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Abstract 

Multi-Sensor Bayesian Estimation Interior Positioning for Stationary and Mobile 
Structures 

 
Indoor positioning has been a burgeoning technology which has been 

researched and, to date, sparsely implemented using a variety of sensors. This project 

addresses theoretical and practical considerations of a continuous outboard inboard 

positioning system with emphasis on its future implementation aboard Navy or 

commercial ships. The need for positioning systems aboard platforms, such as aircraft 

carriers, to reduce on-board manning, for damage control and maintenance, as well as 

for general personnel and high value asset tracking, is a Naval research initiative.  The 

project evaluates, via analysis and demonstration, the utility of very low cost MEMS 

(gyroscopes and accelerometers) sensors, along with GPS, to augment the WiFi. This 

unique combination of sensors, which has been implemented in hardware and 

modelled in software, is used to explore the tradeoffs among positioning accuracy,  

availability and complexity. 

The first test site for the experimental validation of the prototype system 

hardware and software was chosen as The George Washington University Ashburn 

campus in Northern Virginia. This site was chosen based on its extensive WiFi 

capability as well as it having certain areas with topological and WiFi transmission 

characteristics resembling that of a ship. A description of the WiFi network’s access 

points, received signal strength maps, and overall topology is included. The generation 

of detailed apriori WiFi RSS maps along with the overall test methodology employed, 

necessary to demonstrate a horizontal performance accuracy goal of two meters and 

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-
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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 straightforwardly related to 

each other. A complication, however, arises when a user on a mobile platform 

employs inertial sensors as auxiliary sensors. These sensors inherently measure 

acceleration and angular rate with respect to inertial space and thus are subject 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 to inertial 

space, then algorithms must attempt to separate the users’ relative motion with respect 

to the mobile platform. This topic is analytically addressed in a preliminary fashion 

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 

2009. 
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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 are few commercial 

or military missions that can be accomplished successfully without some knowledge of 

navigation. 

The general attributes of a navigation system include interrelated factors such as: 

a) accuracy, b) availability, c) dynamic limitations, d) environmental sensitivities, e) 

continuity of function, f) integrity/figure of merit annunciation and f) size, weight, 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 are severely attenuated 

by materials, availability of GPS in most indoor and interior applications is generally 

unacceptable. Consequently, a considerable body of research over the last 15 years has 

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 frequency 

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 outdoor-indoor 
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navigation associated with ships at sea. The future Precise At-sea Ship System for 

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 accomplishing this with 

existing WiFi networks, interior infrastructure maps, and GPS/MEMS augmentation. The 

PASSION system provides: a) a new capability for personnel navigation, tracking and 

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 effectiveness and safety of 

personnel.  Shipboard interior navigation is critical for equipment and personnel 

monitoring, safety, damage control operations and maintenance applications. Reduced 

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 repair missions.   

Further motivation for shipboard positioning is found in Defence News of May 

2009: “The Navy’s near-term C4I priorities are maritime domain awareness (MDA), the 

Consolidated Afloat Networks and Enterprise Services (CANES) program and satellite 

communications. In the area of MDA, the Navy used to care primarily about tracking 

ships and airplanes. Now it needs to track the cargo and passengers those ships are 

carrying.” said Christopher Miller, the Navy’s Program Executive Officer for C4I 

(Rosenberg 2009).  

1.2 Unique Contributions of This Work  

This dissertation addresses several unique areas of research. They are as follows: 
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�  Utilization of very low cost MEMS in conjunction with WiFi and GPS: This 

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 commercial 

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. It is also 

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 a full inertial 

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 Systems: This dissertation 

includes results and comparisons from a demonstration of several different types 

of systems and software.  These results include both existing commercial (pure 

WiFi) and unique prototype systems developed as part of this dissertation. 

�  Development of unique non-linear fusion algorithms:  Unique 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 predicted system 

performance. This simple estimate is quantified in the form of a Figure of Merit 

(FOM). In this dissertation an analytical derivation of a FOM is derived. 

Analytical derivations of a FOM are derived for both a specific sample of a 

surveyed WiFi RSS map and for a more general statistical representation utilizing 

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 Specifically Geared 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 in the literature 

has been placed on the calibration of stride lengths and torso motion 

characteristics. For the case of more general items as discussed herein, there are 

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 Floors.  Previous 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 includes testing 

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 related areas of 

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 algorithms, 3.3 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 experiments that 

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 suite. Areas 

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 September 19th 2009. 

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

The George Washington University Ashburn experiment. 
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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 reference to a 

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 shortcomings and can 

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 important for first 

responders who must go into a building during an emergency to perform critical missions 

while putting themselves in danger.  It is well understood that during 9/11 there were 

significant problems with first responders navigating inside the buildings as well as with 

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 capability can be 

used to track people and objects, and directly assist with damage control operations, and 

maintenance applications which can result in reduced manning onboard the carriers.  

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



7 
 

indoor navigation.  The metal walls, complex indoor and outdoor structure lay-out, ship 

dynamics, and the electromagnetic environment all represent major challenges.    

Each positioning technology has its own strengths and weaknesses. Fusing 

techniques should lead to an optimal positioning service in terms of accuracy, integrity, 

availability and continuity of service. Indoor navigation is a challenging field 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, deployment costs and 

scalability are important considerations for any indoor navigation system, and recent 

research activities have focused on these considerations as well in order to address a 

wide range of applications. WiFi networks are rapidly proliferating across all walks of 

life and the technology has emerged as a strong indoor navigation enabler.  Several 

commercial WiFi-based location systems (Ekahau 2009), (Aeroscout 2009) are being 

marketed, and experimental WiFi-based location systems (Bahl and Paramivir 2000), 

(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 Signal Strength (RSS) 

values are discussed. Positioning systems over wireless networks are classified. Key 

performance metrics have been identified for WiFi positioning. These metrics have 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 fused with 
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inertial data, 2) WiFi fused with visual systems, and 3) WiFi fused with ultrasound 

systems. 

2.2 Wireless Based Positioning Systems 

Figure 1 shows the classification of wireless-based positioning systems. 

 

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 transmitters.  This technique 

is used in GSM networks  (Trevisani and Vitaletti 2004). 

WiFi networks use a similar concept to Cell ID called Proximity or Closest 

Access Point method.  The access point with the strongest signal represents the location 

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 locations are 

known can be determined by Received Signal Strength (RSS), Time of Arrival (ToA), or 
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Time Difference of Arrival (TDoA) techniques.  In the RSS technique, measured power 

levels and propagation models are used to determine the users range to at least three 

transmitters such as WiFi APs.   From these ranges, the user is located at the intersection 

of the three circles that are defined by these ranges using triangulation (Gwon, 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 ranges to each of the 

transmitters and triangulation is performed for position determination.   This method 

requires that the clocks at both the user and the transmitters are synchronized so that the 

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 transmitted signal will 

arrive at the reference stations at different times and the time differences of arrival can be 

used to determine to location of the user.  This method requires time synchronization 

between the reference stations.    

AoA technique is based on measuring the angle(s) of arrival of a user transmitted 

signal at two reference stations using bidirectional receiver antennas.  These angles 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 synchronization 

between the user and the reference stations, or between the reference stations.     

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, blockage, 

reflection, and multipath affects of the signal.  Attenuation happens when the power of 
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the RF signal decreases due to full or partial blockages. The bouncing off affects of RF 

signals in different directions is called reflection. Multipath happens when versions of 

the same signal is received at the user.  Figure 2 shows the geometry of lateration and 

angulation. 

 

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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Figure 3 Proximity Considers Communication Area of AP as User's Position 

 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 particular cell (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 determine the 

location of a user.  GPS receivers use trilateration technique based on the TOA of 

satellite transmissions. The systems’ high accuracy and continuous worldwide outdoor 

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 signal 

without interference to the actual GPS signal.  In cases where GPS signals are very weak 

or completely unavailable, pseudolites can be used as an additional signal source to assist 
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with navigation.  Also unlike satellites, pseudolites are generally stationary 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 their position.   The 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 aircraft landings with accuracies in 

the centimeter level (Cobb, 1997).  Among the challenges associated with pseudolites are 

1) the near/far problem associated with maintaining a range in power levels as the user 

moves, 2) GPS signal blanking when pulsed pseudolite signals are used simultaneously 

by the user, 3) multipath when pseudolite signals are reflected off another structure and 

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 the cm range 

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 solve the near/far 

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) a seamless 

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 throughout an indoor space.  

Extremely-low-frequency magnetic fields are capable of penetrating walls and other 
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obstructions.  (Prigge, 2004) shows by sampling the amplitude of the local magnetic field 

and processing these samples using pseudorandom codes and novel algorithms, position 

accuracies in the cm range are achievable using this technique.  However, there are 

several limitations that exist with this technique:  first is the short range of the beacons, 

and the second is the drop in performance in environments with large ferromagnetic 

deposits (Prigge, 2004).  This second aspect is particularly important when considering 

this technique for an aircraft carrier.  First, the metal composition of the ship will 

significantly degrade this system when new magnetic fields are created due to the 

electric currents resulting from the time varying magnetic fields of the beacons.  Second, 

magnetic field created by the beacons, the currents generated by them in the ship’s 

superstructure, and the resulting magnetic fields from these currents may adversely 

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.  However, significant 

issues remain with respect to multipath effects which can cause large ranging errors.  

(Pahlavan, 2006) provides a framework for modeling these ranging errors. These models 

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 RightSPOT.  

Position accuracies in the order of a kilometre have been reported using this technique 

(Krumm, Cermak and Horvitz 2003).   

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

dead-reckoning systems that are widely used for positioning applications.  Using a set of 



14 
 

accelerometers and gyroscopes they provide continuous position, velocity, and attitude 

information.  INS’s drift over time, and their sensor qualities determine the short and 

long term system accuracies of the system   (Pierre-Yves and others 2004) (Pierre-Yves, 

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. WiFi 

technology requires no additional infrastructure to be installed in addition to those 

already available for wireless networking. 

Table 1 Location Technologies 

System Year Indoor Cost Interference Accuracy Position  Scalability Calibration 

required 

GPS 1970s No Low Low High Yes Yes No 

RFID 1990s Yes High High High No Yes Yes 

Infrared 1990s Yes High High High Yes Yes Yes 

Ultrasonic  1990s Yes High Low High No  Yes Yes 

Bluetooth 1990s Yes Low Low High Yes Yes Yes 

Inertial 1940s Yes High Low High No No Yes 

GSM 

WiFi 

1980s 

1990s 

Yes 

Yes 

Low 

Low 

High 

Low 

Low 

Med 

No 

Yes 

No 

Yes 

No 

No 

2.4 WiFi Positioning 

 The IEEE 802.11b wireless Ethernet standard, called Wi-Fi, is now widely used for 

networking and communication worldwide.  Using the Wi-Fi infrastructure already 

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 Access Points (AP) act as 

reference points, and a user carrying a Wi-Fi equipped device such as a personal data 
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assistant (PDA) measures the signal strength from AP’s within range and then compares 

signal strengths to previously mapped data.  Location can then be determined by the user 

and this information can be sent to a central server via Wi-Fi for tracking.   (Xiang, Song, 

Chen, and Wang, 2004) have developed novel algorithms that resulted in 2 meter 

accuracy with 90% probability for static users, and 5 meter accuracy with 90% accuracy 

for mobile users.  A similar effort proposes to use a Bayesian localization framework 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 concept for using 

measurements from a Wi-Fi system to determine real-time accurate location information.  

However, there are many challenges that need to be addressed.  Limited research on 

analytical models that can be used as a design tool to achieve a balance between design 

considerations has been performed (Kaemarungsi, 2005).  This work looks at both the 

deterministic and probabilistic approaches of location “fingerprint” representations of 

wireless networks to predict the performance of these systems.  This work focuses on the 

study and characterization of the unique properties of the received signal strength pattern 

through an extensive measurement campaign.  However, some assumptions limit the 

scope of this work since only stationary cases are considered, and the indoor positioning 

system is assumed to be overlaid on top of an existing Wi-Fi infrastructure where the 

optimum placement of the Wi-Fi infrastructure was not considered.  In summary, 

multipath effects, AP placement and density, network traffic, environmental conditions, 

people density, and building geometry all play a critical role in utilizing Wi-Fi for 

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 performed by measuring 

the received signal strengths from all visible access points (APs) at known 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 calculate its location.  

During the online tracking phase, the user device performs map matching between the 

previously collected data during the offline training phase with the data collected during 

the online tracking phase.  In order to facilitate this, RSS data called “fingerprints” is 

saved in a database that contains the AP MAC and RSS values (Widyaman, Martin and 

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 important role over 

how it propagates in the environment. 

 

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 was made and 

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 radio signals. 

The average received signal strength can be reduced by approximately 8 dBm when 

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 have an adverse 

impact on the signal. WiFi signals operate at a radio frequency of 2.4 GHz, which is also 

the resonant frequency of water.  Research shows that environment with a high relative 

humidity (RH) level tends to attenuate the signal. The average received signal strength 

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 the area of 

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 to calculate the 

user position.  The RADAR system is an example of this method (Paramvir, 

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

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

model is used in various systems.  It can be modelled by: 
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�  value can range between 2 and 3 depending on indoor versus outdoor 

environments respectively although considerable variation from -0.1 to 3.3 can be found 

in the literature (Bensky 2006). For indoor environments, this parameter needs to be 

tuned, as it may vary according to the structure of the building. This parameter is rather 

important as it may significantly change the estimation of the distance. Once the ranges 

are estimated, then the user position can be determined using a multi-lateration 

algorithm. Further investigations showed that combining the errors coming from the 

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

does not improve the positioning accuracy. 
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Fingerprinting consists of signal strength footprints or signatures that characterize 

the WiFi coverage at known positions in the environment. The Motley-Keenan model 

shows that the received powers change as a function of the distance separating the access 
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points from the mobile and the propagation (Widyaman, Martin and Dirk Pesch Klepal 

2001). 

Power maps are an alternative to the Motley-Keenan or other analytical 

propagation model. They allow transforming some tuples belonging to the received 

signal strength space, into positions belonging to metric space. This database is 

convenient because it really takes into account the local complex propagation, as it is 

built with real measurements. Thanks to the reverse operation, given a tuples of received 

signal strength, it is possible to find the received signal strength tuples in the database 

that match the instantaneous one received. Different algorithms can be used to achieve 

this operation. The closest neighbour algorithm or k closest neighbours algorithm (Bahl 

and Padmanabhan 2000) can be used. This algorithm consists in searching in the 

database either the closest neighbour or the k closest neighbours given the following 

criterion: 
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“ � ” represents the index over the received APs, and (xk, yk) represents the 

positions referenced in the database. 

Basic WiFi positioning suffers from the fluctuations of the received signal 

strength. The signal strength fluctuates over the time due to the non-stationary (i.e., 

temporal variations) of the channel and the RF impairments. In dense database, those 

signal strength fluctuations will induce the closest neighbour algorithm to continuously 

choose a different position for the user even if he is not moving. The delivered position 

could be in the vicinity of the real position (within 2 to 3 meters or even worse if the 



20 
 

signal strength is greatly different from the recorded mean values), so reducing the effect 

of those instantaneous fluctuations is necessary to improve this rough positioning.    
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This model computes indoor signal values without requiring information about 

the floor plan. The signal strength decreases as the signal travels.  path loss is (COST321 

1998). Equation 3 represents the path loss. 

L(d) = L0 + 10 ×n ×log(d)                                                                        (3) 

 L0 = signal attenuation for 1 meter 

  n =  a scale factor   

d =  the distance in units of meters 
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This model uses the attenuation factors resulting from walls and other obstacles 

(COST321 1998). The signal attenuation is given by Equation 4. Equation 5 is the 

mathematical equation for LWalls.  Equation 6 is the mathematical equation for the LFloors.  

LMWM = L1 + 20 log(d) + LWalls + LFloors                                                                        (4) 
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ffFloors kaL 
                                                                                             (6) 

 Where,  

LMWM = signal attenuation (dB) 

 L1 = free space loss  

 LWalls = attenuation due to walls (dB) 

 LFloors = attenuation due to floors (dB) 
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iwa  = attenuation due to wall of ith kind (dB).  

iwk = the number of walls of the ith kind 

 I = number of different kind of walls  

af  = attentuation of one floor (dB).  

kf  = number of floors.  
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The Motif Model combines the strengths of previous methods and uses ray 

tracing.  
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Inertial Navigational Systems (INSs) are self-contained, non-radiating, non-

jammable, dead-reckoning navigation systems. Gyroscopes measure angular rates, and 

accelerometers measure accelerations.  INS errors grow over time.  INSs are generally 

integrated with other sensors so that the integrated system can leverage off the strengths 

of each system. 

