interior tioging is WiFi RSS. An
extensive WiFi capability has been or will be itishon most major Navy combatants.
The fact that this capability is already preserith@ut incurring additional infrastructure
costs, was a principle consideration in choosin§i\&s the primary interior positioning
building block. The WiFi RSS measurements aregssed using RSS fingerprinting
method with respect to the RSS reference maptoda coarse positioning information
to the Particle Filter.

Inertial measurements from MEMS sensors are emglayaugment the WiFi
RSS positioning. The error characteristics of MEM&tial and RSS positioning are
well separable in the frequency domain; MEMS iaeirrors are primarily low-
frequency while RSS position errors are mostly Hrglgquency. These two positioning
sources are integrated in a complementary fashidims architecture to enhance
positioning performance. Due to the constraintsast, weight, size and power
consumption, only the inertial sensors that aretas very low cost Micro-Electro-

Mechanical Systems (MEMS) technology are considerékis research.
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GPS has proved itself as the ubiquitous, low cessaer of choice for outdoor
applications, but extending GPS capabilities toitberior has not been established
without substantial additional infrastructure. the architecture GPS is utilized to
initialize Particle Filter when traversing from exibr to interior as well as to provide a
continuous outdoor indoor navigation capability.

Sensor data processing is distributed betweencRaRiltering and auxiliary
sensor filtering for more efficient computationahding.

The auxiliary sensor filter is implemented as ateBged Kalman Filter (EKF).
This filter utilizes non-holonomic constraints @ra velocity update (ZUPT) to estimate
and compensate MEMS sensor bias errors. Conver§iGRS position into a proper
local coordinate frame and compensation of moviagigerm for MEMS inertial
measurements are also performed during this figefsee Section 3.3). Then, delta
speed and delta heading in the platform-fixed lomtial plane are computed and passed
into Particle Filter to be fused with other posiiizg information.

In general, Particle filtering inherently offergXible integration of diverse
measurement types while accommodating non-linearénd non-Gaussian error
statistics. In the interior positioning architegtuParticle Filtering performs sensor
fusion of RSS positioning information, pre-filteradxiliary sensor data (delta speed and
delta heading) and the ship’s interior map to yeefthal user position. Variable
structure multimode modality of the Particle Filieemployed to accommodate diverse

user dynamics including personnel and high valsetas
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Figure 20 System Architecture of Multi-Sensor Baysian Interior Positioning

4.2 MEMS Sensors

The primary indoor positioning source used in thisearch, as discussed earlier,
is WiFi RSS measurement. The performance of WaSiell indoor positioning could be
enhanced by incorporating inertial sensors, whralvide complementary error
characteristics to WiFi positioning errors. Dudlte constraints on the cost, weight, size
and power consumption, only inertial sensors thabased on low cost Micro-Electro-
Mechanical Systems (MEMS) technology are considerekis research.

In the following sub-sections, the MEMS IMU senstivat have been selected
for this research are described and three diffésmfiniques of utilizing MEMS IMU for
indoor navigation are examined through analysissaimdilation. In addition, the

approach to the on-site calibration and levellihyl&MS IMU sensors is considered.
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The MEMS inertial sensors evaluated in this redesrthe Crista Sensor Head
manufactured by Cloud Cap Technology (Cloudcap fieldyy 2009). The MEMS
IMU Sensor Head, as shown in Figure 21, is a vewglisthree-axis inertial sensor
package targeted for direct integration into erel @application circuits. The sensor head
consists of three single-axis rate sensors, Anagces ADXRS300, and two dual-axis
accelerometer, Analog Devices ADXL210 (see alsafeé@?2). The IMU sensors have

been calibrated in terms of temperature and theection data are stored in the
EEPROM The specifications of the MEMS IMU sensors areetisn Table 7

(Cloudcap Technology 2009) (Niu, Nassar and El48ge&2007). Note that the

specifications are after calibration.

Figure 21 Cloud Cap Crista IMU Sensor Head
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P2.1 - TEMP X 1 «—— Die Temp (3)—————
P2.2 - TEMP Y + I
_— ] MUX X Axiz Sensor Board
P2.3 - TEMP £ +
P3.1 - TEST 4.096 - B Ya _ 2 Mxis Accel
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MUX A1 Y Axis Sensor Boand
P1.1-6.5VIN 16 bit A Aol
P1.2 - GND SPI) .EE?: :: 7 ot : aDxi210 |+
P1.3-GND P Yr Y-G:yrol
P1.4-*CS1 Calibration [~ LFF ADXRS300
EEPROM
P1.5 - SCLK
P1.6 - *CS0
P1.7 - MOSI < LPF e Agi%gguﬂ =
P1.8 - MISO b
Test (1)
I WU Sensor Head
Figure 22 Crista IMU Sensor Head ICD
Gyros Accelerometers
(ADXRS300) (ADXL210)
Range +300 %/sec +10g
Bias 1800 °/hr 6 mg
Bias Instability 36°/hr 0.2 mg
Bias Instability Time Constant 100 sec 100 sec
Random Walk 3 %hr 0.132 m/s/hr
Scale Factor Error 0.1% 0.1 %
Axis-Misalignment 12 arcmin 12 arcmin
Bandwidth Up to 100Hz Up to 100Hz
Power 55-8.5V, 30ma @ 6.5 Volts
Weight 0.5 0z (14 gram)
Size 1.10"x 1.15” x 0.59”
Temperature Range -40Cto 80 C

Table 7 Specifications of the Analog Device MEMS &eors Used in Cloud Cap
Crista IMU Sensor Head (after calibration)
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The conventional way of employing inertial sendorshavigation is to process
IMU measurements (angular rates and acceleratwoligh a set of mechanization
equations to compute navigation solutions inclugiagition, velocity and attitude. Such
a system is referred to as an Inertial Navigatigst&n (INS). Although significant
progress has been made in MEMS, for the very lost @pplications envisioned herein
the conventional employment as an INS yields unatebde position, velocity, and
attitude accumulated errors (Lachapelle, GodhaGarthon 2006). The limitation of
using MEMS IMU as INS has been investigated quainigly through simulation and its

method and results are presented in this section.

IMU Sensor
Error Model
Parameters

Y

\ 4 A 4

Initialize Transition Initialize INS Error
Matrix State

A Propagate Error X
Scenario Update INS Error o [INS State
Trajectory Transition Matrix X, AX., W
ILW

Figure 23 Block Diagram for IMU Error Propagation Simulation

Inertial Pos,
Vel & Att
Errors

\4

111



Scale Factor

Misalignment

|

\\ Orthog. Transfor. Ang. Rate
Ang. Rate

4

Bias

>

GWN f l : Markov f \ Gyro Error
-1/=F d

GWN

(Angle Random

Figure 24 Gyro Error Model Block Diagram

Scale Factor

Acceleration

GWN Markov :/ \ Accelerometer Error

—\/
-1/=E g
GWN
Bias (Velocity Random Walk)

Figure 25 Accelerometer Error Model Block Diagram

The inertial error states are defined in Table @ dynamic error model is

presented in Equation 201 for horizontal compone@isriolis dynamic terms are
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neglected compared with the MEMS-quality IMU errargl horizontal components are

weakly coupled with vertical components in low-dgma situations.

Horizontal Inertial Error State Assignment

State No. |Description Units{Symbol
Latitude and Longitude

1,2 Errors rad |dL, dI

3,4 North/East Velocity Erroi [m/s [dVN, dVE

56,7 North/East Tilt &Azimuth rad N, fE, fC
Errors
IAccelerometer biases in

3,9 Navigation Frame (Randojm/s2|BAN, BAE
\Walk)
Gyro biases in Navigation BGN, BGE

10,11,12 Frame (Random Walk) rad/s BGD

Table 8 Horizontal Inertial Error State Assignment

/'I— EI'VN
1 v
RcosL’ ©
AN QOQ BAN
Ve GG By (201)
1
q\l gf'VE BGN
1
Q E’.VN BGE
tanL
G R Ve BGD

The contribution of individual error componentsMEMS IMU sensor to free-
inertial position error has been evaluated usingtdcarlo Trials with the MEMS IMU
error model and error parameters as described abdweresults are shown in Table 9
and the implication of the results is summarizeldwe

1. The pos/vel error growths for a short-term suct@second are dominated by
the gyro bias and, secondarily, the acceleromeast b
2. The contribution of the sensor frame axis-misaligntrerror is also noticeable.
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3. The angular random walk and the velocity randonkwalors will become

dominating factors for long-term performance.

Gyros Error Accelerometer Error
Contribution (m) Contribution (m)
Bias 15.72 6.85
Bias Instability 0.03 0.01
Random Walk 0.17 0.32
Scale Factor Error 0.00 0.00
Axis-Misalignment 3.24

Table 9 Contribution of Individual Component of MEMS Sensor Errors To Pure
Inertial Performance after 10 seconds

Figure 26 shows a typical instance from the MordddCtrials for position,
velocity and azimuth error growth as for combinédcts of the error components listed
in Table 7. The sensor errors of low-cost MEMSseasevere drifts in the velocity and
azimuth angle and accordingly the position erroverge dramatically and exceed 10
meters after about 10 seconds. Therefore, lowM&S IMU cannot maintain a

stable position solution for the accuracy requedr more than a few seconds.
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Figure 26 A Typical Output from IMU Error Simulati on
7T O #HH#! # ) #0$)

Another modality of employing low-quality MEMS sams for personal navigation
is generally called Pedestrian Dead-Reckoning (P@®yha, Lachapelle and Cannon
2006) (Mather, Groves and Carter 2006). In thigragch, the MEMS sensors are
typically mounted on user’s foot (Kim 2004) (Godhachapelle and Cannon 2006)
(Mather, Groves and Carter 2006). The primary odIRIEMS in this system is to detect
the occurrence of a step and to determine thetaireof motion. The accumulated
count of steps combined with an estimated of thgtleof the step can be propagated in
the direction of motion to provide dead-reckonimgifioning. There are several serious

shortcomings with this approach for our PASSIONeaysincluding:
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PASSION is required to operate for high value disjen a ship which
include materials and devices that have motionsaaatbmy incongruous
with pedestrian applications.

The determination of heading with the low cost fiasensors, even with the
employment of frequent zero velocity updates, g limited utility as the
ZUPTS do not directly provide observability on hegderrors and the
instability of the low cost sensors does not allm@ading estimation from
derived quantities. The utilization of low costgnatorestrictive sensors for
heading estimation, was tested, but was not relimbihe anticipated

environment.

7 #! $)

In this research, we propose an innovative approfiosing MEMS sensors for
pedestrian navigation and asset tracking. Theigleautilize MEMS to provide the
changes in direction and speed (or delta speedeltalheading) during the navigation
filter cycle (typically 1 sec). This approachetefore, will prevent the accumulated
sensor bias errors from being injected into naagdilter.

The block diagrams for simulation study of detegti@brupt changes in speed
and direction, corresponding to a user turningraemo or starting or stopping, are shown
in Figure 27 and Figure 28. The same INS erropagation model and error parameters
described in the previous section are used irsimsilation study. The simulation

results are shown in Figure 29, Figure 30 and Ei@r.
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Figure 27 Block Diagram for Detection of Onset oMotion Simulation
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Based on these simulations, it can be concludedtiset of motions associated
with accelerations of ~0.2 m/s”2 or larger couldibtected with a confidence level of
~99% and that changes in direction at intersastioan be detected with a similar high

confidence level.

# 0 18 %' ##

This low-quality IMU sensor can be used for estdbiig a vertical reference or
obtaining roll and pitch angles. A fusion/Kalmatef that combines the short term
angular rate accuracy of the gyros with the longitkevel stability of the accelerometers
was used to estimate roll and pitch angles. Nwetieading (angle in horizontal plane)
can not be determined from this approach becawesgrtvitational field vector provides
no observability in azimuth and gyrocompassingneplres are not practical. The roll
and pitch angles from this Kalman filter were usgdesolve the IMU measurements
into horizontal components and to obtain delta d@ewl delta direction in the horizontal
plane.

The results of the MEMS sensor augmentation argepted later in the section

on testing conducted at The George Washington Wsitye

4.3 Indoor GPS

% )

Indoor GPS tracking has been a challenge in the i@ for many years.
Longer integration times, strong/weak signal detiagpand multi-path
detection/rejection are required for a successfgusition and tracking of weak GPS
signals. Recently developed technologies suchwasatellite signals, assisted GPS, and

high sensitivity receivers are being assessedripravement in indoor navigation GPS
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performance. The difficulty with indoor GPS is thia¢ signal is so weak and obstructed,
that the receiver does not have the ability toatdtee C/A code. The high sensitivity
receivers of today consist of approximately 200,600elators that, in theory, improve
the detection of weak indoor signals. A GPSIim (&3%) SiRFStarlll Bluetooth high
sensitivity GPS receiver was used for trackinglaet George Washington University
(GWU) test site and Penn State University ARL Natign R & D Center in

Warminster. It was concluded from this investigatstudy that indoor reception is
unreliable and at best only marginally trackablele can be achieved when using a
stand-alone high sensitive GPS receiver.

The most widely used new GPS technology affectiegconsumer market today
is the use of SiRFStarlll chipsets in GPS receivEng SiRFStarlll chipset is a high
sensitivity microcontroller that consists of approately 200,000 correlators and is
advertised to have the ability to track satelliggals with power levels of -190 dbW.
The 3 key advantages of the SiRFStarlll chipsetaster fix times, high sensitivity for
better locking of satellite signals in tough arles indoors or in urban canyons of
skyscrapers, and low power drain for longer batiiézy

When a GPS receiver is turned on, it first needtetermine where it is before it
can start tracking. This process of finding anduarag satellites can take close to 1
minute on a standard GPS receiver. With a highitba@hsreceiver used in conjunction
with AGPS, the fix on a user’s position can be a@glin as little as 1 second, even with
a cold start.