For the WiFi based positioning, research has been conducted in combining WiFi 

with INS sensors using sequential Monte Carlo methods (Evennou and Marx 2006).  In 

order to ease the computational burden on the particle filter, a Kalman filter is used to 

estimate the INS sensor errors. This combination has led to an improved system 

positioning performance for the user where the architecture is represented in Figure 5 

(Evennou and Marx 2006). 
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The dynamic model is represented by equations 7 and 8 below.    
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The dynamic model is represented by Equation 7. The process noise of zero mean 

Gaussian noise with a 0.1 m/s2 variance is used to model a pedestrian. 
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vk and � k are provided by the accelerometers and gyroscopes respectively. Equations (9- 

13) represent the mechanization of the Kalman filter. 

Tkkk ��	
 	
	 ��� �

1                                                                                     
(9) 

WiFi RSS 
Measurement 

Matching  
Algorithm 

Reference 
Positioning 
Database 

  
Particle Filter  

  
Kalman Filter 
 

 
 
IMU sensor data 

 
 
Trajectory 
 

 
Trajectory angle delivered  
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Figure 5 Block Diagram of the WiFi/INS 



23 
 

1	
	 �
 kk PQP                                                                                           (10) 

� � 1			 ��
 RPPK kkk                                                                                (11) 

� �		 	�
 kkkk K ���� trajectory                                                                      (12) 

� 
 	�	
 kkk PKP 1                                                                                      (13) 

Evennou and Marx conducted experiments in a 40 m by 40 m building with AP’s 

in each corner.   

In Evennou and Marx ‘s first experiment the performance of the k-closest 

neighbours fingerprinting and probabilistic estimation fingerprinting were used. Te 

probabilistic approach provided more accurate results. In Evennou and Marx’s second 

experiment used a particle filter. Using the particle filter and the building map 

information, smooth and realistic results were demonstrated.  In Evennou and Marx’s 

third experiment, INS sensors were used in indoor environment.  In Evennou and Marx’s 

fourth experiment, particle filter was used to combine WiFi measurements with the INS.  

In summary three meter accuracy was obtained for the simple techniques. Less 

than two meter accuracy was obtained from using sequential monte-carlo techniques 

using an apriori RSS map and the structural map of the building. 
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Ocana, Bergasa, and Sotelo did navigation research for indoor environment using 

data fusion of WiFi strength, dead reckoning and ultrasound range sensors (Ocana, 

Bergasa and Sotelo 2004). They used a probabilistic approach for global localization 

using WiFi and dead reckoning readings fused into a particle filter. 
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Ocana, Bergasa, and Sotelo used a probabilistic approach based on the fusion of 

WiFi data, dead reckoning methods, and ultrasound range sensors (Ocana, Bergasa and 

Sotelo 2004). The first step involved the building of a wireless-map of the environment. 

The localization was done using a Particle Filter.  

Ocana, Bergasa, and Sotelo used an area with the dimensions of 60 m by 60 m 

containing 50 different rooms. Seven Buffalo Access Points (WBRE-54G) were 

installed. Five APs were connected to omni-directional antennas and 2 APs were 

connected to antennas of 120 degrees of horizontal beam-width.  

Ocana, Bergasa, and Sotelo found four results from their research. First, signal 

strength is quite stable and consistent in an indoor environment without people. Second, 

it was difficult to build a propagation model for indoor environment. Third, when 

demonstrating small-scale variations, the research team found it was possible to obtain 

orthogonal orientations and the position of the robot. Fourth, localization was improved 

when ultrasound ranges were fused with the particle filter (Ocana, Bergasa and Sotelo 

2004). 

In summary this literature search has revealed a number of methods that have 

been researched for indoor navigation.  These methods investigated using pseudolites, 

magnetic, wireless, inertial, ultrasound and ultra-wide-band technologies in a single 

stand-alone configuration for indoor applications.  These methods all have strengths and 

weaknesses.  Additional techniques using RF-ID, infrared, micro-electromechanical-

machined-system inertial measurement units (MEMS IMU), and all-software GPS 

receivers should also be looked at to see how they may fit into an integrated design to 

address the needs of a shipboard interior exterior navigation system.  The literature 



25 
 

search revealed no dissertations or journal articles specifically for the shipboard 

environment suggesting that this is a fertile area for research. 
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Chapter 3. Algorithm Development 

3.1 Indoor Bayesian Fusion Filter 
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Bayesian estimation requires solution of the general integral: 
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where N independent samplesix are drawn from the density function )(x�  or the case of 

Bayesian estimation, the underlying probability density function )(x�  is the posterior 

density 
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Where, 

 kX    Sequence of all states up to time k 

 kZ    Sequence of all measurements up to time k 

Typically, the underlying density function )(x�  is difficult to generate random 

samples from.  As an alternative, a “similar” density function, q(x), may be selected that 

is feasible to generate random samples from.  This similar density function is referred to 

as the importance or proposal density.  The objective integral may then be rewritten  
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Thus, from Equation (21) the corresponding statistical/numerical integration 

becomes 
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Where, the importance weights are defined as, 
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Thus the random variablesix are enabled to be generated from the more tractable 

importance function q(x) while knowledge of � (x) and q(x) enable weight evaluation via 

Equation (24). 
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The posteriori density function at time k may be rewritten in terms of previous 

state and measurement history  
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by selecting the importance density to recursively factorize such that 
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the particle weight formulation may also be recursively formulated 
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Given the current importance function and weights determined from Equations 

(26) and (27), the Bayesian state estimate may be determined by the corresponding 

weighted mean 
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In order to limit application memory requirements, it is generally assumed that 

the current state is determined only by the prior state; i.e., state evolution is governed by 

a Markov Chain process.  Thus from Equation (27) the Markov form of the particle 

weight update equation becomes 
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Selection of the importance function determines both implementation feasibility 

and resulting algorithm performance in terms of minimizing the variance of importance 

weights.  It has been demonstrated that the importance function resulting in the optimal 

minimum variance estimator is 
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Substitution into Equation (29), the particle weight update equation becomes
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Generally, use of the optimal density functions, Equations (30) and (31), is 

prohibitively difficult; consequently, suboptimal importance functions are typically used. 

As a consequence of the general impracticalities of directly employing the 

optimal Importance Density described above, suboptimal strategies are used.  Most of 

these strategies make the suboptimal choice of the transitional density function 
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The corresponding suboptimal particle weight update equation becomes 
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Summarizing the preceding Markov-based recursive weight propagation 

formulation, we obtain the Sequential Importance Sampling algorithm summarized in 

Table 2.   

 
Table 2 Sequential Importance Sampling Algorithm 

The basic form of the SIS algorithm suffers from “degeneracy”; i.e., after a finite 

number of recursive iterations, all but one particle will have a negligible weight.  The 

solution to eliminating degeneracy is resampling.  Resampling is the process by which 

particles are regenerated to reflect the more “important” higher-weight samples.  A 

uniform weight is then assigned to the remaining particles so that degeneracy is 

prevented.  Systematic Resampling is a popular and computationally efficient 

implementation of resampling.  However, resampling can result in loss of particle 

“diversity”. 
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The most common implementations of the PF are derived from SIS with approaches 

to mitigate the problems of degeneration and diversity by the appropriate choice of 

importance sampling density, and modified resampling. 

Among the various alternative PF algorithms exercising above strategies are: 

1. Regularized PF (RPF) 

2.   Markov Chain Monte Carlo (MCMC) PF  
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The RPF modifies resampling by jittering or “dithering” the discrete resampled 

values, i
kx , generated by the SIS process. 
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This results in effectively resampling from a continuous approximation of the 

posterior density rather than the discrete approximation used by the systematic 

resampling algorithm.  This results in improved particle diversity.   

The desired empirical covariance matrix may be determined as follows: 
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where 
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Given that the desired dither parameter kD  is defined so that 
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then kD simply becomes 
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From (23), the second dither parameter, opth , for the Gaussian assumption 

becomes 
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Rigorous implementation of the RPF algorithm employs the Epanechnikov kernel 

to generate the actual dither noise, &.  However, in order to reduce computational load, 

the zero mean unit variance Gaussian kernel is typically employed 

# $1,0~ N&                                                                                               (42) 

A summary of the RPF algorithm appears in Table 3 below. 
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Table 3 Regularized Particle Filter 
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In order to support incremental algorithm upgrade as well as maintainability, the 

PF implementation is highly modular as depicted in Figure 6. The functionality is 

detailed in the subsequent sections. 
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Figure 6  Particle Filter Architecture 
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If GPS is available, GPS position solution can be used to initialize PF.  

Otherwise, initial position solution can be estimated using fingerprinting approach.   

Based upon a series of initial positions, corresponding velocity measurements may be 

generated.  In order to minimize the impact of RSS database volatility, a span (lag) over 

multiple time samples is used to improve velocity measurement quality. 
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Physical measurements are derived from RSS measurements at the user’s location 

at time t = tk.  Individual RSS measurements are performed for all WIFI access points. 

� 
apyxRSSrss kkkap ,,

                                                                     (44) 

At every sample time, three RSS logical measurements are sampled from each of 

physically distinct access points.  Since the three virtual access point values correspond 

to the same physical location, frequency and propagation path, they can be averaged: 
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With the exception of initialization, comparison of the RSS measurement vector 

with the RSS database is performed over a local portion of the reference table rather than 

the entire table.  This conserves both computation time and reduces the likelihood of 

ambiguous position estimates.  Given the maximum anticipated user motion for the 

current region of user position, # $maxmax , vyvx , reference table search is performed as 

follows 
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Similar to initialization, averaging over the M best-match RSS regions is 

performed to minimize the impact of outliers 
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Based upon position and velocity particles determined at the time of the previous 

measurement sample, all particles are propagated forward via the system state transition 

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

� 
i
kk

i
k xxpx 1~ 	 .  When the additive noise term is presumed to be Gaussian, the transition 

function becomes the multivariate Gaussian distribution.  However if the user motion 

state parameters are assumed independent and identically distributed (i.i.d.:  generally a 

valid assumption), then current particle state particles may be separately generated from 

independent normal distributions: 
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where,  

i
kx 1	  = Previous iteration resampled x-position particle “i” 

x'  = Standard deviation describing user x-position uncertainty 

Similar results pertain to the y coordinate and vx and vy velocity components. 
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Separate particle weights are associated with position and velocity measurements.  

Position weights reflect a measure of consistency between particle position and the best 

match position defined by reference table look up based upon the current RSS 

measurement.  Given that the actual underlying measurement density function is 

unknown, a Gaussian distribution is selected for its generality.  
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Normalizing weights to unity is next performed 

�
�
�
�
�

�

�

�
�
�
�
�

�

�




�



N

i

i
nPos

i
nPosi

nPos

w

w
w

1

)(

)(
)(~

                                                                                

(51) 

Given that there is no direct measurement of user velocity, velocity particles are 

determined from change of user position estimates.  In order to minimize the impact of 

estimation noise, an increased time or “lag” between position samples is used 
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The corresponding velocity weight then becomes 
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Again, normalizing weights to unity is performed 
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Effective sample size is employed as a decision threshold to mitigate the 

occurrence of particle degeneracy 
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(55) 

As a decision criteria, resampling occurs only when effN̂ < Threshold for some 

preselected decision threshold.  However, it is important to observe that resampling 

results in fewer particles which give rise to a less accurate estimate of the desired 

posterior density function.  Once effN̂  drops beneath a fixed threshold (say 75%), then 

resampling is initiated. 
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The resampling algorithm is summarized in Figure 7.  If the effective sample size 

defined in Section 4.1.6 drops below the fixed threshold=75% of N, then the process of 

resampling is initiated.  As indicated in the figure, particles are first resampled by 

method of systematic resampling.  In order to avoid particle degeneracy induced by 

conventional resampling, all particles are jittered about their present value so as to 

generated new and non-repeated particles.  This essentially improves the effective 

resolution of the particle distribution.  The underlying steps of the resampling algorithm 

are detailed in the following sections. 
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Figure 7  Resampling Flowchart 

A variety of resampling strategies are available.  Systematic sampling (Ristic, 

Arulampalam and Gordon 2004) is a commonly employed procedure selected for its 

computational efficiency.  The algorithm is detailed in Table 4. 
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Given that dither parameters are determined by the state dimension, � x 
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For the two dimensional state previously defined, we obtain � x = 2, so that 
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Thus, 
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In order to mitigate particle degeneracy inherent in resampling, resampled 

particles are jittered or “dithered” 
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This results in effectively resampling from a continuous approximation of the 

posterior density rather than the discrete approximation used by the systematic 

resampling algorithm.  The dither term,kD  is computed from the empirical covariance 

matrix  
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Assuming that state parameters are independent for the xn dimensional state 
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The corresponding empirical covariance matrix is determined as follows: 
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where, 
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Given that the desired dither parameter kD  is defined so that 
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Then kD simply becomes 
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The second dither parameter, opth , for the Gaussian assumption becomes 
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The final component to dither compensation is noise generation scaled by the 

effective standard deviation term, kopt Dh .  The dither noise itself is generated from a 

zero mean unit variance Gaussian kernel, )( i
k& , # $1,0~ N&  

Once the dither parameters and noise have been generated, the resampled 

particles may be dithered to yield a new set of increased diversity particles  
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Once the resampled, dithered particles have been generated, position and velocity 

estimates are derived from their respective means  
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These solutions constitute the current RSS-based navigation solution.  The 

corresponding particles are then retained for the subsequent particle filter processing 

iteration.  
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For purposes of simple measurement smoothing, any conventional filtering 

algorithm including the Kalman Filter (KF) is suitable.  However, if the rich scope of 

structure constraint information and availability of complementary sensors is to be 

integrated into the solution strategy, the resulting nonlinearity degrades KF applicability.  

Moreover, alternative nonlinear algorithms often presume a model structure that 

complicates general sensor fusion.  From this perspective, Particle Filtering (PF) has 

been selected as a robust algorithm strategy capable of rapidly accommodating multiple 

sensors, structural constraints and varied scenarios.  The objective of  PF filtering 

application to indoor navigation is to integrate and smooth raw sensor measurements so 

as to yield a robust position estimate superior in geolocation precision than any 
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individual sensor measurement alone and generally superior in performance to 

conventional filtering algorithm strategies.  

Utilizing MEMS inertial sensors as auxiliary sensor aiding to the PF was 

investigated and implemented.  The first consideration of PF integration of inertial sensor 

measurements is determining which measurement components are appropriate for 

integration.  Since RSS measurements do not provide velocity information and RSS 

difference measurements are noisy, an independent source of velocity information is 

highly desirable.  Unfortunately, it has been determined that with low rate MEMS 

inertial sensor devices, velocity measurement errors are unacceptably large  The same 

applies to MEMS-based absolute heading measurements.  However, change of heading 

and change of velocity provide valuable information regarding trajectory change 

detection.  In comparing true trajectory change behavior against measured heading 

change and velocity change, heading change supports reliable consistency with actual 

trajectory direction change while velocity change proved less reliable.  However, it is 

believed that velocity change will provide a valuable indicator of start/stop behaviour 

suitable for inventory monitoring.  These applications will be addressed in future 

investigations. 

In order to determine when delta heading indicates trajectory change, a decision 

threshold is required.  By investigating the available data sets, a threshold of 

approximately 17o was selected to yield consistent detection of trajectory change with no 

observed false alarms. 

Once change of trajectory is reliably indicated, the mechanism as to how the 

particle filter responds to a trajectory change was formulated.  Initially, strategies such as 

modifying particle filter plant and measurement variance was investigated.  However 
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filter responsiveness was only moderately improved.  The most effective trajectory 

change response strategy was to associate detected trajectory changes with building 

constraint positions that would initiate a PF position estimate change.  This was 

accomplished by searching for the nearest building milestone position (end of corridor, 

etc.) relative to the current PF estimated user position.  If the closest milestone position 

corresponded to a feasible distance given historical user speed, then the current estimated 

position would be replaced by the building constrained milestone position.  Moreover, by 

further imposing building constraints the feasible next direction(s) of user motion could 

be determined.   

In general, at each milestone position, a minimum of two trajectories are feasible:  

continued forward motion or back tracking.  Moreover, at intersections feasible branch 

directions become possible as depicted in Figure 8. 

 
Figure 8 PF Feasible Trajectory Assessment 

Under such instances, new particles are generated such that each particle cluster 

corresponds to an alternative trajectory hypothesis.  Once a succession of RSS and sensor 

measurements has been processed, the consistency of measurements with candidate 

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

the one valid trajectory. 

 

3.2 Figure of Merit 
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A Figure of Merit is intended to apply a quality indication to the predicted 

positioning performance at any location of a system configuration. For simplicity, it is 

often quantified as an integer from one to ten and then that integer is related to 

positioning accuracy performance. The term “site signature” may also be employed in 

addition to or instead of FOM as it is intended to provide a relatively simple indication of 

the quality of the geometry and pattern recognition aspects of the WiFi fingerprinting 

configuration. In this respect it can also be used to represent the sensitivity of positioning 

accuracy to small incremental changes in the WiFi geometry. We shall use the term site 

signature interchangeably with FOM in the remaining part of this Section. The site 

signature can be used either in a real time fashion where it would use the actual 

measurements received to estimate the position accuracy or in a predictive fashion to 

estimate the future performance assuming some geometric configuration of APs, 

topology and user position. As a predictive estimate it can be used with the actual survey 

maps or prior to survey map creation using predictive WiFi coverage software tools such 

as Airchitek or LANPlanner. 

A site signature should not be expected to incorporate all the detailed subtleties of 

a particular algorithmic implementation, but should rather be agnostic in terms of the 

detailed algorithms, thereby reflecting the overall quality of the WiFi access point 

geometry and other constraining factors. This agnostic aspect, while perhaps limiting the 
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the fidelity of the positioning accuracy prediction under certain circumstances, helps 

make the concept portable to different manufacturer’s implementations. Another 

important aspect of the development of the site/signature/FOM is tractability. Various 

simplifying assumptions are made that enable analytical expressions which provide 

predictive guidelines for understanding achievable WiFi accuracy. In this dissertation 

analytical derivations of FOM are given. Analytical derivations of a FOM are derived for 

both a specific sample of a surveyed WiFi RSS map and for a more general statistical 

representation utilizing a stochastic model of the WiFi RSS spatial variations. These are 

characterized for both the case of instantaneous measurements at a single instant of time 

and for multiple observations at different times. The latter case must incorporate models 

of the user motion, or equivalently, models of the uncertainty in the dead reckoning 

device used to estimate the position changes between WiFi measurements. These 

derivations have not been reported in previous research. 

In Part II of this Section, we derive the site signature for the instantaneous 

measurement case.  In Part III, we extend the analysis to simple dead reckoned cases.  

Part IV examines the utility of stochastic representations of the RSS power.  Part V 

utilizes the stochastic representations to examine linearity assumptions. 

Inherent in the fingerprinting process is the existence of apriori maps. These 

maps can be made by dedicated surveying or by using software propagation tools such as 

Airchitek or LANPlanner. In this development, for simplicity, we assume the maps of 

received signal power from each Access Point are continuous functions of the horizontal 

coordinates, x and y. Extension of the following methodology to the three dimensional 

case, which would include the representation of received signal power at different 
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vertical deck levels, with survey maps at discrete grid points is straightforward. We 

denote the Received Signal Strength (RSS) map associated with Access Point (AP), j, as: 

Mjyxz j
Map ....1),( 
                                                                             (72) 

where M is the number of Access Points for which there are maps. The maps have errors 

incurred during the survey process. We represent the maps in terms of the “truth” RSS 

signal as: 

),(),(),( yxwyxzyxz j
Map

jj
Map �
                                                           (73) 

The errors in the survey maps, ),( yxw
j

Map , may be caused by the usual 

assortment of electronic variations, multipath changes, temporal variations, antenna 

directivity variations, and quantization effects. The errors in the survey map may be 

characterized both temporally and spatially as independent and correlated errors. 

Equation (73) holds true for all ),( yx   for which there are maps including the 

specific ),( truetrue yx that represents the unknown solution, i.e user’s position, desired. In 

particular: 

 ),(),(),( truetrue
j

Maptruetrue
j

truetrue
j
Map yxwyxzyxz �
                                (74) 

In principle, the maps can also be made a function of the orientation of the user’s 

receiver as has been suggested for the COMPASS and WIFE systems; this additional 

complexity will not be addressed herein.  
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In this section we begin to characterize the “instantaneous” FOM/Site Signature. 

By instantaneous, we mean that it refers to the performance based on measurements at 

only one time. Strictly, if the M measurements do not arrive simultaneously, we neglect 
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any position changes that may occur during the accumulation of measurements from 

each of the M AP’s. The more general case of the calculation of FOMs for non-

instantaneous measurements is treated in a subsequent section.  

A vector of WiFi measurements from the M APs is denoted as: 

))(),(())(),(( ktruektrueMeas
j

ktruektrue
jj

Meas tytxwtytxzz �
  Mj ....1
                    
(75) 

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

this represents one vector of measurements at a single time, ktt 
 . Also 

))(),(( kkMeas
j tytxw  is the noise in the measurement.  It is assumed we have a coarse 

estimate of position, denoted as )(),( kcoarsekcoarse tytx . At this juncture, it is useful to 

employ a Taylor series expansion of the WiFi maps about the coarse estimate of position, 

)(),( kcoarsekcoarse tytx : 

),( truetrue
j
Map yxz 4

� � � �

Mjyy

yx
y

z
xxyx

x

z
yxz

coarsetrue

coarsecoarse

j
Map

coarsetruecoarsecoarse

j
Map

coarsecoarse
j
Map

...1)(

,)(,),(
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(76) 

In the above, the brackets mean that the partial derivatives are evaluated at that 

point on the map. The partial derivatives are the slopes of the WiFi RSS power surfaces 

at the location denoted by � �coarsecoarse yx , . When the map is represented by discrete grid 

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

yield the partial derivatives. Implicit in the above assumption is that the WiFi RSS maps 

do not change slope significantly over the distance between ),( truetrue yx and ),( coarsecoarse yx

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

to determine ),( coarsecoarse yx . 
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Combining (74) and (76) we obtain: 

)(

)(),(),(),(

coarsetrue

j
Map

coarsetrue

j
Map

coarsecoarse
j

MaptruetrueMap
j

truetrue
j

yy
y
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xx
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z
yxzyxwyxz
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5
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     (77) 

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

M1j     )()( 6
	�	
5

5
�	

5

5
4	 j

Map
j
Meascoarsetrue

j
Map

coarsetrue

j
Mapj

Map
j
Meas wwyy

y

z
xx

x

z
zz

(78) 

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

and evaluation location for the partial derivatives) arguments for notational brevity.  

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

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

represented non-linearly as follows: 

)(),(log10))(())((
0

0 tnyxXd
dndbmdPdbmdP ���

�
�

�
�
�	
 '

                                  
(79) 

where, 
))(( dbmdP = received power in dBm 

))(( 0 dbmdP = received power in dbm at a “close in” reference distance 0d

. 

 n = path loss exponent parameter 

 d = distance between transmitter (M) and receiver 

d0 = “”close in” reference distance 

X0 = Random spatial stochastic representation of the conglomeration of 

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

penetrations… 
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Values of the propagation exponent n have been reported in the literature from -

0.1 to 3.3.  The survey maps embody (79), to the extent of its conformance with the 

actual survey measurements, and are dense enough such that linearization about a coarse 

position can be performed.�

 
In general, the WiFi survey maps are made at an earlier time (perhaps even years 

earlier), than when the user is trying to determine his position. Furthermore they likely 

would be made with a different WiFi transceiver than the user has. This, in practice, 

results in the maps having a different RSS power bias level than the user’s 

measurements. In addition, some WiFi networks change their power levels dynamically 

which could contribute to the bias offset between maps and user power measurements. 

Thus there is likely to be a large bias value, common to the difference between the user’s 

measurement and all the M maps. The bias value, which is spatially constant over the 

mapped regions and temporally constant over the user’s measurement period (for the 

subsequent case of non-instantaneous measurements) can be significantly larger than the 

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

may designate 
j

Map
j
Meas ww 	 as having a bias component for all j which we shall call B. 

We may then write, Bnww jj
Map

j
Meas �
	  , where we have combined the effects of map 
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and measurement noises, as it is their difference that is of principle interest.  We will 

discuss further some quantitative aspects of the bias term, B, in Section II, Subsection f. 

We may then combine with (78) to obtain: 

j
Measz - j

Mapz  4 Bnyy
y
z

xx
x
z j

coarse

j

coarse

j

��	
5
5

�	
5
5

)()(      j=1…M                (80) 

Equation (80) represents M equations in three unknowns, .,, Byyxx coarsecoarse 		  

The other quantities, except for the 
jn  are all known from the measurements and maps 

in conjunction with the knowledge of coarse position. 

Assuming we have more than three APs, we can employ weighted least squares 

estimation to solve the over determined problem. As will also be shown subsequently, 

the weighted least squares estimate can be directly related to the optimal Bayes solution 

under certain assumptions. 

We can write the Equations (80) as: 

nxHz ��
                                                                                             (81) 

where z = j
Measz - j

Mapz is an M element vector, H is a M row by 3 column matrix 

consisting of the partial derivatives in the first two columns and 1’s in the last column, 

and n is an M-vector of measurement noise, whose statistical characteristics are not 

defined yet and x� =

�
�
�

�

�

�
�
�

�

�
	

	

B

yy

xx

coarsetrue

coarsetrue

 are the unknowns.  

Equations (81) represent M equations in the three unknowns, the components of 

the x� vector (actually since coarsex  and coarsey  are assumed known, then truex
 and truey  

can be considered the unknowns). It is furthermore assumed M > 3. 
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A classical method of estimating an over determined solution is weighted least 

squares estimation. It shall be shown subsequently, under further restrictions on the 

distributions of the variables, this WLSE is equivalent to a maximum likelihood 

estimation (MLE). For that WLSE we want to use the measured z  to generate an 

estimate, x̂�  , of the unknown x� . Thus, we want to find the value of x̂�  that 

minimizes the weighted sum of squares of the M components of the vector xHz ˆ�	 . 

Letting W  be a general (M x M) weighting matrix, then we want to find the 

vector x̂�  that minimizes the scalar cost C: 

]ˆ[]ˆ[
2
1

xHzWxHz �	�	
 TC
 

To minimize the cost function C, we choose x̂�  such that simultaneously: 

0
)()(



5
5



	5

5



	5
5

B
C

yy
C

xx
C

coarsetruecoarsetrue  

This yields three simultaneous linear equations: 

TT

WLS
0WHxHz

xx

�		

�	� ˆˆ
|]ˆ[

 

Or x̂�  is the vector that satisfies 

WzHxWHH T
WLS

T 
� ˆ
 

If ][ WHHT  is positive definite, and thus has a unique inverse, then, 

WzHWHHx TT
WLS

1][ˆ 	
�                                                                          (82) 

How good is this estimate,x̂� ? We can write an expression for the error as: 

true
TT

true xWzHWHHxxx �	
�	�
� 	 1][ˆ~
                                          (83) 
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Substituting from (80) for z , we obtain: 

true
TT xnxHWHWHHx �	��
� 	 ][][~ 1

                                               (84) 

Noting that 
truexxH �	�  must be zero by definition then, 

WnHWHHx TT 1][~ 	
�                                                                                 (85) 

The next step is to characterize the nature of the errors, n . Probabilistically 

treating the H  and W as known deterministic quantities, the expected value of the error 

x~� is: 

$# $#nWHWHHWnHWHHx EEE TTTT 11 ][][}~{ 		 

�  

It was noted previously that we have already attributed a part of the discrepancy 

between the maps and the measurements to the bias B , which we are estimating. The 

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

$# 0~ 
� xE  

In addition to $# 0
nE , assume furthermore that we know the second order 

statistics of the errors, n . We represent these second order statistics as: 

$# Rnnn  
 TECOV ][                                                                                   (86) 

where R is the M x M matrix of noise covariances. 

Substituting this in (85) yields: 

$# 11 ][][~~]~[ 		
 ��
� WHHWRWHHWHHPxxx TTTTECOV        (87) 

This formidable formula involving the product of 11 matrices needs considerable 

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

set the weighting matrix,W , equal to 1	R . We shall, in a subsequent section, rationalize 

this based on probabilistic considerations. Making this substitution into (87): 
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111111 ][][ 						
 HRHHRRRHHRHP TTT

 

11 ][ 		
 HRHP T

                                                                                      (88) 

This is a much more tractable equation that also has a probabilistic interpretation 

as considered in the next section. The corresponding estimator then becomes from (82): 

zRHHRHx 1T 			
� 11 ][ˆ T

                                                                         (89) 
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We now provide some rational for the choice of W  as 1R 	 . In a general 

estimation problem, if x̂  is some estimator of x  and we define the error  xxx 	
 ˆ~  then 

the estimator that minimizes the cost function: 

}~~{)ˆ( xxx TEC 
                                                                                          (90) 

is the mean of the conditional probability density )|( z�z|xf  that represents the 

probability of the state x  given the measurements z. This is true for any form of 

probability distribution. In addition, for a Gaussian distribution, the mean, mode, 

maximum, and median of the conditional probability distribution are all the same, so that 

the cost function in (90) is quite universal for Gaussian distributions. Moreover, if 

)|( z�z|xf  is Gaussian, the conditional mean also minimizes any cost function of the 

general quadratic form: 

}~~{)ˆ( xQxx EC 
  

where, Q is an arbitrary symmetric, positive semi-definite matrix. 
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In our linearized WiFi measurement problem, notationally the xxx ˆ~ �	�
�  

replaced the xxx 	
 ˆ~ , where the deltas remind us that we are referring to a deviation 

from the known coarse position. 

Using (90) as the cost function, we now look for a linear estimator, denotedD , 

which takes the  M AP measurements and estimates the 3 x�  states. 

Dzx 
� ˆ                                                                                                   (91) 

D is a 3 by M  matrix. 

The estimator is to be unbiased so that,  

T0xnxHDxzDxDzxx 
�	��
�	
�	
�	� }{}{}{}ˆ{ EEEE
 

Since, 0}{ 
vE , then 
T0xIDH 
�	 )( . 

Therefore, it is required that, 

IDH 
                                                                                                    (92) 

The error covariance is from (80) and (91): 

TTT DRDDDnnxxxxP 

�	��	�
 }{})ˆ)(ˆ{( EE T

                            (93) 

The mean-square error is 

)()}ˆ()ˆ{( TDRDxxxx traceEC T 
�	��	�
                                         (94) 

We must determine the matrix D  which minimizes the trace (ie, the sum of the 

diagonal terms) of TDRD  and satisfies (92). This can be shown to be: 

111 ][ 			
 RHHRHD TT

 

Therefore from (91): 

zRHHRHx 111 ][ˆ 			
� TT

                                                                      (95) 
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And from (93): 

11 ][ 		
 HRHP T

                                                                                      (96) 

Note that this is exactly the same as (88); however, in (88) from the previous 

section we had “arbitrarily” set W= 1	R . In this section, at least for the linear estimation 

case, we justified the solution based on probability theory.  

In the next section, we assume a certain simple form for 1	R  that enables us to 

gain some valuable insights. We discuss actual values for  1	R  based on observed noises, 

n , obtained during an equipment demonstration, in a later section. 
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Equation (96) from the previous section determined the covariance of the error 

for a linear best instantaneous estimator as: 

11 ][ 		
 HRHP T

 

If the noise, jn , on the thj AP is independent from the noise on all other AP’s 

then 

0}{ 
ijnnE  for all ij 7  

Furthermore, if the noise self-power on each AP is the same then 

2
}{ n

jj nnE '
         for all )...1( Mj 
  

Then from (86), where I is the MxM identity matrix: 

IR
21

n'
	

                                                                                              (97) 

In that case (96) simplifies to: 
12

)( 	
 HHP T
n'

                                                                                      (98) 
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The corresponding state estimate would be from (95): 

zHHHx TT 1][ˆ 	
�
                                                                             (99) 

Also from (85) with 1	
 RW  and (97): 

nHHHx TT 1][~ 	
�
                                                                           (100) 

In (100), n
8

 has the same dimensions as z
8

, WiFi power level, in dbm. 
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In this section we utilize the simplified error covariance of (98), which assumes 

equal and uncorrelated error from each of the AP’s, to help formulate some geometrical 

interpretations of AP configurations. 

Since H is an M by 3 matrix, we may represent it as the following matrix using 

some simplified notation: 
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(101) 

From (101) we generate the symmetric HH T as: 
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xx
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M
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HHT

                                                      

(102) 

where, 


2)( xrms  root mean square of the x component of maps’ slopes at the 

coarse position 

x"  mean of the x component of maps’ slopes at the coarse position 
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v  sum of products of the x component and y component of the maps’ 
slopes 

yrms  , y"  corresponding to above x component definitions 

We can determine the inverse from: 

� 

)det( HH

HH
HH T

T
T adj



                                                                               (103) 

The adjoint of HH T  from (102) is: 
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                                   (104) 

The determinant of  HH T  is again from (102): 

)])(()())(()[()det( 22223

xyyxyxyyx rmsvvvrmsrmsM """""" 	�			
HH T

(105) 

Reducing (105): 
])(2)()()[()det( 22222223

yxyxxyyx
rmsvvrmsrmsrmsM """" 		�	
HHT

                 (106) 

Now substituting 222)( '" �
rms into (106): 

)()det( 222223
yxxy vM ""'' 		
HH T

                                                    (107) 

Letting ))((
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 we have:  

yxv ""8 �
                                                                                          (108) 

Substituting (108) into (107) we obtain: 

)()det( 2223 8'' 	
 xyMHHT

                                                                     
(109) 

Now define the normalized correlation coefficient: 

yx''
8

8 
'

                                                                                              

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

)]'1([)det( 2223 8'' 	
 xyMHH T

                                                        (111) 

Substituting (111), and using (104) in (103) we obtain: 
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                                                                                                                                      (112) 

We are primarily interested in the radial horizontal position error: 
22 )()( coarsetruecoarsetrue yyxxHorrms 	�	


 

From (112) we extract the first two diagonal elements and with (98) obtain: 
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tantan 8
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M

Horrms yx
neousins

                                                                  (113) 

This is the desired simplified geometrical expression. As expected, the error is 

directly proportional to the noise level and inversely proportional to the square root of 

the number of AP’s. It may be also noted that this horizontal fix uncertainty in (113) is 

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

and y directions x'(  and )y'  and is not dependent on the absolute power levels. This, of 

course, assumes that the power levels are adequate for reception, and is based on the 

assumption of an unknown bias level between the apriori RSS maps and measurements. 