High sensitivity GPS receivers use massively parathrrelators and digital
signal processing to search for GPS signals. Bygittiis, rapid first fix of the signals is

achieved outdoors.
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GPS signals attenuate significantly before reachsegs. Typical signal
strengths are in the order of -160 dbW which i@wethe noise floor. Signal integration
times of 1 ms allows the receiver to acquire aadkithese weak signals. High
sensitivity GPS receivers use integration timefQ fimes longer and acquire signals at -
185 dBW with tracking signals around -190 dBW.

High sensitivity GPS receivers, however, can novjale positioning in all
indoor locations. Signals are not able to penettaduilding materials or they get
reflected in multi-path. The SirfStarlll chipsetessa nominal 62mW of power during
continuous operation. This gives manufacturersathiity to put such a low power
consuming chipset in devices such as cell phongsiastically reduce the price of
commercial GPS receivers.

To acquire a signal, a receiver must update iteeotialmanac and ephemeris
data first; then it needs to generate a replidch@known course acquisition (C/A) code
and attempt to align it with the incoming code. iDgrsignal acquisition, the receiver
uses an autocorrelation function to compare agsbirbits received from four or more
satellites with corresponding, internally generatgalica strings. For a receiver to detect
a weak signal in the presence of strong signatsatitocorrelation peak of the weak
signal must be stronger than the cross-correlgtgaks from the strong signals. In an
indoor environment, the presence of one strongasicgn stop the receiver from trying
to acquire and navigate using the weak signals.

A major program in GPS navigation is signal mutifp Multi-path is most
common in urban environments where the signal haghaprobability of reflecting off

of buildings and weakening the signal strengthsHituation is much worse indoors.
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When the reflection exceeds the direct signal igagd-To-Noise Ratio (SNR) will
become very low.

% 8 !5 -)8#% #

The GPS satellites have been placed in orbitsdardo ensure that between four
and twelve satellites are always visible to a asgmvhere and anytime. However, as the
user starts to get close to a building, half ofskge becomes obstructed decreasing the

number of satellites in view approximately by half.

EGA gpslim_dryrun_1
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Figure 32 Typical Behavior of GPS Signal, Indoors
Figure 32 shows the aforementioned typical behadithe GPS signal once the

user moves indoors. The receiver begins to trad @osatellites outdoors, but once the

transition is made into indoors, the number oflg&s reduce to about 3-4.
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The test setup was taken along the trajectory showigure 33. The test runs
did not begin until the GPSIim acquired enoughlbtee to be able to navigate outdoors.
The equipment was then moved indoors along thedi@jy. The time marks where the
number of satellites drops when the equipment wagehfrom location 1 to location 2,
indoors. From that point, we were able to pick g \Wireless-Fidelity (WiFi) signal
from the access points to be able to track indosirsg WiFi. At location 1, the WiFi
signal was too weak to use for navigation purpoes;s where GPS can be utilized

before the transition into indoor WiFi tracking avide versa.
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Figure 33 Trajectory of Test Setup

The purpose of using a GPS receiver during ous etshe GWU test site was to
determine how far into the building, if at all, @l sensitivity receiver can accurately
track, so that we can successfully transition fl6RS tracking to indoor WiFi auxiliary

sensor tracking.
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The commercial GPS receiver used in the testingtha&a&PSlim, which is a
high sensitivity receiver that consists of 200,80@elators and is advertised to have the
ability to track satellite signals with power leself -190 dbW. The C/A code signal L1
is designed to arrive at the ground at no less tb%8.5 dbW. The GPSIlim, in theory,
should be able to acquire a weak signal amonggsimgmals in an indoor environment.

As the GWU test site is a multilevel, concrete atel supported edifice, GPS
reception within this type of structure is virtyatiull. Figure 34 through Figure 42 show
the behavior of the GPSIim as it was taken aloegrdyectory in our Precise At-Sea
Ship System for Indoor Outdoor Navigation (PASSI@®sting at GWU. The tests
consisted of an outdoor acquisition to indoor thagho see how far inside of the
building the receiver could track the GPS signdil urloses its fix. The times where the
number of satellites drops, matches the time rezbvwehen we crossed point 2 in Figure

32. Point 2 is the entrance of the building.
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Figure 34 Reference Trajectory with Sharp Turns, Atempt 1

Figure 34 shows that the number of satellites mibtalrops to zero when

entering indoors. The drop from 4 to 3 satellitesld have been caused by the concrete

awning that we are under before entering the mgldi
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Figure 35 Reference Trajectory with Sharp Turns, Atempt 2
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The GPSIlim could not acquire a GPS signal in time tive took to begin walking

our trajectory, as shown in Figure 35. This times\@pproximately 2 minutes.
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Figure 36 Reference Trajectory with Sharp Turns, Atempt 3

The GPSIlim was able to acquire 3 satellites bef@estarted moving along the

trajectory indoors, as shown in Figure 36.
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Figure 37 Reference Trajectory with Smooth Turns, Aempt 1

Figure 37 shows that while moving indoors the GiRSikhibits the same
behavior as in Figure 34.
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Figure 38 Reference Trajectory with Fast Walking Sped, Attempt 1
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As shown in Figure 38, The GPSIlim receiver instalutes its satellites during
the transition indoors, but acquired 3 satelliigaia as we took our test equipment along
the trajectory and outside of the back exit oftthéding. This could be due to the fact

that we moved very quickly from point 2 to the basdit during this run.
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Figure 39 Extended Trajectory with Sharp Turns, Attempt 1

Figure 39 shows that while moving indoors the GiRSikhibits the same

behavior as in Figure 34 and Figure 37.
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Figure 40 Extended Reference Trajectory with SmootA urns, Attempt 1

The GPSIlim could not acquire a GPS signal in time tive took to begin walking

our trajectory, as shown in Figure 40. This time\@pproximately 2 minutes.
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Figure 41 Extended Reference Trajectory with SmootA urns, Attempt 2
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The GPSIlim, when taken along a different, extenidgdctory, was able to keep

track of the acquired satellites much better. Eseilts are shown in Figure 41. This

might be due to the fact that we did not go asniarthe building as the normal

trajectory
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Figure 42 Extended Reference Trajectory with Fast \lking Speed, Attempt 1

The GPSIlim was able to acquire 3 satellites wiai walking. The results are

shown in Figure 42.

(

/?) 5+ #

The GPS positions were converted to local coordsiahd FOM was obtained

from a GPSLim receiver. There were four walkingnsces: a sharp turn, two smooth

turns and fast walk.

GPSlim updates position solutions when the numbawraoked SVs is larger than

or equal to three. Otherwise, GPSIlim outputs tretipm values from previous position
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estimation. The GPS outputs for the sharp turn nahtrajectory are shown in Figure

43.
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Figure 43 GPS Positions X, Y, and Z

Figure 44 and Figure 45 show the horizontal GP&iBns compared with true

positions for the sharp turn.
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Figure 44 GPS Position Error
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Figure 45 True Positon vs. GPS Position

The GPS outputs for the first smooth nominal ttaygcare shown in Figure 46.
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Figure 46 GPS Positions X, Y, and Z

Figure 47 and Figure 48 shows the horizontal GR&#iBos compared with true

positions for the first smooth turn nominal tragegt
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GPS Position Eror and FOM
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Figure 48 True Position vs. GPS Position

The GPS outputs for the second smooth nominaktaye are shown in Figure

49.
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Figure 49 GPS Positions X, Y, and Z

Figure 50 and Figure 51 shows the horizontal GPs#iBos compared with true

positions for the second smooth turn nominal ttajgc

nd FOM
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xPos

The GPS outputs for the fast walk nominal trajectme shown in Figure 52.
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Figure 52 GPS Positions X, Y, and Z

Figure 53 and Figure 54 shows the horizontal GR&#iBos compared with true

positions for the fast walk nominal trajectory.
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The effects of the SNR while moving indoors carséen in Figure 55 through

Figure 57. These are results from the indoor GBtthtedone at the ARL Warminster

facility, using the GPSIlim. The tests consistedmbutdoor acquisition to indoor

tracking.
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Figure 55 Outdoor Acquisition

136



The Signal-to-Noise ratio is the comparison ofggtbever level of received signal
to the power spectral density of the backgroundendrhe power available for the C/A
code that the satellite transmits is approxima2@lyvatts, but the power collected from a
typical receiver on the earth’s surface is only@*iwatts. When there is too much
noise, then the SNR level is low. The optimal SNRGPS navigation is between 35 —

40 dB-Hz. This can be seen in Figure 55 duringéceiver’s outdoor acquisition.
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The degradation of the GPS signal can be seergurd-b6.
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Signal-to-noise Ratio

T T T
L R R .
LR A S V. LR + channel 1
! + LR L * channel 2
T +mmmme e e ]
Y YTy e} * + channel 3
* 0?‘000‘0000?0 ** :0 LE N J
FE e + EE R IEEE R RS * channel 4
PR e - + L T e
P e R aRREEE R R R sl R LT — * channel &
** - ] * LA B B N N
. ' ' ' channel b
w APDEEERS S ; +  channel 7
":I,j 20 gt oo in - el R e - * channel 8
o e ow *
= . . * ! +  tchannel 9
H hE H
T 1 + ! pee  sessey +  channel 10
i 18p+t-rewrrer--- D e e E L SR - - -
P L ' Y +  channel 11
+ o+ * ! Y !
. o+ ' ' . +  channel 12
{[1] SR S S -
t
L e L e e s L L L L LT PR PP —
0 i i i
0 a0 100 150

UTC TIME [secs]
Figure 57 Moving from Indoor to Outdoor

Once the receiver was moved indoors, its SNR beg#inctuate between 10 dB-

Hz and 25 dB-Hz; both are marginally trackable levas shown in Figure 57.

& I /) # 5 % :8

The most likely technology to provide better ind@#®S positioning will be the
addition of the new, higher power, satellite sigrtakt are still in development. These
new signals will be available in the next few yedise L2C and L5 signals will be
added where the later will be 6 dB stronger thaminal levels. Three Galileo signals
E1, E5, E6 will also be stronger by 5-8 dB. Witkglh new signals, indoor acquisition
and tracking will be much more feasible. The ne®S8&ignals that will be broadcasted
by the new Block IIR-M satellites will be more padeé and have better likelihood of
reception in indoor environments.

Assisted GPS (AGPS) consists of using an assist@reger that transmits up-to-

date satellite orbital data such as ephemeris gatallite clock corrections, and
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ionosphere corrections used to more rapidly acaatellites. This reduces the TTFF
down to less than 10 seconds, rather than the 8840 seconds. It can also be used for
remotely calculating a user’s position. In indoovieonments, the weak signal cannot
support all the satellite orbital information tacdde satellite data. This information is
thus alternately sent from the assistance sermndrifdhe receiver has a good cell
reception, then it can use the satellite data terdene its position. However,
unavailability of accurate local time results inamnbiguity in the code phase period of
1ms that must be resolved. Undetermined bit bouesiar the received signal and
uncertainty in the satellite transmission time lssia significant pseudo-range
measurement errors.

AGPS enables position fixing from the noisy segnéGPS data being
transmitted indoors and uses an assistance serdex @PS receiver at an
electromagnetically quiet site, with a clear viefilee sky, to transmit to it more
coherent data. This can provide accuracy withimé@ers even with a signal that has a
SNR of 15dB. The assistance data is sent overdlhplwone channel to assist the GPS
receiver within the receiving cell phone. In thiaywa receiver at a controlled site sends

valuable data to a roving receiver struggling veithuncontrolled environment.