It can readily be shown that if we did not solve for an unknown bias value, as for the case 

where the bias value may be small, then the standard deviations of the partial derivatives 

would be replaced by the rms of the partial derivatives and there would still be a term in 



59 
 

the denominator representing the penalty for a cross correlation between x and y RSS 

slopes.  

For good fix performance the quantities  x'  and y' must be sufficiently large, 

implying variation in received power levels from the participating AP’s. In addition it is 

important that the normalized correlation coefficient should be << 1, indicating that the 

slope variation in  x and y  directions be independent. These observations accentuate 

the fact that good position fixing often depends on the diverse nature of the propagation 

paths from the APs to the user. The received power will be a phased sum of signals from 

the transmitter arriving over different path lengths because of the reflections from nearby 

objects and partial blocking by materials in the signal path. The resulting received power 

may be greater or less than the line-of-sight signal. Other factors that affect propagation 

and may fortuitously contribute to thes'' are: 

�  Multipath propagation that depends on the position of 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”, to the extent they are repeatable 

from the time of the map survey to the time the user performs measurements. 
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Using the formulation derived above, WiFi positioning FOM estimates for a US 

Navy ship were evaluated.  Note that some ships are being equipped with a WiFi 

Network to provide shipboard wireless capability covering significant parts of the vessel. 
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The WiFi coverage on portion of the ship was simulated using software tool 

LANPlanner, which incorporates ship structure and material effects.  The locations of the 

potential 28 APs are shown in Figure 9.  The simulated RSS heat map of a particular AP 

is shown in Figure 10, and the composite RSS heat map for all 28 APs is shown in 

Figure 11.  Note that RSS heat map was computed at each of 1 meter by 1 meter grid 

points. 

 
Figure 9  Distribution of 28 APs on the ship 

 
Figure 10  RSS Heat Map of AP #3 

The number of usable APs for WiFi positioning was counted at each of grid 

points and is shown Figure 12.  An AP was declared to be usable if its RSS was stronger 
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than -85 dBm.  Note that the minimum number of usable APs required for FOM 

computation is 3.  Thus, the areas where the number of usable APs is less than 3 are 

indicated as white space.  The maximum number of usable APs at any given point in this 

simulation was eight.  

 
Figure 11  Composite RSS heat map for all 28 APs 

The FOM was computed using the equation (116) at each of the grid points 

whose number of usable APs is 3 or larger.  Note that the RSS sigma term in the 

equation was set to unity in FOM computation.  Figure 13 shows the normalized FOM 

with the unit of meters per dbm.  The maximum acceptable FOM value was set to 1.  The 

white space in the figure indicates the area where FOM is larger than 1, or singular due 

to lack of site signature. 

The RSS sigma value estimated from the GWU survey data (30 measurements at 

each of over 400 reference points) was about 3 dbm which represents the noise standard 

deviation.  We assume that the ship has the similar RSS characteristics as GWU and 

apply the RSS sigma value from the GWU experiment for the ship’s FOM.  Then, the 

colored space in the figure indicates the area where WiFi positioning can provide 

horizontal accuracy better than 3 meters, which is the requirement for PASSION. This 
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calculation is considered conservative as the derivation of the FOM assumed a totally 

unknown bias RSS power error between the user and the APs. 

 
Figure 12  Coverage of Number of Available APs Larger Than 3 with RSS > -

85dBm 

 
Figure 13  FOM (Normalized Horizontal RMS) Distribution 
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If, in actuality, the noise among the AP’s is correlated, we can still formulate a 

FOM assuming (89) is used as the estimator. From (87) with IW )/1( 2

n'
 , one obtains: 

11 ][][ 		
 HHRHHHHP TTT

                                                            (114) 

where R again is defined by (86). This would be the case where the weighting matrix W 

was chosen for the case of the AP’s having equal and uncorrelated noise, but the actual 
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noise turned out to be correlated. For example, the noise between AP’s may be related to 

their physical separation from each other. AP’s near each other are likely to have some 

correlated noise characteristics. In this case, a model for R might be a first order Markov 

such as: 

wij c
n eE /||2}{ 8' 	
 TnnR   Mi ...1
  Mj ...1
                                           

(115) 

In (115),  ||
ij

8  represents the distance between AP’s i and j and 
wc represents a 

correlation distance. The FOM for the case of spatially correlated noise cannot be 

expressed in a simple intuitive manner as in Equation (113) for equal and uncorrelated 

noises. It can, however, be computed numerically for a specific set of maps and noise 

representation. 
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��
�
������#�/��(�

So far we have stated that there would be a significant bias between the user’s 

measurements and the apriori maps.  Phenomena that may contribute to the bias include 

receiver signal strength calibration and common mode system transmitter power changes 

(since the original survey). Our position fixing algorithm has explicitly solved for this 

bias.  We have also not assumed any apriori knowledge of the magnitude of the bias or 

position error.  Now we shall explore the effect of having apriori knowledge about the 

magnitude of the bias.  In particular we assume it is a Gaussian random constant with 

mean 0 and standard deviation, � B. 

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

denoted 	x̂  and its uncertainty, P-, then the optimal estimate after the new measurement 

set, z, is given by: 
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]ˆ[]][[ˆˆ 1 					� 	��
 xHzRHHPHPxx TT

 

Generally we assume 0ˆ 
	x , so, that: 

zRHHPHPx TT 1]][[ˆ 			� �

                                                        (116) 

Similarly, the conditional covariance denoted by P+, is given as: 

� �					� �	
 HPRHHPHPPP TT 1]][[ˆ
                                     (117) 

Equations (116) and (117) may be rewritten equivalently as: 

� �zRHPx T 1ˆ 	�� 

                                                                              (118) 

111 ])[( 				� �
 HRHPP T

                                                               (119) 

Note now that if :
	P , then (118) and (119) approach (89) and (88), 

respectively, validating that previously we assumed no apriori knowledge of the state.  

We again assume IR 2
n'
  and obtain from (119): 
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(120) 

One can then substitute (105) into (123) and proceed laboriously as was done in 

(103)-(112).  Instead, we will try to obtain our insights by only working in one 

dimension, x. 

For the one dimensional case: 
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(121) 
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In (121), we are using similar notation as section I – (d) with � x representing the 

apriori uncertainty in the x position. 

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

position error: 
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(122) 

Letting :<2
x;'  since we are only interested in the effects of B'  we have: 
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(123) 

In (123) we have substituted )( 22
xx '" �  for rmsx

2.  We make the following 

observations about (123): 

1. If 0<n'  then 0~ <� x  and B has no effect since it is estimated perfectly. 

2. If 0<B' , then the error depends on the noise, n' , divided by the rms 
gradient.  As the rms gradient is larger than the standard deviation of the 
gradient, this results in a smaller error.  In general if one knows that B'  is 
small compared to n'  and the product of the mean gradient multiplied by 

B' , then it may not be advisable to estimate it unless one had an accurate 
apriori estimate of its magnitude. 

3. On the other hand, if :
B' , then explicitly using B'  or solving directly 
for B, give equivalent results. 

4. Although not explicit in (123), if we do not solve for B, then it would be 
best (if we have any control over this) to have maps that have low mean 
gradients, µx, µy.  This may be shown as follows: 

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

12
1

2212 ][)(~
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�

                               (124) 
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H analogous to (99) is: 
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In (125) the superscripts again represent the map index of the corresponding AP.  

Therefore from (125) and (125): 
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(126) 

Note that the effect of a bias error goes to zero if the numerators of (126) are 

equal to zero.  Since the first term of the numerators is usually dominant (v should 

normally be kept small, if possible), the numerator will be small if the corresponding 

mean gradients are small. 

In general, to make the mean gradients small, the user should have a 

“centralized” location with respect to the M AP’s.  This would facilitate some of the 

gradients to be positive and some negative for each direction. 
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In the case of non-instantaneous measurements, we have the same M APs, but 

now the measurement set consists of a profile of measurements: 

))(),(( ktruektrue
jj

Meas tytxzz 
     j=1…M       k=1…N 

We now have N user RSS measurements and potentially up to N unknown user 

positions, )(),( ktruektrue tytx  k=1…N that we are trying to determine. The meaning of 

FOM/site signature for the non-instantaneous situation becomes more complex as one 

must define at what position and corresponding time the FOM/site signature applies to.  

We first address the relationship(s) among the unknown user positions. 
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The first and easiest case is that the unknown user’s position error doesn’t change 

from 1ttk 
  to Nk tt 
 . This would be the case for a user who has a dead reckoning 

device that has a negligible position error drift. In this case the relationship between the 

coarse position estimate and the true position stays constant throughout so that we may 

still utilize: 
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yy

xx

truecoarse

truecoarse

 

Now, because x�  is assumed to be constant, coarsex  and truex  change exactly in 

the same way, and, of course, coarsey  and truey  change also exactly in the same way. 

We can still employ equations similar to (81) with the realization that now we 

have NM equations and the partial derivatives are evaluated at each of the N 

),( coarsecoarse yx  positions on the M maps. The FOM, instead of characterizing performance 
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at a single point, now characterizes performance over a track profile (which in the 

degenerate case can still be one static position maintained over the N times). 

We rewrite equation (81) as 

111 nxHz ��
  

222 nxHz ��
                                                                                   (127) 

NNN
nxHz ��
  

In (127) each jz  corresponds to measurements from M APs at time jt .  jH are 

Mx3 matrices consisting of the two partial derivatives of the jth RSS magnitude in the 

first two columns and 1’s in the last column. This is also shown in (101).  The previous 

constraint that M > 3 can be relaxed, if necessary, and replaced with NM > 3. The nk’s in 

(127) are Mx1 column vectors. 

If we make the further assumptions that the noises are uncorrelated at different 

times then: 

0nn ji 
}{E
     ji 7      jE Rnn ji 
}{

 

It should now be apparent that the FOM for the profile can be related to the 

instantaneous covariance by: 

1
222111

Pr
Constant

]...[ 	
� ��
 NNN

ofile

x HRHHRHHRHP TTT

                                         128) 

In (128) above, the calculation of the Hj involves using the 2 jth’s maps’ slopes (j 

= 1... N).  The horizontal rms FOM, analogous to (113), would be the square root of the 

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

If we let Inn
T

ji
2}{ NE '
   Nji ...1, 
 , then we may rewrite (128) as: 
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In the degenerate case, where the user stays at the same location for MN instants 

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

ousinstantane

1
Horrms

N
Horrms

stationary
constant

x 
�

                                             (130) 

This would also be the case if the instantaneous FOMs were the same at each of 

the N locations. 
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Equation (128) can be reformulated in the broader context of sequential 

measurement incorporation. The fundamental estimation equations for recursive 

estimation of static Gaussian variables are given by: 

zRHPxPPx T ][ˆ])([ˆ 11 	�			�� �
 k  

111 ])[( 				� �
 kk HRHPP T

                                                           (131) 

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

the corresponding old 	x̂  and 	P quantities and the new measurement set z. In this 

context, we can state the results for the profile (non-instantaneous) position fixing as first 

having no apriori estimate of position )0)(( 1 
		P  and then obtaining the measurements 

at the first position and then the second position and so on to the Nth position. 

For example, starting with no apriori estimate )0)(( 1 
		P , we obtain 

measurement set 1z . Then from (131) 111 ])[( 				� �
 HRHPP T and with 1	R  being I2

n' , 
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we obtain (98).  Now starting with (98) as the new 	P  and obtaining a second 

measurement set
2z , one applies (101) again which results in: 

� � 1

22
21 )()( 12

	
		� �
 HHPP

zz

T

nafterafter
'

                                                    (132) 

In (132) the matrix H refers to the map slopes at the positions on the maps at the 

coarse position after the first set of measurements, and dead reckoned (perfectly because 

of the assumption of constant error) to the next time (that is, the partial derivatives are 

evaluated at the second position). 

The form of the second equation of (131) can also be valuable for the case of 

apriori information based on other factors such as knowing definitely that the user is 

confined to a particular area. In that case, an apriori uncertainty, 	P , can be estimated 

from the geometrical dimensions of the area.  Also, knowing the apriori uncertainty of 

the bias term can be utilized with this formulation. 
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In order to better understand the concept of fingerprinting as it applies to Case 2, 

a constant velocity error, a simplified example will be outlined below.  We then proceed 

to the analogous, but more laborious situation of two dimensions and an arbitrary number 

of APs and positions/times. In this simplified one dimensional example with three 

positions/times, we have three equations that “over-define” the unknown term x0: 

101 )( nxaz �

 

202 )( ntvxbz ���

                                                                 (133) 

303 )2( ntvxcz ���
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The units of the variables with in this equation are: dbmz 
 ,
meter
dbm

cba 
,,  ,

meterx 
 , sec/metersv 
 .  V is the dead reckoning system’s constant velocity error.  In this 

case, the nj at the end of the equations represent noise in units of dbm.  Our goal now is 

to find the value forx̂ .  To do this we want to use the x̂  equation to find the least squares 

value.  The equation for x̂  is: 

zx TT HHH 1)(ˆ 	
                                                                                    (134) 

H is a 1x3 matrix consisting of the variables a, b, and c as shown here: 

� �cbaT 
H                                                                                      (135) 

Combining (134) and (135) we attain: 
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Writing out (136) we have: 
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                                                                                (137) 

Substituting (133) into (137) and only considering velocity error: 
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                                               (138) 

So the error due to v alone would be: 

222

22 2~
cba

tvctvb
x

��
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�
                                                                      (139) 

But since x is actually vtxx �
 0 , then x̂  does not include an error from v if t is 

such that: 
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Or simplified further: 
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This can then be manipulated further in order get the desired results.  To do this 

we re-arrange equation (141) such that: 

t
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Since for this simplified example, t�  is the midpoint time, t0 may be regarded as 

a “centroid” of the power gradient.  Let 0' ttt 	
  or 0' ttt �
  so that, error at time t due to 

v alone: 
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This shows a linear growth of the error on each side of the zero error time, t0.  

Note furthermore that if a = c, then tt �
0 , the midpoint of the interval.  This makes 

sense, since for a symmetric gradient, the “centroid” would be the midpoint. 

Now that we have a better understanding of the concept of fingerprinting as it 

applies to Case 2, we can now implement that knowledge as we work through this 

particular case.  In this case, the user’s horizontal position error has a constant drift in 

time in two dimensions such that: 
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In (144), xV; and yV;  are constant velocity errors of the dead reckoning device 

or, in the absence of a dead reckoning device, are whole value constant velocity 

uncertainties in the user’s motion. The unknown position error at any time t, is expressed 

as the initial unknown position error at 
1t  plus the velocity uncertainty multiplied by the 

elapsed time since 
1t . 

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

would have the twelve equations: 
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In these equations the subscript represents the position/time and the superscript 

represents the AP index. We could, at least theoretically, attempt to also solve for the 

velocity unknowns simultaneously with the position errors and bias. Practically, it is 

unlikely that their individual observabilities would be distinct enough over a sufficient 

duration to attempt to estimate the velocity unknowns. Therefore, they will be considered 

as “pure” error contributors. As we shall see, the error contribution of these velocity 

biases depends upon at which point in time/position we reference the estimate of position 

to. As a matter of fact, as we shall see, there is one point at the “rms centroid of slopes” 

that the net effect of the velocity errors is zero (as long as the user can tolerate the 

latency associated with referencing the fix to this time). 