3 (( #

Indoor GPS tracking has been a challenge in the @& for many years.
Recently developed technologies such as new satgifjnals, assisted GPS, and high
sensitivity receivers are being assessed for ingm&ant in indoor navigation GPS
performance. The difficulty with indoor GPS is thia¢ signal is so weak and obstructed,

that the receiver does not have the ability toatdtee C/A code. The high sensitivity
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receivers of today consist of approximately 200,600elators that should improve the
detection of weak indoor signals. A GPSIlim (GR-238FStar Il Bluetooth high
sensitivity GPS receiver was used for trackinglet George Washington University
(GWU) test site and Penn State University ARL Natimn R & D Center in

Warminster. It was concluded from this investigatstudy that indoor reception is
unreliable and at best only marginally trackablele can be achieved when using a
stand-alone high sensitive GPS receiver. It is askedged that under many, if not most,
indoor conditions direct reception of GPS signetsrf satellites will not be reliable.
Many different indoor GPS navigation methods atiedpdeveloped. These new methods
include more satellite signals at higher power wlifferent frequencies, assisted GPS
using the assistance of telecom towers for a féisterto first fix (TTFF), and the
development of high sensitivity GPS receivers Haate the ability to track weaker than
average signals. It is acknowledged that under mangt most, indoor conditions direct
reception of GPS signals from satellites will netrbliable. There are indirect GPS

reception methods, such as the utilization of G&ugolites.
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Chapter 5. Experiment and Analysis

5.1 George Washington University (GWU) Experiments

The George Washington University (GWU) Researchuildig at Ashburn, VA
(Figure 58) has been selected for indoor navigatigperiments because it provides an
excellent WiFi network which emulates the expedeg environments. The GWU
building provides some “ship like” topology (segiie 59 compared to Figure 60), and
the relatively large-scale and multiple-floor distition of APs (see Figure 61 and Table
10) in the building resembles the multiple-deckribsition of APs which is expected on

a navy ship

Figure 58 Research 1 Bldg, Ashburn, VA
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Figure 59 Inside of the GWU Building

>~

Figure 60 A IJDitur of Inside of a CVN
There were 40 physical WiFi access points (APs)agimg with the 802.11b

standard (2.5 GHz band) deployed inside of thadmglas shown Figure 61 and listed in
Table 10. The AP hardware used in the GWU builavag Cisco Aironet ALR-LAP
1131AG-A-K9. The transmitting power of all the ARas set to the maximum value of
100mW during the campaign. Note that for eacthefghysical APs, three Media

Access Control (MAC) addresses were assigned asrsimoTable 10.
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First Floor

Second Floor

Third Floor

Forth Floor

Figure 61 Distribution of APs at GWU
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Physical AP

Floor

Base MAC Address

Second MAC Address

Third MAC Address

00:1C:0E..40:9B:A0

00:1C:0E.40:9B:AL

00:1C:0E:40:9B:A2

00:1C:0E:40:95:E0

00:1C:0E:40:95:E1

00:1C:0E:40:95:E2

00:1C:0E:40:EF:00

00:1C:0E:40:EF:01

00:1C:0E:40:EF:02

00:1C:0E:40:F3:10

00:1C:0E:40:F3:11

00:1C:0E:40:F3:13

00:1C:0E:40:F0:00

00:1C:0E:40:F0:01

00:1C:0E:40:F0:03

00:1C:0E:40:CD:EO

00:1C:0E:40:CD:E1

00:1C:0E:40:CD:E2

00:1C:0E:40:B6:B0O

00:1C:0E:40:B6:B1

00:1C:0E:40:B6:B2

00:1C:0E:40:D4:80

00:1C:0E:40:D4:81

00:1C:0E:40:D4:82

00:1C:0E:40:A5:10

00:1C:0E:40:A5:11

00:1C:0E:40:A5:13

00:1C:0E:40:B0:B0O

00:1C:0E:40:B0:B1

00:1C:0E:40:B0:B2

00:1C:0E:40:4D:CO

00:1C:0E:40:4D:C1

00:1C:0E:40:4D:C3

00:1C:0E:40:9F:A0

00:1C:0E:40:9F:Al

00:1C:0E:40:9F:A4

00:1C:0E:40:F1:00

00:1C:0E:40:F1:01

00:1C:0E:40:F1:04

00:1C:0E:40:EC:FO

00:1C:0E:40:EC:F1

00:1C:0E:40:EC:F3

00:1C:0E:40:E9:50

00:1C:0E:40:E9:51

00:1C:0E:40:E9:52

00:1C:0E:40:F2:40

00:1C:0E:40:F2:41

00:1C:0E:40:F2:42

00:1C:0E:40:B5:10

00:1C:0E:40:B5:11

00:1C:0E:40:B5:12

00:1C:0E:40:B4:20

00:1C:0E:40:B4:21

00:1C:0E:40:B4:23

00:1C:0E:40:B5:F0

00:1C:0E:40:B5:F1

00:1C:0E:40:B5:F2

00:1C:0E:40:4E:DO

00:1C:0E:40:4E:D1

00:1C:0E:40:4E:D2

00:1C:0E:40:B3:DO

00:1C:0E:40:B3:D1

00:1C:0E:40:B3:D2

00:1C:0E:40:A6:30

00:1C:0E:40:A6:31

00:1C:0E:40:A6:32

00:1C:0E:40:B7:FO

00:1C:0E:40:B7:F1

00:1C:0E:40:B7:F3

00:1B:8F:89:8A:00

00:1B:8F:89:8A:01

00:1B:8F:89:8A:03

00:1C:0E:40:B9:40

00:1C:0E:40:B9:41

00:1C:0E:40:B9:43

00:1C:0E:40:8D:80

00:1C:0E:40:8D:81

00:1C:0E:40:8D:82

00:1B:8F:89:93:00

00:1B:8F:89:93:01

00:1B:8F:89:93:03

00:1C:0E:40:8A:70

00:1C:0E:40:8A:71

00:1C:0E:40:8A:72

00:1C:0E:40:D2:A0

00:1C:0E:40:D2:A1

00:1C:0E:40:D2:A3

00:1B:8F:89:89:C0O

00:1B:8F:89:89:C1

00:1B:8F:89:89:C3

00:1C:0E:40:AA:CO

00:1C:0E:40:AA:C1

00:1C:0E:40:AA:C3

00:1C:0E:40:CE:30

00:1C:0E:40:CE:31

00:1C:0E:40:CE:33

00:1C:0E:40:C8:00

00:1C:0E:40:C8:01

00:1C:0E:40:C8:02

00:1C:0E:40:F1:70

00:1C:0E:40:F1:71

00:1C:0E:40:F1:72

00:1C:0E:40:DF:EQ

00:1C:0E:40:DF:E1

00:1C:0E:40:DF:E3

00:1C:0E:40:E2:70

00:1C:0E:40:E2:71

00:1C:0E:40:E2:73

00:1C:0E:40:A2:50

00:1C:0E:40:A2:51

00:1C:0E:40:A2:53

00:1C:0E:40:ED:BO

00:1C:0E:40:ED:B1

00:1C:0E:40:ED:B3

1D
1
2
3
)
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40

BDIDIR DR P OOV WIW[WIWIW W W [WININININININININININININ| R RR R PP R R PR |-

00:1B:90:77:68:F0

00:1B:90:77:68:F1

00:1B:90:77:68:F2

00:1C:0E:40:AD:EQ

00:1C:0E:40:AD:E1

00:1C:0E:40:AD:E2

Table 10 List of Access Points available at the GWRBesearch Building

5.2 RSS Reference Points Surveys

Two data collection surveys were conducted at ttW4J@uilding in August
2008 and February 2009.

During the first GWU survey, RSS data were collédtem 441 reference points
(RPs) covering the lobby, auditorium, recess adaw rooms, a first floor corridor,
stairs and second floor corridor of the buildingshewn in Figure 62. These RPs were
gridded at nominal intervals of 3 feet (see FigiBeand Figure 64). During the second

GWU, additional RSS data from 16 reference poiriskwwere extended into the lobby
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area were collected. At each of the RPs, RSS veasuned from all available APs for
about 5 minutes.

As shown in Figure 65 for the off-line training gieaof RSS data processing, all
the survey data from RPs were compiled; RSS stati@verage and standard deviation)
were computed for each APs at each PR and integrattea single RSS database.
Examples of typical RSS heat maps at the firstrffon4 different APs, which were

generated from the RSS database, are shown ineFegur

Reference Points

120 \ I
e 1st Floor PRs
Stairs PRs \ o
100k 2nd Floor RPs | L _ : : X ,,,,
* ExtRPs SC AN
Nominal Traj ‘
8O L e Ext Traj _

“
o0 __
[ ]
—

,,,,,,,,

Y (ft)

ecececs
ssscesss

.

__ e
[ )
'Y |
L
[ X ]
[ X J
| |é
N
=L |

AEAA

F--- -t

Figure 62 WiFi RSS Reference Points Used for GWUxXperiments
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Figure 63 Reference Points Marked on the Floor

Figure 64 RSS Data Collection at a Reference Point
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Figure 65 RSS Indoor Navigation Processing
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Figure 66 Examples of RSS Heat Maps

5.3 RSS Data Collection along Trajectory Paths

In order to emulate the on-line phase of the R88an positioning (see the right-

hand side of Figure 65), a series of RSS data walected traversing the pre-defined

trajectories shown in Figure 62.
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During the second GWU survey, more comprehensasis teere designed and
conducted using the PASSION multi-sensor suiteckvis shown in Figure 67. The
PASSION Sensor Suite included a notebook computarMC and AirMagnet,

Military GPS receiver (GB-GRAM) and MEMS sensorsaf@s accelerometer, 3-axis
gyros, 3-axis magnetometer and a barometer). @gos suite also included a backup
auxiliary sensors including a Commercial GPS Rexgi@PSLim) and a Crossbow
AHRS400.

A series of tests conducted during the second GWiky using the PASSION
Sensor Suite is summarized in Table 11. Refeigor€ 62 for pre-defined trajectory
nominal and extended paths used for GWU experimerast 4 and Test 5 were
designed to traverse the nominal and extendedtoajepaths, respectively. Multi-
sensor data collection with various walking scersawas conducted similarly for both
Test 4 and Test 5. Test 6 was designed to simpéateularly theassé tracking mode
of indoor positioning.

The GWU experiment data sets compiled in Table éfewsed to evaluate the
indoor positioning algorithms developed in thiseagh in the framework illustrated in
Figure 65. The experiment results are describédariollowing sections. Note that
Test 6 has yet to be fully processed and its reswé not included in this dissertation but

will be presented in subsequent papers.
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Feb. 09
Test 4

Figure 67 PASSION Sensor Suite

Collect RSS and auxiliary
Sensor measurements
traversing the nominal
trajectory path

Normal Walk with Sharp Turn 1, 2
3

Normal Walk with Smooth Turn 1 ¢
2

Fast Walk with Sharp Turn 1

1S4

Feb. 09
Test5

Collect RSS and auxiliary
Sensor measurements
traversing the extended, as
well as thenominal, trajector
path

NJ

Normal Walk with Sharp Turn 1 &
Normal Walk with Smooth Turn 1 ¢
2

Fast Walk with Sharp Turn 1

e

Feb. 09
Test 6

Collect RSS and auxiliary
Sensor measurements
traversing stop-N-go
trajectory path

Stop-N-Go trajectory path consistdd
of the nominal trajectory with 6 stop-
and-go points (At each of Stop-N-¢o
points, sensor suite stayed about 20
minutes.)

Table 11 GWU Experiments Test Scenarios

5.4 Fingerprinting Results

The fingerprinting method has been generally aetkps a standard approach to

WiFi RSS-based indoor positioning. In this reskatie fingerprinting method was
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examined and implemented to provide benchmark againich the performance of the
newly developed filtering techniques in this resharan be evaluated. It should be
noted that the RSS fingerprinting algorithm emptbyethis research was based on non-
augmented instantaneous RSS measurements witpaotisor initialization so that its
position solutions were statistically independeattiie extent that the noise samples are
independent).

The sensitivity of RSS fingerprinting performanoghe number of nearest
neighbors (denoted as ‘K’) to be combined for weaghaveraging was examined using
the test case of Extended Trajectory Normal Watk8harp Turn 2. The sensitivity
study, whose results are shown in Table 12, ind&ctitat a K value larger than 6 or 7

does not show much improvement in horizontal pasitig performance.

mggﬁggg NEAELES Horizontal Error \Vertical Error
(K Value) RMS (ft) RMS (ft)
1 9.22 1.19

2 8.36 1.28

3 7.83 1.14

4 7.67 1.19

5 7.48 1.11

6 7.18 1.24

7 7.16 1.19

8 7.12 1.22

9 7.14 1.12

10 7.15 1.13

Table 12 Sensitivity of RSS Fingerprinting Positiaing Errors to the Number of
Nearest Neighbors based on test case of Extendedhjectory Normal Walk with
Sharp Turn 2

Typical examples of RSS fingerprinting results ilustrated in Figure 68 and
Figure 69, with Nearest Neighbor and 7 Nearest IN®igs algorithms, respectively, for
the test case of Extended Trajectory Normal Watk 8harp Turn 2. The upper figure
shows estimated horizontal positions in red triariggether with true positions in blue
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dot. The red lines connecting red triangles aneé blots indicate position error vectors.
The lower figure shows the time series of estimatesitions in green with true positions

in blue for x, y and z components, respectively.
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WiFi RSS Fingerprinting Positions
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True
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250 300

Time (sec)

Figure 68 RSS Fingerprinting Results for Extended Tajectory Normal Walk with
Sharp Turn 2 with K=1
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Figure 69 RSS Fingerprinting Results for Extended Tajectory Normal Walk Sharp

Turn 2 with K=7

The RSS fingerprinting results for all the testesalésted Table 11 in are

summarized in Table 13 and Table 14 for K=1 and,Ke3pectively. The horizontal

positioning accuracy that can be achieved by fimgeting algorithm is about 9.3 feet

with one Nearest Neighbor and 7.6 feet with 7-NstaWéeighted Neighbors,

respectively. The improvement achieved by 7-Néatg=ghted Neighbors over single

Nearest Neighbor is about 1.7 feet or 18 %.
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It is worthwhile to note that there was about adhth duration between the Aug.
08 survey, which provided most of RSS database unea®ents, and the Feb. 09 survey,
which provided RSS positioning measurements. €hasanably good positioning results
using a 6-month old RSS database demonstratedrigeérm stability of RSS

distribution in indoor environments that suppomagtical implementation of RSS-based

indoor navigation system.

Test Set [Trajectory Description gcl\)/lrlszcz%tal Sle] \é(:;técglt)Error
Normal Walk With Sharp Turn1 9.4 1.7
Normal Walk With Sharp Turn2  [9.2 1.2
Ei?ﬁi?\gll Normal Walk W?th Sharp Turn3 8.3 1.2
Trajectory Normal Walk W!th Smooth Turn 1 [8.2 1.1
Normal Walk With Smooth Turn 2 |8.6 1.1
Fast Walk With Sharp Turn 1 9.1 1.7
Normal Walk With Sharp Turn1  [9.9 1.7
Feb. 09 [Normal Walk With Sharp Turn2 (9.2 1.2
Extended |[Normal Walk With Smooth Turn 1 |10.5 0.9
Trajectory Normal Walk With Smooth Turn 2 (9.1 1.4
Fast Walk With Sharp Turn 1 8.8 1.5
Average 9.1 1.3

Table 13 RSS Fingerprinting Results with Nearest Bighbor (K=1)

Test Set [Trajectory Description gcl\)/lrlszcz%tal Sle] \R/)eMrtslcglt)Error
Normal Walk With Sharp Turn 1 [7.7 1.7
Normal Walk With Sharp Turn2 8.0 1.1
Eli?ﬁiggl Normal Walk W?th Sharp Turn3 6.8 1.2
Trajectory Normal Walk W!th Smooth Turn 1 6.9 1.0
Normal Walk With Smooth Turn 2 [7.2 1.0
Fast Walk With Sharp Turn 1 7.7 1.8
Normal Walk With Sharp Turn1  [7.9 1.7
Feb. 09 [Normal Walk With Sharp Turn2 [7.2 1.2
Extended |[Normal Walk With Smooth Turn 1 [8.4 1.2
TrajectoryNormal Walk With Smooth Turn 2 |7.6 1.6
Fast Walk With Sharp Turn 1 7.1 1.3
Average 7.5 1.3

Table 14 RSS Fingerprinting Results with 10 Nearestleighbors (K=7)
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One innovative application of the fingerprintingtimed investigated in this
research was for vertical positioning. Verticaspioning is a critical component of
indoor navigation in multi-floor (or multi-deck) gmonments. The vertical positioning
capability is implemented by augmenting the conesial RSS fingerprinting algorithm
with a vertical channel and by establishing thrieeethsional RSS database with multiple
layers including $-floor, stairs and %-floor for GWU experiments.

An example of RSS-based vertical positioning issiltated in Figure 70 and the
overall vertical positioning performance results summarized in the last columns of
Table 13 and Table 14 for K=1 and K=7, respectivébne observation that can be
made from comparing the results of K=1 with K=That vertical positioning
performance is not sensitive to the number of NstdYeighbors to be used for
fingerprinting. Because the search space foreadrtiositioning is just three layers of
database, multiple number of neighbors would hdtte br no impact on vertical
positioning. It is shown in Figure 70 that in mosthe floor areas which are not too
close to the stairs, RSS-based vertical positiopnogides very stable vertical
positioning for floor-level discrimination. Verat positioning would show some
fluctuation only during a floor-to-floor transitiorin short, the vertical positioning
experiments conducted in this research demonsttiag¢door-lever (or deck-level)

discrimination is achievable only employing WiFi 8ngerprinting.
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Figure 70 Vertical Positioning Using RSS Fingerpnting

Utilization of a barometer or vertical accelerométas been also considered for
vertical positioning during the GWU experimentdheTdata sets collected from a
barometer as well as vertical accelerometer, wvias part of the PASSION Sensor

Suite, would be processed and presented in a sudasieiyiture project.

5.5 Particle Filter Results

In order to evaluate PF performance relative tgdmprinting and to assess the
value of inertial sensor aiding to PF a range sif seenarios have been selected.
Specifically, both fingerprinting and PF algorithmesre investigated over three distinct
user trajectories characterized by differing motttnibutes. All trajectories were
comprised of a path that started outside of thebi@gding and proceeded through
constrained regions of motion within the buildinbest scenarios are summarized in

Table 15.

Normal Walk with Smooth Tu

Normal Walk with Sharp Tul
Fast Walk

Table 15
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For purposes of reference fingerprinting algorittmmparison, a 7-nearest-
neighbor fingerprinting algorithm was employed suge the improvement of the

particle filter when using RSS measurements alone.

Table 16 shows a comparison of unaided PF andd#é avith IMU Delta-
Heading (DH) relative to fingerprinting performaringerms of horizontal position error
Root Mean Square (RMS). Table 17 shows performampsovement in terms of
horizontal position error reduction from fingergimyg to Unaided PF, Unaided PF to PF
Aided with IMU DH and fingerprinting to PF Aided thi IMU DH. The time series and
2D presentation of the horizontal position resfitisn fingerprinting, unaided PF and PF

aided with IMU DH for the case of Fast Walk arewhan Figure 71.

Horizontal Position Error RMS

Trajectory Description ~ [Fingerprinting  |PF PF
K-=7 Un-Aided Aided with IMU DH
(feet) (feet) (feet)

Smooth Turn 8.9 6.8 4.2

Sharp Turn 7.1 6.2 3.8

Fast Walk 6.9 5.3 3.5

Table 16 Comparison of Fingerprinting, PF Un-Aided,PF IMU DH Aided in terms
of Horizontal Position Error RMS

Performance Improvement: Horizontal Position Error
Reduction (%)

Trajectory Description  |Fingerprinting to |PF Un-Aided to PF [Fingerprinting to
PF Un-Aided Aided with IMU DH |PF Aided with
IMU DH
Smooth Turn 24 38 53
Sharp Turn 13 39 46
Fast Walk 23 34 49
Average 20 37 50

Table 17 Comparison of Fingerprinting, PF Un-Aided,PF IMU DH Aided in terms
of Horizontal Position Error Reduction
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Here it is demonstrated that unaided PF yieldsvanage of 20% position
estimation improvement over fingerprinting. Inak8ensor integration by the strategy
investigated in this study resulted in a 37% aveliagprovement of position estimation
relative to PF alone. Finally, comparison of ir@r$ensor aided PF relative to raw
fingerprinting yield an average 50% position parfiance improvement.

From the preceding, inclusion of inertial sensdirag and implementation of the
constrained PF milestone response method resudtpawerful strategy for precision

indoor navigation.
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Figure 71 Time series and 2D presentation of Horantal Positioning form
Fingerprinting (top row), Unaided PF (middle row) and PF with IMU DH Aiding
(bottom row) for Fast Walk Test Case.
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Chapter 6. Conclusions

6.1 Conclusions

This research examined some preparations towarglsnmenting a Navy
initiative of tracking high value assets and persdmboard major surface ship
combatants. As cost and infrastructure are prinmsiderations, the envisioned system
consists of the existing WiFi as the prime indooservable supplemented by low cost
inertial sensors and GPS for outdoor continuitye WiFi approach utilizes apriori maps
for which an algorithm was developed to assesfighee of merit of the WiFi geometry.

In this dissertation an analytical derivation aV&i Figure of Merit (FOM) was
derived. Analytical derivations of a FOM were dexd\for both a specific sample of a
surveyed WiFi RSS map and for a more general statisepresentation utilizing a
stochastic model of the WiFi RSS variations. Thi#Esgvations have not been reported in
previous research.

In order to incorporate the GPS and MEMS auxilgggsors, unique algorithms
were derived which enabled their utilization withiire context of the ships relative
coordinate frame solution.

The employment of a 3-D apriori survey map enadeaonstration of a vertical
performance to the required objectives.

A prototype system was designed, built and test€kkearge Washington
University utilizing multi-sensor Bayesian estinaatialgorithms. Results were computed
using a regularized patrticle filter with resamplibbgth with and without augmentation
by low cost inertial sensor delta heading measunésné& hese results were compared

with least-squares instantaneous WiFi nearest herghlgorithms. It was determined
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that the unaided particle filter had 20% betteuaacy than the nearest neighbor.
Furthermore, the aided particle filter, had 37%dyeccuracy than the unaided particle
filter. The delta heading inertially derived sensoeasurements were able to assist the
particle filter at “anchor points”, ie, points wiees corridor or passageway junctions
imply several possible paths. The project addressesral other unique considerations

associated with ships/mobile platforms includingypensation of inertial measurements.

6.2 Areas for Future Research

L9:) )9 8 # A##$# O 9 #
% : ( #

The ultimate Naval ship implementation of PASSION involve several
implementation tradeoffs. These tradeoffs will ilmeoperformance requirements
thresholds and objects, user and platform conssraiechnical risk and complexity, and
cost.

Among the implementation tradeoffs will be thosensen: 1) A Centralized
Netcentric Server Based system versus 2) A diggdbClient Based System. In both
systems the User carries instrumentation (suchlagand/or PDA) that has the
PASSION sensors: nominally a WiFi terminal, GPS BMS sensors.

1) For the Centralized Netcentric Server Based systest of the
computational load is performed at a centralizedesePreprocessed data
from the sensors on the user are transmitted toahtalized server which
performs the location algorithm(s) for all the &sérhe apriori maps and
ship’s drawing would be resident on the Server. U$ers may or may not
have an independent display of their location athot operate

independently of the server. This approach redti@esomputational load on
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the user. It is presently the predominant typeystesn presently used in WiFi
based positioning systems.

2) For the Client Based System, each individual uséiopms its own
computations autonomously and displays its locafan example, a PDA
incorporating the PASSION sensors, would computedasplay the user’'s
position. Each user would have the ship’s maps/igswvithin its database.
Memory and throughput considerations will be a mdjover for this type of
implementation.

As part of the PASSION effort, the aforementionedi¢offs will be examined.

There are, in addition, combinations of the twaeays that are also possible such as
only certain high value users being autonomouslewhost other users are tracked via

the Netcentric Automonous Server based approach.

)!) #

In addition to the aforementioned issue with respmertial sensor
augmentation, utilization of WiFi aboard ships pasitioning (as well as for
communications and data transport) has severaldamasions that are unique and will
need to be addressed by the Navy. Some of thoshdtea been noted are:

a. Wireless data signals penetrate aluminum joinekhmads fairly well.
Useable data connectivity is possible at distahe®deet through several
bulkheads.

b. WiFi signal penetrates through bulkheads on theesdeck; however there is
limited penetration from deck to deck.

c. Possible mutual interference between 802.11a Wiéess points and other

systems on ship.
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d. As a general rule, 802.119 signals performed b#tter 802.11a signals in a
given situation.

e. Careful care, consideration and planning are nacgsghere classified data
is involved as the boundaries of reception areaudtvariable.

Plans have been formulated for the surveying ofi\&itEs aboard a navy ship in

December 2009 and a prototype demonstration tésthnuary 2010.

" 0 #

The demonstration of velocity detection algorithiorsnormally stationary high
value assets has yet to be implemented.

The development of reduced complexity filters, éast of the regularized particle
filter, may be necessary for throughput and mengonservation. As new Global
Navigation Satellite System (GNSS) capabilitiesatded, including systems from
Europe and China, the extension of GPS availalfilitther into the interior will require

additional algorithmic development.
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ABSTRACT

Indoor positioning has been a burgeoning technolelgich has been researched and, to date, sparsely
implemented using a variety of sensors. This papéresses theoretical and practical considerations
of a continuous outboard inboard positioning systsith emphasis on its future implementation
aboard Navy or commercial ships. The need for jpositg systems aboard platforms, such as aircraft
carriers, to reduce on-board manning, for damaggraloand maintenance, as well as for general
personnel and high value asset tracking, is a Nessgarch initiative. The paper evaluates, via
analysis and demonstration, the utility of very least MEMS (gyroscopes and accelerometers)
sensors, along with GPS, to augment the WiFi. Thisue combination of sensors, which has been
implemented in hardware and modeled in softwarasésl to explore the tradeoffs among positioning
accuracy, availability and complexity.

The first test site for the experimental validatwinthe prototype system hardware and software was
chosen as the George Washington University Ashisampus in Northern Virginia. This site was
chosen based on its extensive WiFi capability al ageit having certain areas with topological and
WiFi transmission characteristics resembling tHat ship. A description of the WiFi network’s acses
points, received signal strength maps, and ovéoalblogy is included. The generation of detailed
apriori WiFi RSS maps along with the overall tegtihodology employed, necessary to demonstrate a
horizontal performance accuracy goal of two metensl deck level vertical discrimination, are
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described. As a consequence of the non-linearitigslved in the RSS maps and topological
constraints, as well as the non-Gaussian natuserok of the noise sources, emphasis has been placed
on a novel implementation of a regularized partiitfer.

This paper considers navigation in both an absalnterelative sense. For most applications, absolut
and relative solutions can be straightforwardhated to each other. A complication, however, arises
when a user on a mobile platform employs inertehsers as auxiliary sensors. These sensors
inherently measure acceleration and angular rate ne@spect to inertial space and thus are subject t
the total motion of the user. When the total motidrthe user includes both a relative motion with
respect to the mobile vehicle and a vehicle motitth respect to inertial space, then algorithmstmus
attempt to separate the user’s relative motion wédpect to the mobile platform. This topic is
analytically addressed in a preliminary fashion arill be the subject of further research. The paper
concludes with the plans and schedule for a sepootdtype demonstration aboard a US Navy ship in
the Fall of 2009.

INTRODUCTION

The Navy research initiative is referred to asRheciseAt-seaShip System forl ndoorOutdoor
Navigation (PASSION) system. This paper addressesaeunique areas of research. They are as
follows:

Utilization of very low cost MEMSwith WiFi and GPSThis combination of sensors was chosen
based on several factors:

The system requirements necessitate a continuddeanindoor navigation capability. GPS has
established itself as the ubiquitous, low cost oatdensor of choice. Although considerable researc
is currently being done on extending GPS capadslitd the indoors, this is not a major focus of thi
paper. In this paper, we utilize commercial GP®ivars primarily to initialize the indoor WiFi bakse
algorithms.

An extensive WiFi capability has been or will bstalled on most major Navy combatants. The fact
that this capability is already present withoutuiming additional infrastructure costs is a major
consideration. It is also noted that the testissted for the experimental validation of the PASSION
concept, the George Washington University Ashbampus, also has an extensive WiFi capability
with a topology somewhat representative of the shigiems.

Microelectromechanical (MEMS) sensors have beapally growing segment of the inertial
accelerometer and gyroscope market. Although tesemt and projected cost of these units, operating
in a full inertial navigation mode, is not commensuratd e low cost targets set for PASSION, this
paper models and implements very low cost MEMSrtwide short term smoothing and extrapolation
of WiFi. By only employing relative heading and @eity changes measured by the MEMS, size,
power and cost constraints can be satisfied.