For the 12 equations and three unknowns ),,( Byx �� , the additional error vector 

n
8

  due to 
xV;  and yV; alone can be written as: 
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due to velocity error. 
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When TH  is multiplied by n, shown in (147), it produces the matrix: 
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   (148) 

Using summation properties (148) simplifies down to a more manageable matrix: 
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The variable M in the summation equation represents the number of AP’s.  When 

simplified further, (149) becomes: 
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The summation equation from (149) condenses further to (150) with N 

representing the position/time.  Thus the actual error for the kth point would be: 
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nHHHx T1T      k = 1 …N                (151) 

Equation (151) represents the error at an arbitrary kth point for Case 2 and would 

be used as a figure of merit. As previously stated, the magnitude of the errors depends 

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

one would usually choose the fix point as the last point in time, in which case K=N.  A 
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smaller, or possibly zero error contribution due to the velocity biases, may be achieved if 

one assigns the fix to a value of K generally more toward the middle of the data 

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

if one neglects the cross correlation terms, xh yh , then for the error contribution due to 

the constant velocity errors to be zero for the x component: 
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Therefore, the value of 0k , assuming an integer satisfies the relationship, would 

be such that: 
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(153) 

This can be seen to be analogous to (141) for the case of M=1, N=3 and discrete 

times.  Thus the point of zero error due to a velocity bias occurs at the spatial centroid of 

the mean square of gradients. 
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This case involves the user’s position uncertainty experiencing a random 

Gaussian distributed increment in both the x and y directions. The random increments are 

independent in the x and y directions and independent from one position/time to the next. 

We shall represent this random “walk” by the discrete process noise matrix quantity, QD, 

such that: 
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(154) 
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The q’s can represent a velocity white noise process such that: 

)()}(),({ ,,, =;= yxyxyx qtvtvE 
�
 

Where �  represents the Knonecker delta function and q has units of (meters)2/sec. 

Thus the QD in (154) would represent position uncertainty (on the squared or covariance 

level) growth between two position/times. In (154) above, we assume the bias offset has 

no random growth. 

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

incorporation of the jth measurement such that: 

Dj1j Q)(P)(P ��
	�      j=1…N                                                    (155) 

In the above )(P 1j 	�  means the covariance prior to the j+1 position/time and 

)(Pj �  means the covariance immediately after the jth position/time. We also set, for 

simplicity, :
	 )(P1 ; that is, we have no apriori knowledge of the unknowns prior to 

the first point. 

Following the same concepts of (131) and (132) we have: 

1
j

1T
j

1
jj ]HRH))([(P)(P 			 �	
�      j=1…N                            (156) 

 
In (155) and (156) with the initial condition of :
	 )(P1 , we have a recursive 

relationship that defines the covariance for any time.  This can be used to compute a 

Figure of Merit for anytime. 

Note that Hj again represents the Mx3 matrix: two of the columns representing 

the partial derivatives of the M map associated with the M APs at the jth coarse position.  

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



78 
 

Equations (155) and (156) provide little intuitive insight into the overall process.  

To gain some insight, consider the one dimensional case, the case where R is diagonal, 

and the case where we do not solve for the bias.  In this very simplified situation, each 

occurrence of j
1T

j HRH 	  is equivalent to: 
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Using (157), we would have for the one dimensional covariance: 
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Then proceeding recursively per (155) and (156): 
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In (159) above, Q represents tqx�  from (154). 
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Generally, we may write the recursive relationships, simplified for the one 

dimensional case (of Case 3) as: 

:
	 )(1P                                                                                               (163) 
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Equation (162) expresses the fact that prior to the first set of measurements at the 

initial position/time, there is no apriori knowledge.  Equation (164) is the state update 

equation and equation (165) propagates the state by adding the random walk process 

noise. 



80 
 

Note that if :
Q , then 
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)( .  This expresses the fact that if the 

random growth in position is very high between sets of measurements, then the final 

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

Note that if Q = 0, then: 

� �� �

 


	
	 
�
	 j

k

M

i

k
ix

n
jj

h
PP

2 1

21

2

1

)(

'
)()(      j = 2…N                                  (166) 

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

positions/times were the same, i.e. � � � � � ����
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If in addition all the M of RSS maps had the same RMS gradients, hx, then: 
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This is analogous to Equation (130). 
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So far we have always considered the AP maps to be deterministic.  Their values 

were assumed to be known from actual survey measurements or from software prediction 

tools given a specific interior layout. 
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Stochastic models can be useful, for more general analyses purposes, when we 

don’t have specific deterministic maps, or perhaps when we have a large ensemble of 

maps for which we want to assess typical performance utilizing probabilistic techniques. 

In order to gain insight into RSS characteristics, it is of interest to consider the 

theoretical basis for two-dimensional slope-like stochastic processes.  We deal with the 

slope of power, since with certain assumptions about linearity, it is the slopes that 

determine the position fixing performance.  To this end, let R be a region of the interior 

surface and consider Zj (x, y) to be the value of the RSS map in units of mill-watts for the 

j th AP at the location (x, y) in R.  In general, R can be partitioned into disjoint sub-

regions Rn, … , Rk such that the process T (x, y) has certain homogenous characteristics 

within each partition.  Although, generally RSS spatial rate of change of power may not 

be a space-stationary process, it is assumed possible to separate it into partitions that are 

locally homogeneous.  It is only for these locally homogeneous areas that RSS power 

characteristics such as standard deviation, � , and autocorrelation function, Rzz (x, y).  

Consider a particular one of these sub-regions/partitions, say R = Rj.  Zj (x, y) can be 

considered to be a homogeneous random field in the following sense: if (x, y) and (x’, y’) 

are in Rj then: 

a) jj yxzE "
)},(,{  

b) � 
� 
� � � 
� 
� �# $jjjjzz yxzyxzEyyxxR
jj

"" 		
		 ,',')','(  

This homogeneous property (b) is a natural generalization of the covariance 

stationary concept useful in one-dimensional applications.  Note that the covariance 

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

assume that 

c) )()','( 8
jjjj zzzz RyyxxR 
		  where � 
 � 
 22 '' yyxx 	�	
8  

For the model with properties (a), (b), and (c), we say that the process is both 

homogeneous and isotropic (i.e. statistically invariant (over Rj) under both translations 

and rotations). 

Property (c) has frequently been used for studies of terrain or gravity effects, 

although it is difficult to establish empirically its validity.  It aids in making the results 

tractable. 

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

to obtain explicit results, the requirement: 

d) ),( yxz j  is Gaussian normal is imposed. 

To obtain tractable analytic results, the following assumptions will also be made: 

1. One dimensional fix (in x only – which is similar to the assumptions of 

Case 2 and 3 of Part III.) 

2. Validity of linear profile difference expansion as per Equation (78). 

3. No apriori initial position error information 

4. Zero mean Gaussian distributed measurement noise samples independent 

of the gravity slopes. 

5. The analysis will be limited to the instantaneous case. 

Despite some of the obvious limitations of this approach, (in particular the Least 

Squares Algorithm and the neglect of correlated along track and cross track gradients due 
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to the one-dimensional assumption), it is expected that major relationships on error 

dependencies on track length, RSS power slopes and noise characteristics are preserved. 
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The simplest case is when the user doesn’t move.  Therefore the only stochastic 

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

spatial direction. 

Also we can neglect any spatial correlations of the noise process.  Using notation 

of Section III b: 
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In (169), iixi nxhz ��
 )( ; the one dimensional covariance of the error in x̂  is: 
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where we have continued to neglect the temporal correlations among the noise samples.  

From (170), 
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1)( xh  is considered a random Gaussian variable with mean 0 and variance )0(
jj zzR .  As 

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

point (which is the only point for this simple case). 
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The random variable � ��
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i
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21)(  is a Chi-square random variable with MN 

degrees of freedom. Let  
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A closed form solution for the probability density function of the reciprocal of a 

MN degree of freedom Chi-square distribution as required by Equation (171) was not 

found.  In the absence of a closed form solution, we shall use the approximate 

formulation where we expand 
>
1

 in a Taylor series about its mean value, µy: 
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Here y"  represents the mean of the MN degree of freedom chi-squared 

distribution and 2
y'  represents the variance of the MN degree of freedom chi-squared 

distribution. 

This approximation is most valid for distributions that are mostly concentrated 

about their mean, which is only marginally the case for this distribution.  To evaluate the 

validity of this approximation we perform Monte Carlo simulations using a MATLAB 

program.  The listing of the MATLAB program, Figure 14, is shown below and a few of 

its output plots Figure 15, Figure 16, and Figure 17 are shown below: 
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Figure 14 MATLAB Program for Monte Carlo Simulation s 
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Figure 15 Chi-Squared Plot for 5 Degrees of Freedom and 10000 Samples 

 
Figure 16 One Over Chi-Squared Plot for 5 Degrees of Freedom and 10000 Samples 
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Figure 17 One Over Chi-Squared Histogram for 5 Degrees of Freedom and 10000 
Samples 

 

The approximation can be shown to be quite good.  Table 5 below shows some 

comparisons. 

Table 5 Approximation Comparisons 

Standard 
Deviation 

Deg. Of 
Freedom 

Number of 
Samples 

Theoretical 
Mean 

Actual 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 µy of the MN degree of freedom Chi-square random is MN� 2 and the 

variance is 2MN� 4.  Therefore � �
�

�
� �

�

� � �
�

� � ��  !
�

� � "
�

#$
�

%

# � $ � &.  Returning 

to (171): 
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Note again notationally that � 2 is the variance of the slope, 1)( xh .  This has also been 

referred to as )0(
jj zzR .  For large M and/or N, (174) is consistent, in a one-dimensional 

sense, with (113) and (130). 
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We generalize the above case, now considering correlated temporal noise.  In this 

discussion there could be correlated noise between two different AP’s and/or correlated 

noise among successive samples from the same AP.  At this point, we will consider the 

case of correlated noise amongst the different APs for instantaneous fix case as originally 

discussed by Equation (115) in Section II. 

The least square solution, not solving for the bias term, and employing optimality 

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

zHHHx TT 1][ˆ 	
�
                                                                             (99) 

From (100): 

nHHHx TT 1][~ 	
�
                                                                           (100) 

Resorting to the one dimensional simplification: 
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Treating the RSS slopes and the noise as statistical quantities and assuming their 

independence: 
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We shall assume the correlated noise to be a zero mean stationary Gaussian 

process with auto-correlation function: 

# $ # $ikRnnE nnkj 	

                                                                         (177) 

Substituting (177) into (176): 
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Setting ikj 	
  and reversing the order of summation in (82): 
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The first term in (179) has been previously evaluated in (174) as 
2

22
'

'
M

n  where 

2
n' is the variance of the slope and 2'  is the variance of the RSS slope.  It represents the 

variance of the one dimensional position error for only white noise. 

The second term involves the expectation of a quotient of random variables.  In 

general, the mean of the quotient is not the quotient of the means; however, for relatively 

centrally located distributions which would be the case for M large, we can make the 

approximation that the mean of the quotient is the quotient of the means and rewrite 

(182) as: 
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The term � 
 � 
# $11
ijxix hhE �  in the numerator of (180) is identified as the discrete 

form of the auto correlation of the RSS map slopes, which we denote as � 
jRnn .  The 

specific form of the autocorrelations of RSS noise and RSS map slopes are chosen here 

primarily based on analytic convenience and elegance as first order Markovian 

processes.  Thus we represent the autocorrelation of the RSS slopes as: 
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 hc
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hh ejR
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(181) 

In (181), ch is the correlation distance, such that statistically the correlation of the 

slopes of the two maps is 
e
1

 of their peak correlation.  In (181), d represents some 

uniform spacing increment necessary for dimensional consistency.  Similarly, as 
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discussed at the beginning of this section we are dealing with correlated noise amongst 

the M AP’s for the instantaneous position fixing case.  Similarly to (181), we write: 

� 
 nc
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nnn ejR
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(182) 

where cn is an effective noise correlation distance amongst the instantaneous RSS noise 

samples.  Substituting (181) and (182) in (180): 
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Simplifying (183) further: 
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It can be useful from (184) to define an effective correlation distance representing 

the combined effect of signal slope and noise such that: 

hnfeff ccc
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Using (185) to rewrite (184) and taking the square root so as to represent the 

standard deviation of the error: 
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As the least squares algorithm is “tuned” for white noise, the second term 

represents the error increase due to correlated noise. 

We may obtain some further simplification by setting: 

effc
d

ex
	


 where 1)x  

Then examining the summation in (186): 
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Expanding (187) into two infinite series which will have closed forms: 
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Expanding (188) we obtain: 
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where in proceeding from (188) to (189) we substituted Mji 	
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All the summations in (190) have closed form solutions: 
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From (191) we can simplify further: 
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With (192) simplified, it is now appropriate to substitute it into the equation 

(186), giving us: 
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The fraction within the brackets can then be simplified resulting in: 
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Figure 18 Plot of Simplified One Dimensional Fix Error 

In the Figure above, which is a plot of Equation (194), the simplified one 

dimensional fix error, the expected near one over square root of M performance is noted 

for all effective correlation distances. As the algorithm is “tuned” in a least squares sense 

for white noise, the error is less for those effective correlation distances that are closest to 
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white noise, that is for the smaller effective  correlation distances. Realistically, the first 

order Gaussian Markov assumption for the spatial RSS gradient power distribution has 

not been established. Therefore the above figure has only heuristic value. In particular, 

the additional assumption that the power in the slopes of the RSS is independent of the 

correlation distance appears unlikely for small correlation distances. 
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Another insight that may be gained from a stochastic model representation is the 

investigation of linearity assumptions.  The developments of the FOM above, as well as 

some fingerprinting fix algorithms use Taylor series linear expansions about the coarse 

position.  In instances where the RSS power statistical correlation lengths are small when 

compared to the coarse position’s uncertainty, a robust detection ambiguity resolution 

routine, is required to reduce the apriori position uncertainty.  Divergence may occur 

when the sign of the derivative of the mapped quantity at the indicated coarse position is 

different from that at the true position.  If one represents the RSS power map statistically 

with a stationary isotropic autocorrelation function, R(� ), where �  is the horizontal radial 

separation, then the probability that the sign of the derivative of the mapped RSS power 

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

be: 

)0(

)0(
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(195) 

where ;8  is the coarse position error and Rn(0) represents the nth derivative of the auto 

correlation function of the spatial derivative of the RSS power evaluated at the origin. 
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The choice of a correct autocorrelation function and its parameters is very 

specific to the application and this analysis is most useful only for broad analytical 

guidelines.  One autocorrelation function that has been utilized for 

fingerprinting/correlation navigation studies is the Gaussian autocorrelation function 

such that: 

2
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P eR

8
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(196) 

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

function of the separation between points and c is defined as the correlation distance 2P'  

is the variance of the RSS power, assumed stationary for a given map.  In (195), we 

require the autocorrelation function of the derivative of the RSS power.  The relationship 

between the autocorrelation function of a function and its derivative is given by: 
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 where )('' 8ffR is the autocorrelation function of the 

derivative of the RSS power. 

Evaluation of the derivatives: 
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Now we can evaluate (195) by substituting (197) and (198) 

cc
Pdiv
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6
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                                                                    (199) 

It should be noted that the theoretical derivation of (199) is based on the 

assumption that for small ;8  there is a negligible probability of more than one zero 

crossing of the derivative of the spatial power.  This effectively insures ;8 <<c.  From 

(199) we see that the probability of a change in sign in the derivative, which would lead a 

linear solution to approach in the wrong direction, depends only on the ratio of the 

uncertainty in the coarse estimate of position, ;8 , and the correlation distance of the 

RSS power, c.  Equation (199) applies to only one AP survey map.  Although no definite 

rules or empirical evidence exists, it appears reasonable to ensure a probability of 90% 

that most of the M AP’s being used in the solution do not have a divergent condition.  

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

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

numerical example, with 
c

;8
8 78.0
 , can be calculated using binomial probabilities, 

1.078.0178.0Prob
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For 2.0�
c

;8
, one obtains a probability of 03.0�  which is less than 0.1.  

Although, analysis of correlation lengths of WiFi signatures in general, have not been 

documented, it is clear the linearity assumptions in a fix solution must be employed 

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

expansion: � 
 � 
 � 
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It may be shown that the mean squared error of a first order expansion can be 

expressed as: 
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The magnitude of the error in the expansion, from Equation (200), depends on the 

power in the second derivative and the magnitude of ;8 .  If the Gaussian autocorrelation 

function were to be used again this would be elevated as: 
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Again the ratio of coarse position uncertainty to correlation distance is key to any 

linearity assumptions. 
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3.3 Mobile Platform Considerations 

The analytical output from PASSION is the user’s (high value assets and/or 

personnel) positions relative to the own ship’s reference point (OSRP) expressed in 

ship’s coordinates.  For example, a vector description such as x meters forward of the 

OSRP, y meters starboard of the OSRP, and z meters below the OSRP would uniquely 

describe the user’s position in ship coordinates. A change in terminology to more 

familiar ship’s jargon such as frame numbers, deck levels and or compartment/cabin 

references can then be easily accomplished with a ship’s interior mapping tool.  As 

previously discussed and as depicted in Figure 6, the auxiliary sensors which augment 

the WiFi are GPS and MEMS inertial sensors.  GPS often provides a position referenced 

to an antenna in an Earth Centered Earth Fixed (ECEF) coordinate frame.  The MEMS 

inertial sensors respond to angular rates and linear accelerations relative to an inertial 

frame of reference. Therefore, in order to utilize the auxiliary sensors within the context 

of a ship’s coordinate frame solution, we need to address the appropriate coordinate 

conversions for a translating and rotating ship. 
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The three coordinate frames associated with a moving ship, can be defined as 

follows: 

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

coordinate frame.  Conventionally, the X direction points from the center of the 

Earth through the 0 latitude, 0 longitude point; the Y direction points from the 

center of the Earth through the 0 latitude, 90 degrees East longitude point; and the 

Z direction points toward the North pole from the center of the Earth.  