Development of unique non-linear fusion algorithnidnique particle filter and extended Kalman
Filter algorithms with non-holonomic/topologicalrsiraints have been developed. Among the
innovative algorithms is the use of a modified dhte Structure Multiple Mode algorithm with
constraints based on room topology. The utilizatbmertial sensor measurements adapted for a low
cost, size, weight application associated with Pl@&also involves novel algorithms.

Development of a Figure of Merit (FOM)/Site SigrnatuAn algorithm to assess the geometric
suitability of the RSS Access Point configuratierdérived.

Utilization for Wide Variety of High Value Objectdot Specifically Geared to PedestrianMany, if
not most, studies in the coordinated outdoor ind@wigation arena have focused on the location of
human beings in the modality of pedestrians. Is $hidy, a more general viewpoint of positioning
and tracking high value assets, including humandsgiis necessary. Aboard a major Naval
combatant, items such as munitions, high valugreleic equipment and secure media, also may
require positioning/tracking information. For these of pedestrians, the literature abounds with
techniques for the estimation and modeling of th@wvement characteristics. Particular emphasis in
the literature has been placed on the calibratfastrime lengths and torso motion characteris#es.
the case of more general items as discussed h#reig,are more uncertainties associated with the
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types of motion possible for a variety of typestefns. In this paper, we do not explicitly employ
motion models.

Large Number of APs and Two Floors

Previous studies have generally focused on cordtgms with less than about seven Access Points. In
the demonstration examined herein there are 40kpe@smique access points of which up to about 22
are typically received at one location. The dertratisn also includes testing on two floors where
previous studies have reported on data from aesifiggbr.

It is also noted that these novel approaches ahi@/also compared with earlier approaches
mentioned in the literature such as the “nearaghber” and “k closest” algorithms.

Further motivation for shipboard positioning is fouin Defense News of May 2009 [12]: “The
Navy's near-term C4l priorities are maritime domaiwareness (MDA), the Consolidated Afloat
Networks and Enterprise Services (CANES) program satellite communications. In the area of
MDA, the Navy used to care primarily about tracksigps and airplaneslow it needs to track the
cargo and passengers those ships are carryingaid Christopher Miller, the Navy's Program
Executive Officer for C4l.

SYSTEM ARCHITECTURE

The system architecture of the Multi-sensor Bayesigerior Positioning developed for this research
is shown in Figure A-1. The architecture considtthree sensor sets (WiFi receiver, MEMS inertial
sensors, and GPS receiver); two apriori maps (R&3ance map and ship’s interior map), and three
processors (Extended Kalman filter, Particle Fidted RSS Fingerprinting Preprocessor).

The primary positioning source for the interior giosing is WiFi RSS. An extensive WiFi capability
has been or will be installed on most major Navsnbatants. The fact that this capability is already
present, without incurring additional infrastrueurosts, was a principle consideration in choosing
WiFi as the primary interior positioning buildingolbk. The WiFi RSS measurements are processed
using RSS fingerprinting method with respect toR&S reference maps to provide coarse positioning
information to the Particle Filter.

Inertial measurements from MEMS sensors are emgloyaugment the WiFi RSS positioning. These
two positioning sources are integrated in a complgary fashion in this architecture to enhance
positioning performance. Due to the constraintsast, weight, size and power consumption, only the
inertial sensors that are based on very low costl@Eechnology are considered in this research.

GPS has proved itself as the ubiquitous, low cestser of choice for outdoor applications, but
extending GPS capabilities to the interior has Ipe¢n established without substantial additional
infrastructure. In the architecture GPS is utdize initialize Particle Filter (PF) when travergifrom
exterior to interior as well as to provide a contins outdoor indoor navigation capability.

Sensor data processing is distributed betweencRaRiltering and auxiliary sensor filtering for neo
efficient computational loading.

The auxiliary sensor filter is implemented as arneBged Kalman Filter (EKF). This filter utilizes
non-holonomic constraints or zero velocity upd@¥RT) to estimate and compensate MEMS sensor
bias errors. Conversion of GPS position into goprdocal coordinate frame and compensation of
moving platform for MEMS inertial measurements aigo performed during this filtering. Then,
delta speed and delta heading in the platform-fixedzontal plane are computed and passed into the
PF to be fused with other positioning information.

In general, Particle filtering inherently offergfible integration of diverse measurement typedewhi
accommodating non-linearities and non-Gaussianr estatistics . In the interior positioning
architecture, Particle Filtering performs sensaidno of RSS positioning information, pre-filtered
auxiliary sensor data (delta speed and delta hgpdind the ship’s interior map to yield a final use
position. Variable structure multimode modalitytbé PF is employed to accommodate diverse user
dynamics including personnel and high value assets.
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Figure A-1 System Architecture of Multi-Sensor Bagsian Interior Positioning

MEMS AUXILIARY SENSORS

The MEMS Inertial Measurement Unit (IMU) evaluatedthis research is the Crista Sensor Head
manufactured by Cloud Cap Technology [4]. The MEM®& Sensor Head, as shown in Figure A-2,

is a very small three-axis inertial sensor packétageted for direct integration into end user
application circuits. The sensor head consistgshode single-axis rate sensors, Analog Devices
ADXRS300, and two dual-axis accelerometer, Anal@yiPes ADXL210 (see also Figure A-3). The

inertial sensors have been calibrated in term&miperature and the correction data are storecein th
EEPROM. The specifications of the MEMS inertiahsers are listed in Table A-1[4, [5]. Note that

the specifications are after calibration.

Figure A-2: Cloud Cap Crista IMU Sensor Head

Figure A-3: Crista IMU Sensor Head ICD
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Gyros Accelerometers
(ADXRS300) | (ADXL210)
Range +300 °/sec +10g9g
Bias 1800 /hr 6 mg
Bias Instability 36°hr 0.2mg
Bias Instability Time| 100 sec 100 sec
Constant
Random Walk 3 °hr 0.132 m/s/hr
Scale Factor Error 0.1% 0.1%
Axis-Misalignment 12 arcmin 12 arcmin
Bandwidth Up to 100Hz Up to 100Hz
Power 5.5-8.5V,30ma @ 6.5 Volts
Weight 0.5 oz (14 gram)
Size 1.10"x 1.15” x 0.59”
Temperature Range -40Cto80C

Table A-1: Specifications of the Analog Device MEMS&ensors Used in Cloud Cap Crista IMU
Sensor Head (after calibration)

MEMS IMU Simulations

Although significant progress has been made in MEMGthe very low cost applications envisioned
herein the conventional employment as an INS yieldacceptable position, velocity, and heading
accumulated errors [8]. The limitation of using ME IMU as INS has been investigated
quantitatively through simulation and its method a@sults are presented in this section.

The contribution of individual error componentsMiEMS inertial sensor to free-inertial position erro
has been evaluated using Monte Carlo Trials with MEMS inertial sensor error model and error
parameters as described above. The results annshdlrable A-2 and the implications of the results
are summarized below:

The pos/vel error growths for a short-term such@second are dominated by the gyro bias and,
secondarily, the accelerometer bias

The contribution of the sensor frame axis-misaligntrerror is also noticeable.

The angular random walk and the velocity randonkweators will become dominating factors for
long-term performance.

Gyros Error Accelerometer Error
Contribution (m) Contribution (m)
Bias 15.72 6.85
Bias Instability 0.03 0.01
Random Walk 0.17 0.32
Scale Factor Errof 0.00 0.00
Axis- 3.24

Misalignment

Table A-2: Contribution of Individual Component of MEMS Sensor Errors to Pure Inertial
Performance after 10 seconds

Figure A-4 shows a typical instance from the Mofarlo trials for horizontal position, velocity
components and azimuth error growth representiegtéimbined effects of the error components listed
in Table A-1. With no ZUPTS or other constrairitee sensor errors of low-cost MEMS cause severe
drifts in the velocity and azimuth angle and acoayly the position errors diverge dramatically and
exceed 10 meters after about 10 seconds. Therdfugelow-cost MEMS inertial sensor cannot
maintain a stable position solution for the accynaguired over more than a few seconds.
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MEMS as a Motion

In this research, we utilize MEMS to provide theges in direction and speed (or delta speed and
delta heading) during the navigation filter cyctgpically 1 sec).
prevent the accumulated sensor bias errors frongbejected into navigation filter.

The block diagrams for the simulation study of detey abrupt changes in speed and direction,
corresponding to a user turning a corner, or sigir stopping, are shown in Figure A-5 and Figure
A-6. The same inertial sensor error propagatiodehand error parameters described in the previous
section are used in this simulation study. Theukition results are shown in Figure A-7, Figure A-8

and Figure A-9.

Pos (M)

Vel (W/S)

Azimuth (Deg)

Time (Sec)

Figure A-4: A Typical Output from Inertial Sensor Error Simulation
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Figure A-5: Block Diagram for Detection of Onset ofMotion Simulation
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Onset Acc =1 m/s ? Onset Acc = 0.5 m/s *
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Figure A-8: Sensitivity analysis of detection of oset of motion. Blue lines are the differences in
horizontal speed computed by step detector. Redks indicates detection threshold of three
times of noise floor RMS.
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Figure A-9: Simulated Detection of Change in Diregon with Low-Quality MEMS

Based on these simulations, it can be concludedtiset of motions associated with accelerations of
~0.2 m/s”2 or larger could be detected with a cmnfce level of ~99% and that changes in direction a
intersections can be detected with a similar highfidence level. In order to determine when delta
heading indicates trajectory change, a decisioestiold is required. By investigating the available
data sets, a threshold of approximately ®as selected to yield consistent detection okttayy
change with no observed false alarms.

GPS as Auxiliary Sensor

Indoor GPS tracking has been a challenge in the @8 for many years. Successful acquisition and
tracking of weak GPS signals requires longer irsttign times, effective strong/weak signal
decoupling, and correct multi-path detection arjdateon. Recently developed technologies such as
new satellite signals, assisted GPS, and hightsgtysieceivers are being assessed for improvement
in indoor navigation GPS performance. The diffigultith indoor GPS is that the signal is so weak
and obstructed, that the receiver does not havaliligy to detect the C/A code. The high sendijivi
receivers of today consist of approximately 200,66frelators that, in theory, improve the detection
of weak indoor signals. A GPSlim (GR-236) SiRFStaBluetooth high sensitivity GPS receiver was
used for tracking at the George Washington Uniter&WU) test site. It was concluded from this
investigative study that indoor reception is profd¢ic when using a stand-alone high sensitive GPS
receiver especially in light of the future ship Bggtions. As investigation of GPS was not a major
theme in this paper, its use was limited to initiah of the PF when traversing from outdoors to
indoors.
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PARTICLE FILTERING

For purposes of simple measurement smoothing, anyentional filtering algorithm including the
Kalman Filter (KF) is suitable. However, if thechi scope of structure constraint information and
availability of complementary sensors is to be grig¢ed into the solution strategy, the resulting
nonlinearity degrades KF applicability. Moreovalternative nonlinear algorithms often presume a
model structure that complicates general sensdorfusFrom this perspective, Particle Filtering YPF
has been selected as a robust algorithm stratgepbleaof rapidly accommodating multiple sensors,
structural constraints and varied scenarios. Thieotive of PF filtering application to indoor
navigation is to integrate and smooth raw sens@somements so as to yield a robust position estimat
superior in geolocation precision than any indiadsensor measurement alone and generally superior
in performance to conventional filtering algorittatnategies.

The most common implementations of the PF are dérfvtom the Sequential Importance Sampling
(SIS) algorithm. The basic form of the SIS aldurit however, suffers from “degeneracy”; i.e., after
finite number of recursive iterations, all but qraaticle will have a negligible weight. The sotutito
eliminating degeneracy is resampling. Resampbrtipe process by which particles are regenerated to
reflect the more “important” higher-weight sample®A uniform weight is then assigned to the
remaining particles so that degeneracy is prevent&jstematic Resampling is a popular and
computationally efficient implementation of resamgl However, resampling can result in loss of
particle “diversity”.

Among the various alternative PF algorithms to gaité the diversity problem as well as degeneracy,
is the Regularized PF (RPF). RPF modifies resamgpby jittering or “dithering” the discrete

resampled values(L , generated by the SIS process.

X, % Dither' x  h, D& 1)
This results in effectively resampling from a canbus approximation of the posterior density rather
than the discrete approximation used by the systemesampling algorithm. A summary of the RPF

algorithm appears in Table A-3 below.

Boowd reed,w $ i 16N, 2,

Generate Particle and Weights X ~ P X | Xy q Wi ~ Pz, | X
N
Calculate Total Weight TW W:(
i
Normalize Weights P W
Wk
) ) o 1
Compute Effective Sample Size \J N

Conditional Resampling

IF Ny ) Nrugesn

. N N
- Compute dither termB andhy, Hx S W o #ExS WK
' v 1
,. 4 4
J Ax$ ExF A —
Ve %0 .
D o0 ( o0 P AN ™ °
0 %
- Systematic Resampling X, we RESAMPLEIX w i 1%N$
- Generate Gaussian dither noise &~ N#0,18
- Generate dithered resampled particlesx‘k“ X, hy D & i=1...N

END IF

Table A-3: Regularized Particle Filter

In order to support incremental algorithm upgraslevall as maintainability, the PF implementation is
highly modular as depicted in Figure A-10. The fioeality is detailed in the subsequent sections.
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Figure A-10: Particle Filter Architecture

PF Initialization

If GPS is available, GPS position solution can beduto initialize PF. Otherwise, initial position
solution can be estimated using the fingerprinépgroach.

RSS Measurement

Physical measurements are derived from RSS measotemat the user’s location at time= ty.
Individual RSS measurements are performed for &fI\&ccess points.

apSS RSSx,, y,,ap (2)

RSS Table Lookup

With the exception of initialization, comparisontbE RSS measurement vector with the RSS database
is performed over a local portion of the referetatde rather than the entire table. This consepotis
computation time and reduces the likelihood of aubus position estimates. Given the maximum

anticipated user motion for the current region sﬂnposition#/xmax , vymax$, reference table search
is performed as follows

MINpAP 2R V) X) Ry VX,
RSS, RSS.Exv.apd K ,
X)y apl P LE yn 1 Vymax) y) yn 1 Vymax

NAP = Number of Access Points.

METRIG i Y 3)

State Prediction

Based upon position particles determined at the tifrthe previous measurement sample, all particles
are propagated forward via the system state transitinction. As previously indicated, the RPF
employs the transitional density functi@qi( ~ P X X,i( 1 - When the additive noise term is

presumed to be Gaussian, the transition functiocomdes the multivariate Gaussian distribution.
However if the user motion state parameters aranass independent and identically distributed
(i.i.d.: generally a valid assumption), then cutrparticle state particles may be separately geeer
from independent normal distributions:

in~N(Xik1 inkl(tk tkl),x (4)
YL~N#§’L1 Vyli<1tk tkl’,y$
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VX, ~ N#»(/x'k o Vx$
Vylk ~va|i<1’ lvy
Where

XL . = Previous iteration resampled x-position particie

’
X

Standard deviation describing user x-positiocentainty

Similar results pertain to the y coordinate afland VYy velocity components.

Particle Weight Generation

Separate particle weights are associated withipositnd velocity measurements. Position weights
reflect a measure of consistency between partiokdtipn and the best match position defined by
reference table look up based upon the current R&8&urement. Given that the actual underlying
measurement density function is unknown, a Gaushgribution is selected for its generality.

0 Ne YO & 2 (i) g%z
W Xin1  Tabids Yon1  Tabidn (5)
Pos™'n eXp 2 ; 2 2 ;2 '
’.\' ap1l X y ’_\"_

Given that there is no direct measurement of uséwcity, velocity particles are determined from
change of user position estimates. In order tamize the impact of estimation noise, an increased
time or “lag” between position samples is used

>

TableXn Tableén lag
n, lag tn tn lag (6)

The corresponding velocity weight then becomes

0 nvap vy W, VYY) W %z

V\F) exp In1 Jag nin 1 n,lag

Vel 7 ’ '

el''n ¥ ap1 2 vx2 2 vy2 1
()

Note that both on position and velocity weightscheebe normalized to unity.

Effective Sample Size Computation

Effective sample size is employed as a decisiopstiwld to mitigate the occurrence of particle
degeneracy

1

Neﬁ T wherell Neﬁ 1IN (8)
W

il
As a decision criteria, resampling occurs only whtg, < Thresholdfor some preselected decision

threshold. However, it is important to observet tteampling results in fewer particles which give
rise to a less accurate estimate of the desire@gmsdensity function. Consequently, the accurafc
any estimate of a function of the resulting disttibn can only decrease as a result of resampling!

Once Neﬁ drops beneath a fixed threshold (say 75%), thesineling is initiated.

Resampling

The resampling algorithm is summarized in Figurd1A- If the effective sample size defined in
Section 4.1.6 drops below the fixed threshold=75%l,0then the process of resampling is initiated.
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As indicated in the figure, particles are firstanempled by method of systematic resampling. Inorde
to avoid particle degeneracy induced by conventioesampling, all particles are jittered about thei
present value so as to generate new and non-repeaticles. This essentially improves the effexti
resolution of the particle distribution.

IF Nes < 75% of N

THEN—l

Systematic Resampling

Dither Computation

[Gaussian Dither Noise Generation }

l

[ Dithered / Resampled Particle Generation J

ELSE—

Figure A-11: Resampling Particle Filter Algorithm
Particle Filter Mean Computation

Once the resampled, dithered particles have bemgrgied, position and velocity estimates are ddrive
from their respective means

N *
n ~(i) (i)
X Posvvr(1 Xk
nl
§ i), 0"
17 (1 |
y Posvvr(1 yk (9)
ni
§ Dy )
", (1 |
VX e W VXG
ni
§ Dy
1, vl |
VY e W W (10)
nl

These solutions constitute the current RSS-baseidataon solution. The corresponding particles are
then retained for the subsequent particle filtexcpssing iteration.

Building/Ship Structure Design

In its simplest form, structure design defines mehié may be “structurally feasible” for a userlie
located or not. In this application, valid alsgiias regions a user may logically be expected doem
through. Structurally feasible regions includerictors, doorways, rooms entrance atriums, etc. By
contrast, structurally infeasible regions correghtmareas where movement cannot occur such as in
or through walls. Constraints may further be pdtal from structurally feasible to “logically
feasible”. Thus movement within a structure igHar constrained to only neighboring regions that a
user can feasibility move to based upon maximad @t movement. Hence, movement from a
structurally feasible hallway at one end of buifglito a structurally feasible hallway at the opposit
end of the building is regarded as logically infelessdue to the speed required. Similarly, an eetja
room that requires a user to traverse a long amrrgehd subsequent doorway to enter is not feasible
until the user comes within a logically feasiblega of the doorway. Thus, whenever particles are
generated or propagated, each particle is validadelde within a logically feasible region of the
structure under navigation. If a particle is deti@ed to be invalid, it is regenerated till it bewes
invalid. If a high rate of infeasible particle ggation is detected, an option to accelerate partic
generation may be employed. This includes tempgpradopting a uniform distribution with bounds
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matched to structure boundaries. A more sophtsticapplication of particle filtering couples
constrained particle generation with IMU headingrae detection as described in the next section.

Sensor Fusion Strategy

Utilizing MEMS inertial sensors as auxiliary sensoding to the PF was investigated. The first
consideration of PF integration of inertial senamasurements is determining which measurement
components are appropriate for integration. SIR&S measurements do not provide velocity
information and RSS difference measurements aresyncan independent source of velocity
information is highly desirable. Unfortunately, its been determined that with low rate MEMS
inertial sensor devices, velocity measurementdtdtan unacceptable error level at rates thahaire
practical for indoor navigation. The same applie$MEMS-based heading measurement. However,
change of heading and change of velocity providealde information regarding trajectory change
detection. In comparing true trajectory changeabr against measured heading change and velocity
change, heading change supports reliable consjsteith actual trajectory direction change while
velocity change proved less reliable. Howeverisibelieved that velocity change will provide a
valuable indicator of start/stop behavior suitdioleinventory monitoring. These applications it
addressed in future investigations.

Once change of trajectory is reliably indicated, thechanism as to how the particle filter respdads
trajectory change was formulated. Initially, stgies such as modifying particle filter plant and
measurement variance was investigated. Howeveégr fitesponsiveness was only moderately
improved. The most effective trajectory changgoese strategy was to associate detected trajectory
changes with building constraint positions that lddunitiate a PF position estimate change. This wa
accomplished by searching for the nearest buildiilgstone position (end of corridor, etc.) relatioe

the current PF estimated user position. If thesedb milestone position corresponded to a feasible
distance given historical user speed, then theentirestimated position would be replaced by the
building constrained milestone position. Moreoviy, further imposing building constraints the
feasible next direction(s) of user motion coulddeéermined.

In general, at each milestone position, a minimdinwo trajectories are feasible: continued forward
motion or back tracking. Moreover, at intersectiofeasible branch directions become possible as
depicted in Figure A-12.

Branch 4 (FALSE)

¥

Branch 3 ( ) =o— —L

True Particle Path #1,3
@ Alternative Particle Path #2,4

@ Anchor Point
Reverse

Branch 1 (TRUE) Direction (FALSE)

Figure A-12: PF Feasible Trajectory Assessment

Under such instances, new particles are generate that each particle cluster corresponds to an
alternative trajectory hypothesis. Once a sucoassif RSS and sensor measurements has been
processed, the consistency of measurements witlidzge trajectories may be evaluated to discern
trajectory likelihood. In general, all but the idatrajectory may be discarded or “pruned” from the
possible decision space yielding only the one va#igectory.
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THE GEORGE WASHINGTON UNIVERSITY
EXPERIMENTS

RSS Reference Points Surveys

The George Washington University (GWU) Researchuildihg at Ashburn, VA has been selected for
indoor navigation experiments because it providesxecellent WiFi network which emulates the
expected shipboard environment.

There were 40 physical WiFi access points (APs)ptgimg with the 802.11b/g standard (2.5 GHz
band) deployed throughout the four floors of theéldimg. The AP hardware used in the GWU
building was Cisco Aironet ALR-LAP 1131AG-A-K9 [3]The transmitting power of all the APs was
set to the maximum value of 100mW during the expents. Two data collection surveys were
conducted at the GWU building in August 2008 andrkary 2009.

During the first GWU survey, RSS data were collddiem 441 reference points (RPs) covering the
lobby, auditorium, recess area, a few rooms, & flosr corridor, stairs and second floor corridir
the building as shown in Figure A-13. These RPevgeidded at nominal intervals of 3 feet. During
the second GWU survey, additional RSS data frometé&rence points which were extended into the
lobby area were collected. At each of the RPs, R&S measured from all available APs for about 5
minutes.

As shown in Figure A-14 for the off-line trainindh@se of RSS data processing, all the survey data
from RPs were compiled; RSS statistics (averagestartiard deviation) were computed for each APs
at each RP and integrated into a single RSS daaliasamples of typical RSS heat maps at the first
floor for 4 different APs, which were generatednfrthe RSS database, are shown in Figure A-15.
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Figure A-13: WiFi RSS Reference Points Used for GWW&xperiments
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Figure A-14: RSS Indoor Navigation Processing
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RSS Data Collection along Trajectory Paths

In order to emulate the on-line phase of the R$®adn positioning (see the right-hand side of Figure
A-14), a series of RSS data were collected trangriie pre-defined trajectories shown in Figure A-
13.

During the second GWU survey, more comprehensists twere designed and conducted using the
PASSION multi-sensor suite, which is shown in Fegdr16. The PASSION Sensor Suite included a
notebook computer with NIC and AirMagnet, MilitaBPS receiver (GB-GRAM) and MEMS sensors
(3-axis accelerometer, 3-axis gyros, 3-axis magneter and a barometer). The sensor suite also
included a backup auxiliary sensors including a @@ntial GPS Receiver (GPSLim) and a Crossbow
AHRS400.

RSS Heat Map of AP 00:1C:0E:40:F0:00 at Floor 1 RSS Heat Map of AP 00:1C:0E:40:9B:A0 at Floor 1

o B B W ok 0 Hes@l
X(r)

1 L |
Ll o L _lgo
120 140 160 180 200 220 240 260  2®5S (aBm) 120 140 160 180 200 220 240 260 28855 (dBm)
X X()

Figure A-15: Examples of RSS Heat Maps

A series of tests conducted during the second GWivey using the PASSION Sensor Suite is
summarized in Table A-4. Refer to Figure A-13foe-defined trajectory nominal and extended paths
used for GWU experiments. Test 4 and Test 5 wesigded to traverse the nominal and extended
trajectory paths, respectively. Multi-sensor datdlection with various walking scenarios was
conducted similarly for both Test 4 and Test 5stTeewas designed to simulate particularly dise¢
tracking mode of indoor positioning.

The GWU experiment data sets compiled in Table viete used to evaluate the indoor positioning
algorithms developed in this research in the fraor@wllustrated in Figure A-14. The experiment
results are described in the following sectionsteNthat Test 6 has yet to be fully processed i@nd
results are not included in this paper but willgpesented in subsequent papers.
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Feb. 0
Test 4

Figure A-16: PASSION Sensor Suite

Collect RSS and auxiliary
sensor measurements
traversing the nominal
trajectory path

brmal Walk with Sharp Turn 1,

Normal Walk with Smooth Tur]
1&2
Fast Walk with Sharp Turn 1

Feb. 0
Test 5

Collect RSS and auxiliary
sensor measurements
traversing the extended, as
well as the nominal, trajecto
path

Normal Walk with Sharp Turn
& 2

Normal Walk with Smooth Tur|
Yy & 2

Fast Walk with Sharp Turn 1

Feb. 0
Test 6

Collect RSS and auxiliary
sensor measurements
traversing stop-Nyo trajector:
path

Stop-N-Go trajectory path
consisted of the nominal
trajectory with 6 stop-and-go
points (At each of Stop-N-Go
points, sensor suite stayed ab

but

20 minutes.)

Table A-4: GWU Experiments Test Scenarios

Fingerprinting Results

The fingerprinting method has been generally aetkpts a standard approach to WiFi RSS-based

indoor positioning.

In this research, the fingéring method was examined and implemented to

provide a benchmark against which the performamtieeonewly developed filtering techniques in this
research can be evaluated. It should be notedhbdRSS fingerprinting algorithm employed in this
research was based on non-augmented instantane88s nreasurements without a priori or
initialization so that its position solutions westtistically independent (to the extent that tbese

samples are independent).

The sensitivity of RSS fingerprinting performanoetie number of nearest neighbors (denoted as ‘K’)
to be combined for weighted averaging was examumsidg the test case of Extended Trajectory
Normal Walk with Sharp Turn 2. The sensitivity &y whose results are shown in Table A-5,

indicates that a K value larger than 6 or 7 dogsshow much improvement in horizontal positioning

performance.

Typical examples of RSS fingerprinting results #lestrated in Figure A-17 and Figure A-18, with
Nearest Neighbor and 7 Nearest Neighbors algorithespectively, for the test case of Extended
Trajectory Normal Walk with Sharp Turn 2. The upfigure shows estimated horizontal positions in
red triangle together with true positions in blug.d The red lines connecting red triangles ana blu
dots indicate position error vectors. The lowgufe shows the time series of estimated positions i
green with true positions in blue for x, y and mpmnents, respectively.