99 
 

�  Ship navigation coordinate frame (N-frame). This local coordinate frame is 

centered at the location of the Own Ship Reference Point (OSRP, often taken as 

the location of ship’s primary inertial navigation system), and moves with the 

ship’s translational motion.  Several different arrangements of axis orientations 

are possible (e.g., North-East-Down, North-East-Up, East-North-Up).  In this 

project, we will adopt a right-handed North-East-Down orientation: the X 

direction points North; the Y direction points East; and the Z direction points 

Down.  

�  Ship-body-fixed local coordinate frame (S-frame). This coordinate frame shares 

the same origin as ship navigation coordinates (OSRP), and moves with the 

ship’s rotations (or attitude) as well as its translational displacements. A typical 

orientation of its three axes is: the X direction towards the bow of the ship 

(longitudinal direction), the Y direction corresponds to starboard, and the Z 

direction corresponds to down relative to the top deck surface or to the deck-to-

keel direction of the ship.  

The conversion of GPS ECEF position solutions to the local coordinate frame can be 

carried out using two-step conversions, ECEF to navigation coordinates and then 

navigation to local coordinates, and can be written as: 

SECEF
sAntShip

ECEF
U

ECEF
N

N
S

S
OSRPU lPPTTP

8888
		�
	 )( '

 

where (see Figure 19),  
S

OSRPUP 	

8
 User position in local S-frame  

ECEF
UP
8

  User position in ECEF frame  
ECEF

sAntShipP '

8
 Ship’s antenna position in ECEF frame 

Sl
8

  Position vector from ship’s antenna to OSRP (lever arm) 
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N
ST   Conversion matrix from N-frame to S-frame- 

ECEF
NT   Conversion matrix from E-frame to N-frame- 

 

 
Figure 19  Lever Arm Geometry 

The OSRP position and ship’s attitude values vary as the ship moves and they 

should be available from ship’s navigation system to the user for indoor navigation. 

The conversion matrix 
ECEF

NT  is a function of the latitude (L) and longitude (Lo) 

of OSRP (May 2005): 
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and 
N

ST  is a function of ship’s attitude angles (May 2005): 
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Further complications arise, when inertial sensors are employed for an outdoor-

indoor navigation system on a moving platform.  Inertial sensors inherently measure the 

angular rate and acceleration with respect to inertial space.  Therefore, for navigation in 

the ship’s frame, the motion of the ship (more precisely, ship-fixed local frame) with 

respect to inertial space should be compensated from the absolute motion sensed by the 

inertial sensors.   

Additional coordinate frame needs to be defined to formulate IMU measurements.  In 

this research, it is assumed that the inertial sensor assembly is firmly attached to the high 

value asset (the user) and that the IMU sensor assembly coordinate frame is the same as 

the user’s body coordinate frame, which is defined as follows: 

�  User’s body coordinate frame (B-frame). This coordinate frame is attached 

to the high value asset (the user) and centered at the location of user’s inertial 

sensor assembly.  This frame moves with user’s translational and angular 

displacements.  The X direction is the forward moving direction of the user, 

the Y direction corresponds to the right-hand side of the user, and the Z 

direction is perpendicular to the floor.  Note that the 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 the B-frame, indicated by super-script 

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

B
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B
EN

B
iE

B
iB ?????
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where, 
B
iB?

8  Angular rate sensed by MEMS gyro, or angular rate of B-frame 

with respect inertial space 
B
iE?

8  Angular rate of E-frame with respect to inertial space (Earth 

rotation rate) 
B
EN?

8  Angular rate of ship N-frame with respect to E-frame (ship 

transport rate) 
B
NS?

8  Angular rate of S-frame with respect to ship N-frame 

B
SB?

8  Angular rate of B-frame with respect to S-frame  

The Earth rotation rate, which is about 15 deg/hr, is negligible compared to the 

low-cost MEMS gyro error (~1800 deg/hr).  The ship transport rate, which is mostly less 

than 1 deg/hr (=~60 knots), is also negligible.   

The typical attitude rates of navy ships are shown in Table 6 for both large and 

small ships and in benign and harsh dynamics cases.  For large ships in benign dynamics, 

the attitude rate of the ship will be negligible compared to the low-cost MEMS gyro 

error.  Thus, in this case, no compensation is needed and the raw IMU measurements can 

be taken as angular rates of B-frame with respect to S-frame.  For small ships or for large 

ships in harsh dynamics, the IMU measurements should be compensated by the ship’s 

attitude rates, which are available from the ship’s navigation system.   

Platform Dynamics Roll Rate 
(deg/sec) 

Pitch Rate 
(deg/sec) 

Azimuth Rate 
(deg/sec) 

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 
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As discussed in Section 4.2, low-cost MEMS IMU gyro sensors can not be used 

to provide adequate heading information but can be utilized to detect changes in heading.  

Such an application is possible because the mechanization of MEMS gyro as a heading 

change detector does not require instantaneous heading information.   

The heading change or delta heading for indoor navigation can be obtained using 

the following equation: 

� �
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where, 

ẑ  Unit vector in the direction of deck-to-keel, which corresponds to the Z 

direction of S-frame and B-frame 
B

ZiB,?  Angular rate sensed by MEMS IMU in Z-axis of B-frame 

N
ST  Conversion matrix from N-frame to S-frame- 

N
NS?

8
 Ship’s attitude rate vector provided by ship’s navigation system 

� t Indoor navigation filter update time interval 

Note that the relationship zTzT N
NS

N
S

N
NS

N
B ˆˆ ��

�
��

�
� ��

�
��

�
� ??

88
 in the last step of the above 

equation can be realized because the Z direction unit vector of S-frame and B-frame, 

represented by ẑ , is identical corresponding to the deck-to-keel direction. 
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The translational dynamics equation can be written as (May 2005): 
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where, 
S

Uv�
8  User acceleration with respect to the Earth in S-frame 

S
Uv

8  User velocity with respect to the Earth in S-frame 

E
UP  User position in E-frame 

Bf
8

 Specific force measured by user in V-frame 

Ng
8

 Gravity vector at user position in N-frame 

B
ST  Conversion matrix from B-frame to S-frame 

N
ST  Conversion matrix from N-frame to S-frame 

E
ST  Conversion matrix from E-frame to S-frame 

m
jk@  Skew-matrix for rotation of k-frame with respect to j-frame in m-frame 

coordinates 

 

Compared to the MEMS accelerometer sensor errors (~6 mg=0.06 m/s^2), the 

Coriolis (the third term) and centripetal acceleration (the fourth term) terms are 

negligible.  Then, the relative acceleration of user with respect to OSRP can be obtained 

by subtracting the acceleration of OSRP from acceleration sensed by user’s MEMS IMU: 
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where, 

Bf
8

 Specific force sensed by MEMS accelerometers 

Ng  Gravity vector in N-frame � �000 g�  
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N
OSRPv�

8
 OSRP acceleration with respect to the Earth in N-frame provided by 

Ship’s navigation system 

 

As discussed in Section 4.2, low-cost MEMS accelerometer sensors are utilized 

as a horizontal (where horizontal refers to the x-y ship coordinate plane) speed change 

detector for the indoor navigation architecture proposed in this research.  The horizontal 

speed change or horizontal delta speed can be obtained using the following equation: 
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where,  

x̂  Unit vector in the ship’s longitudinal direction 

ŷ  Unit vector in the ship’s starboard direction 

B
Xf  Specific force in X direction of B-frame 

B
Yf  Specific force in Y direction of B-frame 

� t Indoor navigation filter update time interval 

Note that the last step of the above equation can be realized because the roll and 

pitch angles for 
B

ST  are zeros.  The last form of the above equation indicates that the 

horizontal delta speed is obtained by compensating local gravity and OSRP acceleration, 

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

for 
N

ST , from raw MEMS accelerometer measurements.  
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Chapter 4. Prototype Design 

4.1 Architecture 

The system architecture of the Multi-sensor Bayesian Interior Positioning 

developed for this research is shown in Figure 20.  The architecture consists of three 

sensor sets (WiFi receiver, MEMS inertial sensors, and GPS receiver); two apriori maps 

(RSS reference map and ship’s interior map), and three processors (Extended Kalman 

filter, Particle Filter and RSS Fingerprinting Preprocessor). 

The primary positioning source for the interior positioning is WiFi RSS.  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, was a principle consideration in choosing WiFi as the primary interior positioning 

building block.  The WiFi RSS measurements are processed using RSS fingerprinting 

method with respect to the RSS reference maps to provide coarse positioning information 

to the Particle Filter. 

Inertial measurements from MEMS sensors are employed to augment the WiFi 

RSS positioning.  The error characteristics of MEMS inertial and RSS positioning are 

well separable in the frequency domain; MEMS inertial errors are primarily low-

frequency while RSS position errors are mostly high-frequency.  These two positioning 

sources are integrated in a complementary fashion in this architecture to enhance 

positioning performance.  Due to the constraints on cost, weight, size and power 

consumption, only the inertial sensors that are based on very low cost Micro-Electro-

Mechanical Systems (MEMS) technology are considered in this research.   
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GPS has proved itself as the ubiquitous, low cost sensor of choice for outdoor 

applications, but extending GPS capabilities to the interior has not been established 

without substantial additional infrastructure.  In the architecture GPS is utilized to 

initialize Particle Filter when traversing from exterior to interior as well as to provide a 

continuous outdoor indoor navigation capability. 

Sensor data processing is distributed between Particle Filtering and auxiliary 

sensor filtering for more efficient computational loading.   

The auxiliary sensor filter is implemented as an Extended Kalman Filter (EKF).  

This filter utilizes non-holonomic constraints or zero velocity update (ZUPT) to estimate 

and compensate MEMS sensor bias errors.  Conversion of GPS position into a proper 

local coordinate frame and compensation of moving platform for MEMS inertial 

measurements are also performed during this filtering (see Section 3.3).  Then, delta 

speed and delta heading in the platform-fixed horizontal plane are computed and passed 

into Particle Filter to be fused with other positioning information. 

In general, Particle filtering inherently offers flexible integration of diverse 

measurement types while accommodating non-linearities and non-Gaussian error 

statistics.  In the interior positioning architecture, Particle Filtering performs sensor 

fusion of RSS positioning information, pre-filtered auxiliary sensor data (delta speed and 

delta heading) and the ship’s interior map to yield a final user position.  Variable 

structure multimode modality of the Particle Filter is employed to accommodate diverse 

user dynamics including personnel and high value assets. 
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Figure 20  System Architecture of Multi-Sensor Bayesian Interior Positioning 

4.2 MEMS Sensors 

The primary indoor positioning source used in this research, as discussed earlier, 

is WiFi RSS measurement.  The performance of WiFi-based indoor positioning could be 

enhanced by incorporating inertial sensors, which provide complementary error 

characteristics to WiFi positioning errors.  Due to the constraints on the cost, weight, size 

and power consumption, only inertial sensors that are based on low cost Micro-Electro-

Mechanical Systems (MEMS) technology are considered in this research. 

In the following sub-sections, the MEMS IMU sensors that have been selected 

for this research are described and three different techniques of utilizing MEMS IMU for 

indoor navigation are examined through analysis and simulation.  In addition, the 

approach to the on-site calibration and levelling of MEMS IMU sensors is considered. 
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The MEMS inertial sensors evaluated in this research is the Crista Sensor Head 

manufactured by Cloud Cap Technology (Cloudcap Technology 2009).  The MEMS 

IMU Sensor Head, as shown in Figure 21, is a very small three-axis inertial sensor 

package targeted for direct integration into end user application circuits.  The sensor head 

consists of three single-axis rate sensors, Analog Devices ADXRS300, and two dual-axis 

accelerometer, Analog Devices ADXL210 (see also Figure 22).  The IMU sensors have 

been calibrated in terms of temperature and the correction data are stored in the 

EEPROM.  The specifications of the MEMS IMU sensors are listed in Table 7 

(Cloudcap Technology 2009) (Niu, Nassar and El-Sheimy 2007).  Note that the 

specifications are after calibration. 

 
Figure 21  Cloud Cap Crista IMU Sensor Head 
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Figure 22 Crista IMU Sensor Head ICD 

 
 Gyros 

(ADXRS300) 
Accelerometers 
(ADXL210) 

Range +300 º/sec ±10 g 
Bias 1800 º/hr 6 mg 
Bias Instability 36º/hr 0.2 mg 
Bias Instability Time Constant 100 sec 100 sec 
Random Walk 3 º/� 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 – 8.5 V, 30ma @ 6.5 Volts 
Weight 0.5 oz (14 gram) 
Size 1.10” x 1.15” x 0.59” 
Temperature Range -40 C to 80 C 

Table 7 Specifications of the Analog Device MEMS Sensors Used in Cloud Cap 
Crista IMU Sensor Head (after calibration) 
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The conventional way of employing inertial sensors for navigation is to process 

IMU measurements (angular rates and acceleration) through a set of mechanization 

equations to compute navigation solutions including position, velocity and attitude.  Such 

a system is referred to as an Inertial Navigation System (INS).  Although significant 

progress has been made in MEMS, for the very low cost applications envisioned herein 

the conventional employment as an INS yields unacceptable position, velocity, and 

attitude accumulated errors (Lachapelle, Godha and Cannon 2006).  The limitation of 

using MEMS IMU as INS has been investigated quantitatively through simulation and its 

method and results are presented in this section. 

 
Figure 23  Block Diagram for IMU Error Propagation Simulation 

Propagate Error 
INS State Update INS Error 

Transition Matrix 

IMU Sensor 
Error Model 
Parameters 

A  xn 

Delay 

Initialize INS Error 
State 

Scenario 
Trajectory wxx nn �A
 	 1

Initialize Transition 
Matrix 

Inertial Pos, 
Vel & Att 
Errors 



112 
 

 
Figure 24  Gyro Error Model Block Diagram 

 

 
Figure 25  Accelerometer Error Model Block Diagram 

The inertial error states are defined in Table 8 and dynamic error model is 

presented in Equation 201 for horizontal components.  Coriolis dynamic terms are 

	 

� 

-1/=B

Bias 

Markov 

       Scale Factor 

Acceleration 

GWN 

           GWN 
(Velocity Random Walk) 

Accelerometer Error 

	 

� 

-1/=B

Bias 

Markov 

       Scale Factor 

Ang. Rate 

Orthog. Transfor. Ang. Rate  

Misalignment 

GWN Gyro Error 

           GWN 
(Angle Random 
Walk) 



113 
 

neglected compared with the MEMS-quality IMU errors and horizontal components are 

weakly coupled with vertical components in low-dynamic situations.  

Horizontal Inertial Error State Assignment  
State No. Description Units Symbol 

1,2 Latitude and Longitude 
Errors rad dL, dl 

3,4 North/East Velocity Errors m/s dVN, dVE 

5,6,7 North/East Tilt &Azimuth 
Errors rad fN, fE, fD 

8,9 
Accelerometer biases in 
Navigation Frame (Random 
Walk) 

m/s2 BAN, BAE 

10,11,12 Gyro biases in Navigation 
Frame (Random Walk) rad/s BGN, BGE, 

BGD 
Table 8  Horizontal Inertial Error State Assignment 
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(201) 

The contribution of individual error components of MEMS IMU sensor to free-

inertial position error has been evaluated using Monte Carlo Trials with the MEMS IMU 

error model and error parameters as described above.  The results are shown in Table 9 

and the implication of the results is summarized below: 

1. The pos/vel error growths for a short-term such as 10-second are dominated by 

the gyro bias and, secondarily, the accelerometer bias. 

2. The contribution of the sensor frame axis-misalignment error is also noticeable. 
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3. The angular random walk and the velocity random walk errors will become 

dominating factors for long-term performance. 