Numl\?;;rc:LOerares Horizontal ErrorfVertical Errof
(K Value) RMS (ft) RMS (ft)
1 9.22 1.19
2 8.36 1.28
3 7.83 1.14
4 7.67 1.19
5 7.48 1.11
6 7.18 1.24
7 7.16 1.19
8 7.12 1.22
9 7.14 1.12
10 7.15 1.13

Table A-5: Sensitivity of RSS Fingerprinting Positoning Errors to the Number of Nearest
Neighbors based on test case of Extended TrajectoNormal Walk with Sharp Turn 2
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Figure A-18: RSS Fingerprinting

Results for Extended Trajectory Normal Walk Sharp Turn 2 with K=7

The RSS fingerprinting results for all the testesasted Table A-4 in are summarized in Table A-6
and Table A-7 for K=1 and K=7, respectively. Theribontal positioning accuracy that can be
achieved by fingerprinting algorithm alone is ab8u feet and 7.6 with Nearest Neighbor and 7-
Nearest Weighted Neighbors, respectively. The awpment achieved by 7-Nearest Weighted
Neighbors over Nearest Neighbor is about 1.7 fe@Bd%.

Horizonta| Vertical
Test Set Trajectory Description Error Error
RMS (ft) |RMS (ft)
Normal Walk With Sharp Turn] 9.4 1.7
Normal Walk With Sharp Turn2 9.2 1.2
l\'l:c?r%ir?j Normal Walk With Sharp Turn 3 8.3 1.2
Trajectory Normal Walk With Smooth Turn 8.2 1.1
Normal Walk With Smooth Turn 8.6 1.1
Fast Walk With Sharp Turn 1 9.1 1.7
Normal Walk With Sharp Turn] 9.9 1.7
Feb. 09| Normal Walk With Sharp Turnd 9.2 1.2
Extendedq Normal Walk With Smooth Turn| 10.5 0.9
TrajectoryNormal Walk With Smooth Turn| 9.1 1.4
Fast Walk With Sharp Turn 1 8.8 15
Average 9.1 1.3
Table A-6: RSS Fingerprinting Results with NearestNeighbor (K=1)
Horizonta] Vertical
Test Set Trajectory Description Error Error
RMS (ft)] RMS (ft)
Normal Walk With Sharp Turn] 7.7 1.7
Normal Walk With Sharp Turn2 8.0 1.1
l\'l:c?r%ir?j Normal Walk With Sharp Tunjy 6.8 1.2
Trajectory Normal Walk With Smooth Turn 6.9 1.0
Normal Walk With Smooth Turn 7.2 1.0
Fast Walk With Sharp Turn 1 7.7 1.8
Normal Walk With Sharp Turn] 7.9 1.7
Eeb. 09| Normal Walk With Sharp Turnq 7.2 1.2
Extended Normal Walk With Smooth Turn 8.4 1.2
TrajectoryNormal Walk With Smooth Turn| 7.6 1.6
Fast Walk With Sharp Turn 1 7.1 1.3
Average 7.5 1.3

measurements.

Table A-7: RSS Fingerprinting Results with 7 NearesNeighbors (K=7)

It is worthwhile to note that there is about 6 nienapart between the Aug. 08 survey, which provided
most of RSS database measurements, and the Febur@®y, which provided RSS positioning

The reasonably good positioningltsesising a 6-month old RSS database
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demonstrated the long-term stability of RSS distiin in indoor environments that supports prattica
implementation of RSS-based indoor navigation sgste

Vertical WiFi Results

One innovative application of the fingerprinting thied investigated in this research was for vertical
positioning. Vertical positioning is a critical mponent of indoor navigation in multi-floor (or ntiul
deck) environments. The vertical positioning calitgbis implemented by augmenting the
conventional RSS fingerprinting algorithm with artieal channel and by establishing three
dimensional RSS database with multiple layers itioly T-floor, stairs and ®-floor for GWU
experiments.

An example of RSS-based vertical positioning igstitated in Figure A-19: and the overall vertical
positioning performance results are summarizedénlast columns of Table A-6 and Table A-7 for
K=1 and K=7, respectively. One observation that ba made from comparing the results of K=1
with K=7 is that vertical positioning performanceriot sensitive to the number of Nearest Neighbors
to be used for fingerprinting. Because the seapate for vertical positioning is just three layefs
database, multiple number of neighbors would hitle br no impact on vertical positioning. It is
shown in Figure A-19 that in the floor areas whigk not too close to the stairs, RSS-based vertical
positioning provides very stable vertical positimior floor-level indication. Vertical positioning
would show some fluctuation only during a floorfloer transition. In short, the vertical positiogi
experiments conducted in this research demonsttht¢dloor-lever (or deck-level) discrimination is
achievable by only employing WiFi RSS fingerprimgfin
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T T |
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Figure A-19: Vertical Positioning Using RSS Fingerpinting
Particle Filter Results

In order to evaluate PF performance relative tgdmrinting alone and to assess the
value of inertial sensor aiding to PF a range dft tecenarios were selected.
Specifically, both fingerprinting and PF algorithmagere investigated over three

distinct user trajectories characterized by diffgrmotion attributes. All trajectories

were comprised of a path that started outside eftést building and proceeded

through constrained regions of motion within théddng.

For purposes of reference fingerprinting algoritbomparison, a 7-nearest-neighbor fingerprinting
algorithm was employed to gauge the improvementtha particle filter when using RSS
measurements alone.

Table A-8 depicts position error comparison ofibdimgerprinting, unaided PF and PF-aided with

IMU Delta-Heading (DH). In this comparison, positi errors are defined as Root Mean Square
(RMS) horizontal position error. Table A-9 equimatly shows performance improvement in terms of
horizontal position error reduction. Cases conmganee fingerprinting to Unaided PF, Unaided PF to
DH-aided PF and fingerprinting relative to DH-aidB&. The time series and 2D presentation of
horizontal position results for fingerprinting, uded PF and DH-aided PF for the case of Fast Walk
are shown in Figure A-20.
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Horizontal Position Error RMS
Jggﬁ?;ggyn Fingerprinting PF _ _PF
K=7 Unaided|Aided with IMU DH
(feet) (feet) (feet)
Smooth Tur 8.9 6.8 4.2
Sharp Turn 7.1 6.2 3.8
Fast Walk 6.9 5.3 3.5

Table A-8: Comparison of Fingerprinting, PF Un-Aided, PF IMU DH Aided in terms of
Horizontal Position Error RMS

Performance Improvement: Horizontal Position E

Reduction (%)

gézjcer?;?iroyn Fingerprin'ging tq PF Una_ided Fingerpr!nting tq
PF Un-Aided | to PF Aided PF Aided
with IMU DH | with IMU DH
Smooth Turf 24 38 53
Sharp Turn 13 39 46
Fast Walk 23 34 49
Average 20 37 50

ror

Table A-9: Comparison of Fingerprinting, PF Un-Aided, PF IMU DH Aided in terms of
Horizontal Position Error Reduction

In Table A-9 it is demonstrated that unaided PHdgiean average of 20% position estimation
improvement over fingerprinting. Inertial sensotegration by the strategy investigated in thiglgtu

resulted in a 37% average improvement of positistimation relative to PF alone.

Finally,

comparison of inertial sensor aided PF relativeraw fingerprinting resulted in an average 50%
position performance improvement.

From the preceding, inclusion of inertial sensatiraj and implementation of the constrained PF
milestone response method results in a powerfalesiy for precision indoor navigation.

WiFi RSS Fingerpiniing Positions

Figure A-20: Time series and 2D presentation of Hazontal Positioning form Fingerprinting
(top row), Unaided PF (middle row) and PF with IMU DH Aiding (bottom row) for Fast Walk

Test Case
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INTRODUCTION TO FIGURE OF MERIT/SITE
SIGNATURE FOR RSS FINGERPRINTING

A Figure of Merit is intended to apply a qualitydioation to the predicted positioning performante a
any location of a system configuration. For simplicit is often quantified as an integer from doe
ten and then that integer is related to positiomioguracy performance. The term “site signaturey ma
also be employed in addition to or instead of FOMitais intended to provide a relatively simple
indication of the quality of the geometry and patteescognition aspects of the WiFi fingerprinting
configuration. In this respect it can also be userkpresent the sensitivity of positioning accyrax
small incremental changes in the WiFi geometry.dhall use the term site signature interchangeably
with FOM in the remaining part of this Section. Téige signature can be used either in a real time
fashion where it would use the actual measurenregtsved to estimate the position accuracy or in a
predictive fashion to estimate the future perforogaassuming some geometric configuration of APs,
topology and user position. As a predictive esténitan be used with the actual survey maps or pri
to survey map creation using predictive WiFi cogeraoftware tools such as AlRchitect [13] or
LANPIlanner [14].

A site signature should not be expected to incateomll the detailed subtleties of a particular
algorithmic implementation, but should rather baasdic in terms of the detailed solution algorithms
thereby reflecting the overall quality of the Wia&cess point geometry and other constraining factor
This agnostic aspect, while perhaps limiting tloelity of the positioning accuracy prediction under
certain circumstances, helps make the conceptlgerta different manufacturer’s implementations.
Another important aspect of the development of $ite signature/FOM is tractability. Various

simplifying assumptions are made that enable aicalytexpressions which provide predictive
guidelines for understanding achievable WiFi accyra

Determining Some Geometric Interpretation

In this section we utilize the simplified error @siance formulation:

P ' ZHH)? (11)
which assumes equal and uncorrelated errors fraiin ebithe AP’s, to help derive some geometrical
interpretations of AP configurations [15].

The elements dfl represent linearized RSS slopes estimated aotuse position. An unknown bias
power level common to the difference between ther'sismeasurement and all the M maps is
accounted for in the last column of tHematrix.

SinceH is an M by 3 matrix, we may represent it as thilofang matrix using some simplified
notation:

5RSS.  5RSSwp 1
o 5x . 5y 0 (12)
5RSShp! 5RSSap’

H 5x Sy
9 9 9
5RSSwp”  5RSS,,

5x

Sy

Mx3

From (12), we generate the symmetkic' H as:

HTH M

Where:

(rms,)? v »

. (13)
y

v (rms,)?
" 1

"

X y
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rms, root mean square of the x component of maps’ slapéhe coarse position

"

«  mean of the x component of maps’ slopes at thesegaosition

V  sum of products of the x component and y compoaogtite maps’ slopes

rms,, “, corresponding to above x component definitions

We are primarily interested in the radial horizépiasition error:

Horrms \/(Xtrue Xc:oars:)2 (ytrue ycoars:)2 (14)
With (11) obtain:

1 1
(, 2 1 2)
Horrms R | Y (15)
"M@ 87?)
Where,
1M SRSS;\napi Wi SRSSnapi «iyand o 8 (16)
8 o (— s, VT8

i1l X y

This is the desired simplified geometrical expr@ssiAs expected, the error is directly proporticteal
the noise level and inversely proportional to thease root of the number of AP’s. It may be also
noted that this horizontal fix uncertainty in (ZiS)inversely proportional to the variation of thewer

levels amongst the AP’s in both the x and y dioeti(" , and ’ y) and is not dependent on the

absolute power levels. This, of course, assumesttbgower levels are adequate for reception,ignd
based on the assumption of an unknown bias leveldes the apriori RSS maps and measurements. It
can readily be shown that if we did not solve forumknown bias value, as for the case where the bia
value may be small, then the standard deviatiorthefpartial derivatives would be replaced by the
rms of the partial derivatives and there wouldl &té¢ a term in the denominator representing the
penalty for a cross correlation between x and y BiSfes.

For good fix performance the quantitie's, and ’ y must be sufficiently large, implying variation in

received power levels among the participating ARisaddition it is important that the normalized
correlation coefficient,§', should be << 1, indicating that the slope vasiain X and Y directions

be independent. These observations accentuata¢héh&it good position fixing often depends on the
diverse nature of the propagation paths from the #Rhe user. The received power will be a phased
sum of signals from the transmitter arriving ovéfetlent path lengths because of the reflectionsfr
nearby objects and partial blocking by materialshim signal path. The resulting received power may
be greater or less than the line-of-sight signathe® factors that affect propagation and may
fortuitously contribute to thé'sare:

- Multipath propagation that depends on the pasitf the transmitter and receiver relative to
the floor, ceiling, partitions and furnishings.

- Antenna heights and relative polarization.
- Transmission frequency

Of course, these effects are only “valuable”, ® ¢ittent they are repeatable from the time of thp m
survey to the time the user performs measurements.

Ship WiFi Based FOM Evaluation Simulation

Using the formulation derived above, WiFi positiogiFOM estimates for a US Navy ship were
evaluated. Note that some ships are being equippttda WiFi Network to provide shipboard
wireless capability covering significant parts lo¢ tvessel.
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The WiFi coverage on portion of the ship was sinadausing software tool LANPIlanner, which
incorporates ship structure and material effedbe locations of the potential 28 APs are shown in
Figure A-21. The simulated RSS heat map of a pdaticAP is shown in Figure A-22, and the
composite RSS heat map for all 28 APs is shownigure A-23. Note that RSS heat map was
computed at each of 1 meter by 1 meter grid points.
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Figure A-21: Distribution of 28 APs on the ship
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Figure A-22: RSS Heat Map of AP #3

The number ofusable APs for WiFi positioning was counted at each dfl groints and is shown
Figure A-24. An AP was declared to bsableif its RSS was stronger than -85 dBm. Note that t
minimum number of usable APs required for FOM cotapan is 3. Thus, the areas where the
number of usable APs is less than 3 are indicasedtate space. The maximum number of usable
APs at any given point in this simulation was eight
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Heat Map of all APs
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Figure A-23: Composite RSS heat map for all 28 APs

The FOM was computed using the equation (15) gt eache grid points whose number of usable
APs is 3 or larger. Note that the RSS sigma terthé equation was set to unity in FOM computation.
Figure A-25 shows thaormalizedFOM with the unit of meters per dom. The maximaceeptable
FOM value was set to 1. The white space in therédndicates the area where FOM is larger than 1,
or singular due to lack of site signature.