 
 Gyros Error 

Contribution (m) 
Accelerometer Error 
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 Monte Carlo trials for position, 

velocity and azimuth error growth as for combined effects of the error components listed 

in Table 7.  The sensor errors of low-cost MEMS cause severe drifts in the velocity and 

azimuth angle and accordingly the position errors diverge dramatically and exceed 10 

meters after about 10 seconds.  Therefore, low-cost MEMS IMU cannot maintain a 

stable position solution for the accuracy required over more than a few seconds. 
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Figure 26  A Typical Output from IMU Error Simulati on 
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Another modality of employing low-quality MEMS sensors for personal navigation 

is generally called Pedestrian Dead-Reckoning (PDR) (Godha, Lachapelle and Cannon 

2006) (Mather, Groves and Carter 2006).  In this approach, the MEMS sensors are 

typically mounted on user’s foot (Kim 2004) (Godha, Lachapelle and Cannon 2006) 

(Mather, Groves and Carter 2006).  The primary role of MEMS in this system is to detect 

the occurrence of a step and to determine the direction of motion.  The accumulated 

count of steps combined with an estimated of the length of the step can be propagated in 

the direction of motion to provide dead-reckoning positioning.  There are several serious 

shortcomings with this approach for our PASSION system including: 
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�  PASSION is required to operate for high value objects on a ship which 

include materials and devices that have motions and anatomy incongruous 

with pedestrian applications. 

�  The determination of heading with the low cost inertial sensors, even with the 

employment of frequent zero velocity updates, has only limited utility as the 

ZUPTS do not directly provide observability on heading errors and the 

instability of the low cost sensors does not allow heading estimation from 

derived quantities.  The utilization of low cost magnetorestrictive sensors for 

heading estimation, was tested, but was not reliable in the anticipated 

environment. 
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In this research, we propose an innovative approach of using MEMS  sensors for 

pedestrian navigation and asset tracking.  The idea is to utilize MEMS  to provide the 

changes in direction and speed (or delta speed and delta heading) during the navigation 

filter cycle (typically 1 sec).    This approach, therefore, will prevent the accumulated 

sensor bias errors from being injected into navigation filter.   

The block diagrams for simulation study of detecting  abrupt changes in speed 

and direction, corresponding to a user turning a corner, or starting or stopping, are shown 

in Figure 27 and Figure 28.  The same INS error propagation model and error parameters 

described in the previous section are used in this simulation study.  The simulation 

results are shown in Figure 29, Figure 30 and Figure 31.   
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Figure 27  Block Diagram for Detection of Onset of Motion Simulation 

 
Figure 28  Block Diagram for Detection of Change in Direction Simulation 

 

 
Figure 29  Simulated Detection of Onset of Motion with Low-Quality MEMS 
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Figure 30  Sensitivity analysis of detection of onset of motion.  Blue line is the 
differences in horizontal speed computed by step detector.  Red lines indicates 

detection threshold of  three times of noise floor RMS. 

 

 
 

Figure 31  Simulated Detection of Change in Direction with Low-Quality MEMS 
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Based on these simulations, it can be concluded that onset of motions associated 

with accelerations of ~0.2 m/s^2 or larger could be detected with a confidence level of 

~99%  and that changes in direction  at intersections  can be detected with a similar high 

confidence level. 
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This low-quality IMU sensor can be used for establishing a vertical reference or 

obtaining roll and pitch angles.  A fusion/Kalman filter that combines the short term 

angular rate accuracy of the gyros with the long-term level stability of the accelerometers 

was used to estimate roll and pitch angles.  Note that heading (angle in horizontal plane) 

can not be determined from this approach because the gravitational field vector provides 

no observability in azimuth and gyrocompassing techniques are not practical.  The roll 

and pitch angles from this Kalman filter were used to resolve the IMU measurements 

into horizontal components and to obtain delta speed and delta direction in the horizontal 

plane. 

The results of the MEMS sensor augmentation are presented later in the section 

on testing conducted at The George Washington University. 

4.3 Indoor GPS 
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Indoor GPS tracking has been a challenge in the GPS world for many years. 

Longer integration times, strong/weak signal decoupling, and multi-path 

detection/rejection are required for a successful acquisition and tracking of weak GPS 

signals. Recently developed technologies such as new satellite signals, assisted GPS, and 

high sensitivity receivers are being assessed for improvement in indoor navigation GPS 
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performance. The difficulty with indoor GPS is that the signal is so weak and obstructed, 

that the receiver does not have the ability to detect the C/A code. The high sensitivity 

receivers of today consist of approximately 200,000 correlators that, in theory, improve 

the detection of weak indoor signals. A GPSlim (GR-236) SiRFStarIII Bluetooth high 

sensitivity GPS receiver was used for tracking at The George Washington University 

(GWU) test site and Penn State University ARL Navigation R & D Center in 

Warminster. It was concluded from this investigative study that indoor reception is 

unreliable and at best only marginally trackable levels can be achieved when using a 

stand-alone high sensitive GPS receiver. 

The most widely used new GPS technology affecting the consumer market today 

is the use of SiRFStarIII chipsets in GPS receivers. The SiRFStarIII chipset is a high 

sensitivity microcontroller that consists of approximately 200,000 correlators and is 

advertised to have the ability to track satellite signals with power levels of -190 dbW. 

The 3 key advantages of the SiRFStarIII chipset are faster fix times, high sensitivity for 

better locking of satellite signals in tough areas like indoors or in urban canyons of 

skyscrapers, and low power drain for longer battery life. 

When a GPS receiver is turned on, it first needs to determine where it is before it 

can start tracking. This process of finding and acquiring satellites can take close to 1 

minute on a standard GPS receiver. With a high sensitivity receiver used in conjunction 

with AGPS, the fix on a user’s position can be acquired in as little as 1 second, even with 

a cold start.   

High sensitivity GPS receivers use massively parallel correlators and digital 

signal processing to search for GPS signals. By doing this, rapid first fix of the signals is 

achieved outdoors.   
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GPS signals attenuate significantly before reaching users.  Typical signal 

strengths are in the order of -160 dbW which is below the noise floor.  Signal integration 

times of 1 ms allows the receiver to acquire and track these weak signals. High 

sensitivity GPS receivers use integration times 1,000 times longer and acquire signals at -

185 dBW with tracking signals around -190 dBW. 

High sensitivity GPS receivers, however, can not provide positioning in all 

indoor locations. Signals are not able to penetrate the building materials or they get 

reflected in multi-path. The SirfStarIII chipset uses a nominal 62mW of power during 

continuous operation. This gives manufacturers the ability to put such a low power 

consuming chipset in devices such as cell phones and drastically reduce the price of 

commercial GPS receivers. 

To acquire a signal, a receiver must update its current almanac and ephemeris 

data first; then it needs to generate a replica of the known course acquisition (C/A) code 

and attempt to align it with the incoming code. During signal acquisition, the receiver 

uses an autocorrelation function to compare a string of bits received from four or more 

satellites with corresponding, internally generated replica strings.  For a receiver to detect 

a weak signal in the presence of strong signals, the autocorrelation peak of the weak 

signal must be stronger than the cross-correlation peaks from the strong signals. In an 

indoor environment, the presence of one strong signal can stop the receiver from trying 

to acquire and navigate using the weak signals. 

A major program in GPS navigation is signal multi-path. Multi-path is most 

common in urban environments where the signal has a high probability of reflecting off 

of buildings and weakening the signal strength. This situation is much worse indoors. 
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When the reflection exceeds the direct signal the Signal-To-Noise Ratio (SNR) will 

become very low. 
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The GPS satellites have been placed in orbits in order to ensure that between four 

and twelve satellites are always visible to a user anywhere and anytime. However, as the 

user starts to get close to a building, half of the sky becomes obstructed decreasing the 

number of satellites in view approximately by half. 

 
Figure 32 Typical Behavior of GPS Signal, Indoors 

Figure 32 shows the aforementioned typical behavior of the GPS signal once the 

user moves indoors. The receiver begins to track up to 9 satellites outdoors, but once the 

transition is made into indoors, the number of satellites reduce to about 3-4.  
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The test setup was taken along the trajectory shown in Figure 33. The test runs 

did not begin until the GPSlim acquired enough satellites to be able to navigate outdoors. 

The equipment was then moved indoors along the trajectory. The time marks where the 

number of satellites drops when the equipment was moved from location 1 to location 2, 

indoors. From that point, we were able to pick up the Wireless-Fidelity (WiFi) signal 

from the access points to be able to track indoors using WiFi. At location 1, the WiFi 

signal was too weak to use for navigation purposes; this is where GPS can be utilized 

before the transition into indoor WiFi tracking and vice versa. 

 
Figure 33 Trajectory of Test Setup 

The purpose of using a GPS receiver during our tests at the GWU test site was to 

determine how far into the building, if at all, a high sensitivity receiver can accurately 

track, so that we can successfully transition from GPS tracking to indoor WiFi auxiliary 

sensor tracking.  
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The commercial GPS receiver used in the testing was the GPSlim, which is a 

high sensitivity receiver that consists of 200,000 correlators and is advertised to have the 

ability to track satellite signals with power levels of -190 dbW. The C/A code signal L1 

is designed to arrive at the ground at no less than -158.5 dbW. The GPSlim, in theory, 

should be able to acquire a weak signal among strong signals in an indoor environment. 

As the GWU test site is a multilevel, concrete and steel supported edifice, GPS 

reception within this type of structure is virtually null. Figure 34 through Figure 42 show 

the behavior of the GPSlim as it was taken along the trajectory in our Precise At-Sea 

Ship System for Indoor Outdoor Navigation (PASSION) testing at GWU. The tests 

consisted of an outdoor acquisition to indoor tracking to see how far inside of the 

building the receiver could track the GPS signal until it loses its fix. The times where the 

number of satellites drops, matches the time recorded when 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, Attempt 1 

Figure 34 shows that the number of satellites instantly drops to zero when 

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

awning that we are under before entering the building.  

 
Figure 35 Reference Trajectory with Sharp Turns, Attempt 2 
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The GPSlim could not acquire a GPS signal in the time we took to begin walking 

our trajectory, as shown in Figure 35. This time was approximately 2 minutes. 

 
Figure 36 Reference Trajectory with Sharp Turns, Attempt 3 

The GPSlim was able to acquire 3 satellites before we started moving along the 

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

Figure 37 shows that while moving indoors the GPSlim exhibits the same 

behavior as in Figure 34. 

 
Figure 38 Reference Trajectory with Fast Walking Speed, Attempt 1 
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As shown in Figure 38, The GPSlim receiver instantly loses its satellites during 

the transition indoors, but acquired 3 satellites again as we took our test equipment along 

the trajectory and outside of the back exit of the building. This could be due to the fact 

that we moved very quickly from point 2 to the back exit during this run. 

 
Figure 39 Extended Trajectory with Sharp Turns, Attempt 1 

 
Figure 39 shows that while moving indoors the GPSlim exhibits the same 

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

The GPSlim could not acquire a GPS signal in the time we took to begin walking 

our trajectory, as shown in Figure 40. This time was approximately 2 minutes. 

 
Figure 41 Extended Reference Trajectory with Smooth Turns, Attempt 2 



130 
 

The GPSlim, when taken along a different, extended trajectory, was able to keep 

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

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

trajectory. 

 
Figure 42 Extended Reference Trajectory with Fast Walking Speed, Attempt 1 

The GPSlim was able to acquire 3 satellites while fast walking. The results are 

shown in Figure 42. 
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The GPS positions were converted to local coordinates and FOM was obtained 

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

turns and fast walk. 

GPSlim updates position solutions when the number of tracked SVs is larger than 

or equal to three. Otherwise, GPSlim outputs the position values from previous position 
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estimation. The GPS outputs for the sharp turn nominal trajectory are shown in Figure 

43. 

 
Figure 43 GPS Positions X, Y, and Z 

Figure 44 and Figure 45 show the horizontal GPS Positions compared with true 

positions for the sharp turn. 

 
Figure 44 GPS Position Error 
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Figure 45 True Positon vs. GPS Position 

The GPS outputs for the first smooth nominal trajectory are shown in Figure 46. 

 
Figure 46 GPS Positions X, Y, and Z 

Figure 47 and Figure 48 shows the horizontal GPS Positions compared with true 

positions for the first smooth turn nominal trajectory. 
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Figure 47 GPS Position Error 

 

Figure 48 True Position vs. GPS Position 

The GPS outputs for the second smooth nominal trajectory 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 Positions compared with true 

positions for the second smooth turn nominal trajectory. 

 
Figure 50 GPS Position Error 
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Figure 51 True Position vs. GPS Position 

The GPS outputs for the fast walk nominal trajectory are shown in Figure 52. 

 
Figure 52 GPS Positions X, Y, and Z 

Figure 53 and Figure 54 shows the horizontal GPS Positions compared with true 

positions for the fast walk nominal trajectory. 
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Figure 53 GPS Position Error 

 
Figure 54 True Position vs. GPS Position 
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The effects of the SNR while moving indoors can be seen in Figure 55 through 

Figure 57. These are results from the indoor GPS testing done at the ARL Warminster 

facility, using the GPSlim. The tests consisted of an outdoor acquisition to indoor 

tracking. 

 
Figure 55 Outdoor Acquisition 
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The Signal-to-Noise ratio is the comparison of the power level of received signal 

to the power spectral density of the background noise. The power available for the C/A 

code that the satellite transmits is approximately 27 watts, but the power collected from a 

typical receiver on the earth’s surface is only 1×10-16 watts. When there is too much 

noise, then the SNR level is low. The optimal SNR for GPS navigation is between 35 – 

40 dB-Hz. This can be seen in Figure 55 during the receiver’s outdoor acquisition. 

 
Figure 56 Moving from Outdoor to Indoor 

The degradation of the GPS signal can be seen in Figure 56.  
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Figure 57 Moving from Indoor to Outdoor 

Once the receiver was moved indoors, its SNR began to fluctuate between 10 dB-

Hz and 25 dB-Hz; both are marginally trackable levels, as shown in Figure 57. 
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The most likely technology to provide better indoor GPS positioning will be the 

addition of the new, higher power, satellite signals that are still in development. These 

new signals will be available in the next few years. The L2C and L5 signals will be 

added where the later will be 6 dB stronger than nominal levels. Three Galileo signals 

E1, E5, E6 will also be stronger by 5-8 dB. With these new signals, indoor acquisition 

and tracking will be much more feasible.  The new GPS signals that will be broadcasted 

by the new Block IIR-M satellites will be more powerful and have better likelihood of 

reception in indoor environments. 

Assisted GPS (AGPS) consists of using an assistance server that transmits up-to-

date satellite orbital data such as ephemeris data, satellite clock corrections, and 
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ionosphere corrections used to more rapidly acquire satellites. This reduces the TTFF 

down to less than 10 seconds, rather than the usual 30-40 seconds.  It can also be used for 

remotely calculating a user’s position. In indoor environments, the weak signal cannot 

support all the satellite orbital information to decode satellite data.  This information is 

thus alternately sent from the assistance server, and if the receiver has a good cell 

reception, then it can use the satellite data to determine its position. However, 

unavailability of accurate local time results in an ambiguity in the code phase period of 

1ms that must be resolved. Undetermined bit boundaries in the received signal and 

uncertainty in the satellite transmission time results in significant pseudo-range 

measurement errors. 

AGPS enables position fixing from the noisy segment of GPS data being 

transmitted indoors and uses an assistance server and a GPS receiver at an 

electromagnetically quiet site, with a clear view of the sky, to transmit to it more 

coherent data.  This can provide accuracy within 70 meters even with a signal that has a 

SNR of 15dB. The assistance data is sent over the cell phone channel to assist the GPS 

receiver within the receiving cell phone. In this way, a receiver at a controlled site sends 

valuable data to a roving receiver struggling with an uncontrolled environment. 
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Indoor GPS tracking has been a challenge in the GPS world for many years.  

Recently developed technologies such as new satellite signals, assisted GPS, and high 

sensitivity receivers are being assessed for improvement in indoor navigation GPS 

performance. The difficulty with indoor GPS is that the signal is so weak and obstructed, 

that the receiver does not have the ability to detect the C/A code. The high sensitivity 
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receivers of today consist of approximately 200,000 correlators that should improve the 

detection of weak indoor signals. A GPSlim (GR-236) SiRFStar III Bluetooth high 

sensitivity GPS receiver was used for tracking at The George Washington University 

(GWU) test site and Penn State University ARL Navigation R & D Center in 

Warminster. It was concluded from this investigative study that indoor reception is 

unreliable and at best only marginally trackable levels can be achieved when using a 

stand-alone high sensitive GPS receiver. It is acknowledged that under many, if not most, 

indoor conditions direct reception of GPS signals from satellites will not be reliable. 