The RSS sigma value estimated from the GWU sunag (30 measurements at each of over 400
reference points) was about 3 dbm which repregbatsoise standard deviation. We assume that the
ship has the similar RSS characteristics as GWU apudy the RSS sigma value from the GWU
experiment for the ship’s FOM. Then, the colorpdce in the figure indicates the area where WiFi
positioning can provide horizontal accuracy betfean 3 meters, which is the requirement for
PASSION. This calculation is considered consereatis the derivation of the FOM assumed a totally
unknown bias RSS power error between the usertendRs.

Figure A-24: Coverage of Number of Available APs Leger Than 3 with RSS > -85dBm
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Figure A-25: FOM (Normalized Horizontal RMS) Distri bution

Mobile Platform Analytical Considerations

The analytical output from PASSION is the user'glihvalue assets and/or personnel) positions
relative to the own ship’s reference point (OSRR)ressed in ship’s coordinates. For example, a
vector description such as x meters forward of @®RP, y meters starboard of the OSRP, and z
meters below the OSRP would uniquely describe #®’sl position in ship coordinates. A change in
terminology to more familiar ship’s jargon such d&smme numbers, deck levels and or
compartment/cabin references can then be easibngaished with a ship’s interior mapping tool. As
previously discussed and as depicted in Figuret@elauxiliary sensors which augment the WiFi are
GPS and MEMS inertial sensors. GPS often provadpssition referenced to an antenna in an Earth
Centered Earth Fixed (ECEF) coordinate frame. WES inertial sensors respond to angular rates
and linear accelerations relative to an inertiahfe of reference. Therefore, in order to utilize th
auxiliary sensors within the context of a ship’orbnate frame solution, we need to address the
appropriate coordinate conversions for a trangjedind rotating ship.

GPS Coordinate Conversion

The three coordinate frames associated with a myaship are:
ECEF coordinate frame (E-frame).

Ship navigation coordinate frame (N-frame)
Ship-body-fixed local coordinate frame (S-frgme

The conversion of GPS ECEF position solutions &ldizal coordinate frame can be carried out using
two-step conversions, ECEF to navigation coordmated then navigation to local coordinates, and
can be written as:
O O (o)
ECEF ECEF S
(Pu PShipsAm) I

Ss
Rosre Ts/ T

N %CEF

where (Figure A-26):

O

PUS OSRP User position in local S-frame

O

PreEF User position in ECEF frame

o

Panreant Ship’s antenna position in ECEF frame
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e Position vector from ship’s antenna to OSRP fleen) in ship’s frame

TS/ Conversion matrix from N-frame to S-frame-
N

Ty Conversion matrix from E-frame to N-frame-
%ECEF

Ship’s ant

F)Shin ant

Figure A-26: Lever Arm Geometry

The OSRP position and the ship’s attitude valueg ®a the ship translates and rotates, respectively
and this information should be available from shipiavigation system to the user for indoor
navigation.

Utilization of Inertial Sensor Data

Further complications arise, when inertial sensmes employed for an outdoor-indoor navigation
system on a moving platform. Inertial sensors liehtty measure the angular rate and acceleration
with respect to inertial space. Therefore, forigation in the ship’s frame, the motion of the ship
(more precisely, ship-fixed local frame) with resp® inertial space should be compensated from the
absolute motion sensed by the inertial sensors.

An additional coordinate frame needs to be deftoefdrmulate IMU measurements. In this research,
it is assumed that the inertial sensor assembiynidy attached to the high value asset (the uaag
that the IMU sensor assembly coordinate framedsstime as the user’s body coordinate frame, which
is defined as follows:

User’s body coordinate frame (B-frameThis coordinate frame is attached to the higheasset (the
user) and centered at the location of user’s lesensor assembly. This frame moves with user’s
translational and angular displacements. The ¥ction is the forward moving direction of the user,
the Y direction corresponds to the right-hand sifiehe user, and the Z direction is perpendicutar t
the floor. Note that the Z direction of B-frametti® same as that of S-frame (deck-to-keel).

Then, the total angular rate sensed by IMU in th&aBe, indicated by super-script ‘B’, can be
written as:

N

iB

22 Angular rate sensed by MEMS gyro, or angular cat-frame with respect inertial space
22 Angular rate of E-frame with respect to inertiphse (Earth rotation rate)

.9§N Angular rate of ship N-frame with respect to Eafiea(ship transport rate)
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.9,35 Angular rate of S-frame with respect to ship N-feam

-923 Angular rate of B-frame with respect to S-frame

The Earth rotation rate, which is about 15 degénegligible compared to the low-cost MEMS gyro

error (~1800 deg/hr). The ship transport rate ciihis mostly less than 1 deg/hr (=~60 knots), $® al
negligible.

The typical attitude rates of navy ships are shawiable A-10 both large and small ships and in
benign and harsh dynamics cases. For large ghipsnign dynamics, the attitude rate of the ship wi

be negligible compared to the low-cost MEMS gyrmoer Thus, in this case, no compensation is
needed and the raw IMU measurements can be takangagar rates of B-frame with respect to S-
frame. For small ships or for large ships in hadsimamics, the IMU measurements should be
compensated by the ship’s attitude rates, whiclagadable from the ship’s navigation system.

. Azimuth
Platform |Dynamics Ejoe” /F;z;t;l(:’dltecr}sl'\;ige Rate
9 9 (deg/sec)
Benign 0.2 0.3 0.1
| arge
Harsh 2.0 14 0.4
Benign 0.4 0.6 0.2
Smal
Harsh 4.0 2.1 1.0

Table A-10: Typical Attitude Rates of Navy Ships

As discussed above, low-cost MEMS IMU gyro sensais not be used to provide adequate heading
information but can be utilized to detect changekédading. Such an application is possible because

the mechanization of the MEMS gyro as a headinghghadetector does not require instantaneous
heading information.

Considering that the Z direction unit vector ofr8rfie and B-frame is identical corresponding to the
deck-to-keel direction, the following equation dfet heading change or delta heading for indoor
navigation can be derived:

deltaHeadig 25 2 t

© SB

%8, t T AP

% NS
where,
Z Unit vector in the direction of deck-to-keel, whicbrresponds to the Z direction of S-frame and B-
frame

25, Angular rate sensed by MEMS IMU in Z-axis of Bfra

TS/ Conversion matrix from N-frame to S-frame
N

;9’515 Ship’s attitude rate vector provided by ship’sigation system

t Indoor navigation filter update time interval

Compensation of Translational Motion of Local Frame
The translational dynamics equation can be wrien

o] b o o]
VST T T g @ 2GR VS Tg @R @ER where,
B N E

VUS User acceleration with respect to the Earth ina®aé

o]
VUS User velocity with respect to the Earth in S-frame
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RS User position in E-frame
v
fB Specific force measured by user in V-frame

g Gravity vector at user position in N-frame

T? Conversion matrix from B-frame to S-frame

B

T7 Conversion matrix from N-frame to S-frame
N

T? Conversion matrix from E-frame to S-frame
E

@]71‘( Skew-matrix for rotation of k-frame with respeatj{frame in m-frame coordinates

Compared to the MEMS accelerometer sensor errérag~= 0.06m/s"2), the Coriolis (the third term)
and centripetal acceleration (the fourth term) seare negligible. Then, the relative acceleratbn
user with respect to OSRP can be obtained by satintgathe acceleration of OSRP from acceleration
sensed by user's MEMS IMU:

8s 8s N
Vo osre WU T%VOSRP

8 8
T%f 8 T%gN T%Vgsw

T%f ? T% 9" Vosre
where,
1:) & Specific force sensed by MEMS accelerometers

g"  Gravity vectorinN-frame 0 0 g,

VC'J“SRP OSRP acceleration with respect to the Earth ima& provided by Ship’s navigation system

As discussed above, low-cost MEMS accelerometesagenare utilized as a horizontal (where
horizontal refers to the x-y ship coordinate plaspged change detector for the indoor navigation
architecture proposed in this research. The hoti#speed change or horizontal delta speed can be
obtained using the following equation:

2

deltaSpegd, \/%OSRP )A(Z \%OSRP y ot

& &8 . - & ]
T%f T%‘g Vosrp X T%f T%g Vosre Y T

& & - & .88 ,°
\/ff T%‘g Vosrp X fYB T%\‘g Vosrp Yt

where,
X Unit vector in the ship’s longitudinal direction
y Unit vector in the ship’s starboard direction

fo Specific force in X direction of B-frame

fo Specific force in Y direction of B-frame

t Indoor navigation filter update time interval

Note that the last step of the above equation earealized because the roll and pitch anglesr;or
B

are zeros. The last form of the above equatioitates that the horizontal delta speed is obtained
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compensating raw MEMS accelerometer measuremertks l@gal gravity and OSRP acceleration,
which are provided by ship’s navigation system thgewith the ship’s attitude angles f6§ .
N

FUTURE NAVAL SHIP PLANS

In addition to the aforementioned issue with respeiertial sensor augmentation, utilization off#V
aboard ships for positioning (as well as for comivations and data transport) has several
considerations that are unique and will need taddressed by the Navy. Some of those that have
been noted are [16]:

a) Wireless data signals penetrate aluminum joingchmads fairly well. Useable data connectivity
is possible at distance of 40 feet through sevmriheads.

b) WiFi signal penetrates through bulkheads on theesdeck; however there is limited penetration
from deck to deck.

c) Possible mutual interference between 802.11a Wigéss points and other systems on ship.

d) As ageneral rule, 802.11g signals performed b#tar 802.11a signals in a given situation.

e) Careful care, consideration and planning are nacgsghere classified data is involved as the
boundaries of reception are soft and variable.

f)  Uniquely, for positioning, the aspect of centralizerver processing versus localized user
processing (multilateral versus unilateral) is avdstream implementation issue.

CONCLUSION

This paper examined some preparations towards mgiéng a Navy initiative of tracking high value
assets and personnel aboard major surface shipatantb. As cost and infrastructure are prime
considerations, the envisioned system consisthefekisting WiFi as the prime indoor observable
supplemented by low cost inertial sensors and @P8utdoor continuity. The WiFi approach utilizes
apriori maps for which an algorithm was developeddsess the figure of merit of the WiFi geometry.
A prototype system was constructed and tested atg8a/Nashington University utilizing multi-sensor
Bayesian estimation algorithms. Results were coetparsing a regularized particle filter with
resampling, aided and unaided by low cost inedgisor delta heading measurements, with simple
instantaneous WiFi nearest neighbor fingerprintahgorithms. It was determined that the unaided
particle filter had 20% better accuracy than therest neighbors. Furthermore, the aided partitté fi
had 37% better accuracy than the unaided pariitdée. fThe delta heading inertially derived sensor
measurements were able to assist the particle &ttéanchor points”, ie, points where a corridor o
passageway junctions imply several possible paftie paper addresses several other unique
considerations associated with ships/mobile platfoincluding FOM/Site Survey formulation, and
compensation of inertial measurements. Plans haee formulated for the surveying of WiFi sites
aboard a navy ship and a subsequent prototype dgration in December 2009.
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Appendix B. Ekahau Performance Evaluation

This appendix discusses the utilization of a consmébased WiFi system.
Specifically, the software and WiFi tags were mawctired by the Ekahau corporation.
The Ekahau system is a pure WiFi system, which eyspa level of fingerprinting
correlation. Their methodology for establishing suevey maps, as well as, their
algorithms are company proprietary. The table baetoawcomparison of Ekahau
positioning with PASSION fingerprinting. It is knovthat the Ekahau survey
methodology is considerably more streamlined thas @mployed to develop the
PASSION maps. Therefore, the survey process emglioyeEkahau takes less time and
effort than the survey process employed for the PI&BI experiment. This makes the
comparison, given in the table below, somewhatstifjed as the survey maps
employed by Ekahau are assumedly inferior to thpsnemployed for the PASSION
fingerprinting algorithm. Nevertheless, it is thbutdpat some comparison was
worthwhile to show. In particular in the figuredd®, one can note that the level of
detall in the position changes of the Ekahau systentess than the PASSION
fingerprinting because their survey maps are lessel

Horizontal Error RMS based on Feb. 09 Nominal Trajetory Testing.

Ekahau PASSION PASSION
Trajectory Description Ekahau(ft) Excluding 2" Fingerprinting Fingerprinting

Floor (ft) K =1 (ft) K =10 (ft)
Normal Walk With Sharp Turn 1 20.12 19.47 9.55 7.92
Normal Walk With Sharp Turn 2 18.65 16.98 9.03 7.70
Normal Walk With Sharp Turn 3 17.34 16.35 7.96 6.75
Normal Walk With Smooth Turn 1 20.39 19.04 8.18 6.84
Normal Walk With Smooth Turn 2 20.53 17.31 8.82 7.28
Fast Walk With Sharp Turn 1 20.70 15.11 8.71 7.35
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Examples of Ekahau Position Results Includin@™-Floor
nomTraj_sharpTurn_l.txt RMS = 20.4156 ft
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Examples of Ekahau Position Results Excluding™-Floor
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