Many different indoor GPS navigation methods are being developed. These new methods 

include more satellite signals at higher power with different frequencies, assisted GPS 

using the assistance of telecom towers for a faster time to first fix (TTFF), and the 

development of high sensitivity GPS receivers that have the ability to track weaker than 

average signals. It is acknowledged that under many, if not most, indoor conditions direct 

reception of GPS signals from satellites will not be reliable. There are indirect GPS 

reception methods, such as the utilization of GPS pseudolites. 
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Chapter 5. Experiment and Analysis 

5.1 George Washington University (GWU) Experiments   

The George Washington University (GWU) Research 1 Building at Ashburn, VA 

(Figure 58) has been selected for indoor navigation experiments because it provides an 

excellent WiFi network which emulates the expected ship environments.  The GWU 

building provides some “ship like” topology (see Figure 59 compared to Figure 60), and 

the relatively large-scale and multiple-floor distribution of APs (see Figure 61 and Table 

10) in the building resembles the multiple-deck distribution 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 Picture of Inside of a CVN 

There were 40 physical WiFi access points (APs) complying with the 802.11b 

standard (2.5 GHz band) deployed inside of the building as shown Figure 61 and listed in 

Table 10.  The AP hardware used in the GWU building was Cisco Aironet ALR-LAP 

1131AG-A-K9.  The transmitting power of all the APs was set to the maximum value of 

100mW during the campaign.  Note that for each of the physical APs, three Media 

Access Control (MAC) addresses were assigned as shown in Table 10.  
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Figure 61  Distribution of APs at GWU 

First Floor  

Second Floor 

Third Floor  

Forth Floor  
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Table 10 List of Access Points available at the GWU Research Building 

5.2 RSS Reference Points Surveys 

Two data collection surveys were conducted at the GWU building in August 

2008 and February 2009.   

During the first GWU survey, RSS data were collected from 441 reference points 

(RPs) covering the lobby, auditorium, recess area, a few rooms, a first floor corridor, 

stairs and second floor corridor of the building as shown in Figure 62.  These RPs were 

gridded at nominal intervals of 3 feet (see Figure 63 and Figure 64).  During the second 

GWU, additional RSS data from 16 reference points which were extended into the lobby 
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area were collected.  At each of the RPs, RSS was measured from all available APs for 

about 5 minutes. 

As shown in Figure 65 for the off-line training phase of RSS data processing, all 

the survey data from RPs were compiled; RSS statistics (average and standard deviation) 

were computed for each APs at each PR and integrated into a single RSS database.  

Examples of typical RSS heat maps at the first floor for 4 different APs, which were 

generated from the RSS database, are shown in Figure 66. 

 
Figure 62  WiFi RSS Reference Points Used for GWU Experiments 
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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 

 

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 RSS indoor positioning (see the right-
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During the second GWU survey, more comprehensive tests were designed and 

conducted using the PASSION multi-sensor suite, which is shown in Figure 67.  The 

PASSION Sensor Suite included a notebook computer with NIC and AirMagnet, 

Military GPS receiver (GB-GRAM) and MEMS sensors (3-axis accelerometer, 3-axis 

gyros, 3-axis magnetometer and a barometer).  The sensor suite also included a backup 

auxiliary sensors including a Commercial GPS Receiver (GPSLim) and a Crossbow 

AHRS400.   

A series of tests conducted during the second GWU survey using the PASSION 

Sensor Suite is summarized in Table 11.  Refer to Figure 62 for pre-defined trajectory 

nominal and extended paths used for GWU experiments.  Test 4 and Test 5 were 

designed to traverse the nominal and extended trajectory paths, respectively.  Multi-

sensor data collection with various walking scenarios was conducted similarly for both 

Test 4 and Test 5.  Test 6 was designed to simulate particularly the asset tracking mode 

of indoor positioning.   

The GWU experiment data sets compiled in Table 11 were used to evaluate the 

indoor positioning algorithms developed in this research in the framework illustrated in 

Figure 65.  The experiment results are described in the following sections.  Note that 

Test 6 has yet to be fully processed and its results are not included in this dissertation but 

will be presented in subsequent papers.   
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Figure 67  PASSION Sensor Suite 

 
Test ID Test Description Walking Scenarios Used 

Feb. 09 
Test 4 

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 

Feb. 09 
Test 5 

Collect RSS and auxiliary 
sensor measurements 
traversing the extended, as 
well as the nominal, trajectory 
path 

�  Normal Walk with Sharp Turn 1 & 2 
�  Normal Walk with Smooth Turn 1 & 

2 
�  Fast Walk with Sharp Turn 1 

Feb. 09 
Test 6 

Collect RSS and auxiliary 
sensor measurements 
traversing stop-N-go 
trajectory 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 about 20 
minutes.) 

Table 11  GWU Experiments Test Scenarios 

 

5.4 Fingerprinting Results 

The fingerprinting method has been generally accepted as a standard approach to 

WiFi RSS-based indoor positioning.  In this research, the fingerprinting method was 
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examined and implemented to provide benchmark against which the performance of the 

newly developed filtering techniques in this research can be evaluated.  It should be 

noted that the RSS fingerprinting algorithm employed in this research was based on non-

augmented instantaneous RSS measurements without a priori or initialization so that its 

position solutions were statistically independent (to the extent that the noise samples are 

independent). 

The sensitivity of RSS fingerprinting performance to the number of nearest 

neighbors (denoted as ‘K’) to be combined for weighted averaging was examined using 

the test case of Extended Trajectory Normal Walk with Sharp Turn 2.  The sensitivity 

study, whose results are shown in Table 12, indicates that a K value larger than 6 or 7 

does not show much improvement in horizontal positioning performance.   

Number of Nearest 
Neighbors  
(K Value) 

Horizontal Error 
RMS (ft) 

Vertical Error 
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 Positioning Errors to the Number of 
Nearest Neighbors  based on test case of Extended Trajectory Normal Walk with 

Sharp Turn 2 

Typical examples of RSS fingerprinting results are illustrated in Figure 68 and 

Figure 69, with Nearest Neighbor and 7 Nearest Neighbors algorithms, respectively, for 

the test case of Extended Trajectory Normal Walk with Sharp Turn 2.  The upper figure 

shows estimated horizontal positions in red triangle together with true positions in blue 
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dot.  The red lines connecting red triangles and blue dots indicate position error vectors.  

The lower figure shows the time series of estimated positions in green with true positions 

in blue for x, y and z components, respectively. 

 
Figure 68 RSS Fingerprinting Results for Extended Trajectory Normal Walk with 

Sharp Turn 2 with K=1 
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Figure 69 RSS Fingerprinting Results for Extended Trajectory Normal Walk Sharp 

Turn 2 with K=7 

The RSS fingerprinting results for all the test cases listed Table 11 in are 

summarized in Table 13 and Table 14 for K=1 and K=7, respectively.  The horizontal 

positioning accuracy that can be achieved by fingerprinting algorithm is about 9.3 feet 

with one Nearest Neighbor and 7.6 feet with 7-Nearest Weighted Neighbors, 

respectively.  The improvement achieved by 7-Nearest Weighted 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 a 6 month duration between the Aug. 

08 survey, which provided most of RSS database measurements, and the Feb. 09 survey, 

which provided RSS positioning measurements.  The reasonably good positioning results 

using a 6-month old RSS database demonstrated the long-term stability of RSS 

distribution in indoor environments that supports practical implementation of RSS-based 

indoor navigation system. 

Test Set Trajectory Description Horizontal Error 
RMS (ft) 

Vertical Error 
RMS (ft) 

Feb. 09 
Nominal 
Trajectory

Normal Walk With Sharp Turn 1  9.4 1.7 
Normal Walk With Sharp Turn 2  9.2 1.2 
Normal Walk With Sharp Turn 3  8.3 1.2 
Normal Walk With 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 

Feb. 09 
Extended 
Trajectory

Normal Walk With Sharp Turn 1  9.9 1.7 
Normal Walk With Sharp Turn 2  9.2 1.2 
Normal Walk With Smooth Turn 1  10.5 0.9 
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 Neighbor (K=1) 

 

Test Set Trajectory Description Horizontal Error 
RMS (ft) 

Vertical Error 
RMS (ft) 

Feb. 09 
Nominal 
Trajectory

Normal Walk With Sharp Turn 1  7.7 1.7 
Normal Walk With Sharp Turn 2  8.0 1.1 
Normal Walk With Sharp Turn 3  6.8 1.2 
Normal Walk With 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 

Feb. 09 
Extended 
Trajectory

Normal Walk With Sharp Turn 1  7.9 1.7 
Normal Walk With Sharp Turn 2  7.2 1.2 
Normal Walk With Smooth Turn 1  8.4 1.2 
Normal 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 Nearest Neighbors (K=7) 
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One innovative application of the fingerprinting method investigated in this 

research was for vertical positioning.  Vertical positioning is a critical component of 

indoor navigation in multi-floor (or multi-deck) environments.  The vertical positioning 

capability is implemented by augmenting the conventional RSS fingerprinting algorithm 

with a vertical channel and by establishing three dimensional RSS database with multiple 

layers including 1st-floor, stairs and 2nd-floor for GWU experiments. 

An example of RSS-based vertical positioning is illustrated in Figure 70 and the 

overall vertical positioning performance results are summarized in the last columns of 

Table 13 and Table 14 for K=1 and K=7, respectively.  One observation that can be 

made from comparing the results of K=1 with K=7 is that vertical positioning 

performance is not sensitive to the number of Nearest Neighbors to be used for 

fingerprinting.  Because the search space for vertical positioning is just three layers of 

database, multiple number of neighbors would have little or no impact on vertical 

positioning.  It is shown in Figure 70 that in most of the floor areas which are not too 

close to the stairs, RSS-based vertical positioning provides very stable vertical 

positioning for floor-level discrimination.  Vertical positioning would show some 

fluctuation only during a floor-to-floor transition.  In short, the vertical positioning 

experiments conducted in this research demonstrated that floor-lever (or deck-level) 

discrimination is achievable only employing WiFi RSS fingerprinting. 
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Figure 70  Vertical Positioning Using RSS Fingerprinting 

Utilization of a barometer or vertical accelerometer has been also considered for 

vertical positioning during the GWU experiments.  The data sets collected from a 

barometer as well as vertical accelerometer, which was part of the PASSION Sensor 

Suite, would be processed and presented in a subsequent future project. 

5.5 Particle Filter Results 

In order to evaluate PF performance relative to fingerprinting and to assess the 

value of inertial sensor aiding to PF a range of test scenarios have been selected.  

Specifically, both fingerprinting and PF algorithms were investigated over three distinct 

user trajectories characterized by differing motion attributes.  All trajectories were 

comprised of a path that started outside of the test building and proceeded through 

constrained regions of motion within the building.  Test scenarios are summarized in 

Table 15. 

Test Trajectories 

Normal Walk with Smooth Turn 

Normal Walk with Sharp Turn 
Fast Walk 
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For purposes of reference fingerprinting algorithm comparison, a 7-nearest-

neighbor fingerprinting algorithm was employed to gauge the improvement of the 

particle filter when using RSS measurements alone.   

Table 16 shows a comparison of unaided PF and PF aided with IMU Delta-

Heading (DH) relative to fingerprinting performance in terms of horizontal position error 

Root Mean Square (RMS).  Table 17 shows performance improvement in terms of 

horizontal position error reduction from fingerprinting to Unaided PF, Unaided PF to PF 

Aided with IMU DH and fingerprinting to PF Aided with IMU DH.  The time series and 

2D presentation of the horizontal position results from fingerprinting, unaided PF and PF 

aided with IMU DH for the case of Fast Walk are shown in Figure 71. 

Trajectory Description 

Horizontal Position Error RMS  

Fingerprinting 
K -= 7 
(feet) 

PF 
Un-Aided 
(feet) 

PF  
Aided with IMU DH 
(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 

 

Trajectory Description 

Performance Improvement: Horizontal Position Error 
Reduction (%) 
Fingerprinting to 
PF Un-Aided 

PF Un-Aided to PF 
Aided with IMU DH 

Fingerprinting to 
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 yields an average of 20% position 

estimation improvement over fingerprinting.  Inertial sensor integration by the strategy 

investigated in this study resulted in a 37% average improvement of position estimation 

relative to PF alone.  Finally, comparison of inertial sensor aided PF relative to raw 

fingerprinting yield an average 50% position performance improvement.  

From the preceding, inclusion of inertial sensor aiding and implementation of the 

constrained PF milestone response method results in a powerful strategy for precision 

indoor navigation. 
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Figure 71  Time series and 2D presentation of Horizontal 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 towards implementing a Navy 

initiative of tracking high value assets and personnel aboard major surface ship 

combatants. As cost and infrastructure are prime considerations, the envisioned system 

consists of the existing WiFi as the prime indoor observable supplemented by low cost 

inertial sensors and GPS for outdoor continuity. The WiFi approach utilizes apriori maps 

for which an algorithm was developed to assess the figure of merit of the WiFi geometry.  

In this dissertation an analytical derivation of a WiFi Figure of Merit (FOM) was 

derived. Analytical derivations of a FOM were derived for both a specific sample of a 

surveyed WiFi RSS map and for a more general statistical representation utilizing a 

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

previous research. 

In order to incorporate the GPS and MEMS auxiliary sensors, unique algorithms 

were derived which enabled their utilization within the context of the ships relative 

coordinate frame solution. 

The employment of a 3-D apriori survey map enabled demonstration of a vertical 

performance to the required objectives.  

A prototype system was designed, built and tested at George Washington 

University utilizing multi-sensor Bayesian estimation algorithms. Results were computed 

using a regularized particle filter with resampling, both with and without augmentation 

by low cost inertial sensor delta heading measurements. These results were compared 

with least-squares instantaneous WiFi nearest neighbor algorithms. It was determined 
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that the unaided particle filter had 20% better accuracy than the nearest neighbor. 

Furthermore, the aided particle filter, had 37% better accuracy than the unaided particle 

filter. The delta heading inertially derived sensor  measurements were able to assist the 

particle filter at “anchor points”, ie, points where a corridor or passageway junctions 

imply several possible paths. The project addresses several other unique considerations 

associated with ships/mobile platforms including compensation of inertial measurements. 

 

6.2 Areas for Future Research 
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The ultimate Naval ship implementation of PASSION will involve several 

implementation tradeoffs. These tradeoffs will involve performance requirements 

thresholds and objects, user and platform constraints, technical risk and complexity, and 

cost. 

Among the implementation tradeoffs will be those between: 1) A Centralized 

Netcentric Server Based system versus 2) A distributed Client Based System. In both 

systems the User carries instrumentation (such as a Tag and/or PDA) that has the 

PASSION sensors: nominally a WiFi terminal, GPS and MEMS sensors. 

1) For the Centralized Netcentric Server Based system most of the 

computational load is performed at a centralized server. Preprocessed data 

from the sensors on the user are transmitted to the centralized server which 

performs the location algorithm(s) for all the users. The apriori maps and 

ship’s drawing would be resident on the Server. The users may or may not 

have an independent display of their location and cannot operate 

independently of the server. This approach reduces the computational load on 
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the user. It is presently the predominant type of system presently used in WiFi 

based positioning systems. 

2) For the Client Based System, each individual user performs its own 

computations autonomously and displays its location. For example, a PDA 

incorporating the PASSION sensors, would compute and display the user’s 

position. Each user would have the ship’s maps/drawings within its database. 

Memory and throughput considerations will be a major driver for this type of 

implementation. 

As part of the PASSION effort, the aforementioned tradeoffs will be examined. 

There are, in addition, combinations of the two systems that are also possible such as 

only certain high value users being autonomous, while most other users are tracked via 

the Netcentric Automonous Server based approach. 
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In addition to the aforementioned issue with respect to inertial sensor 

augmentation, utilization of WiFi aboard ships for positioning (as well as for 

communications and data transport) has several considerations that are unique and will 

need to be addressed by the Navy. Some of those that have been noted are: 

a. Wireless data signals penetrate aluminum joiner bulkheads fairly well. 

Useable data connectivity is possible at distance of 40 feet through several 

bulkheads.  

b. WiFi signal penetrates through bulkheads on the same deck; however there is 

limited penetration from deck to deck. 

c. Possible mutual interference between 802.11a WiFi access points and other 

systems on ship.  
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d. As a general rule, 802.11g signals performed better than 802.11a signals in a 

given situation. 

e. Careful care, consideration and planning are necessary where classified data 

is involved as the boundaries of reception are soft and variable. 

Plans have been formulated for the surveying of WiFi sites aboard a navy ship in 

December 2009 and a prototype demonstration test in February 2010. 
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The demonstration of velocity detection algorithms for normally stationary high 

value assets has yet to be implemented.  

The development of reduced complexity filters, instead of the regularized particle 

filter, may be necessary for throughput and memory conservation. As new Global 

Navigation Satellite System (GNSS) capabilities are added, including systems from 

Europe and China, the extension of GPS availability further into the interior will require 

additional algorithmic development. 
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Appendix A. Multi-sensor Bayesian Estimation Interior Positioning 
for Stationary and Mobile Structures 
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ABSTRACT  

Indoor positioning has been a burgeoning technology which has been researched and, to date, sparsely 
implemented using a variety of sensors. This paper addresses theoretical and practical considerations 
of a continuous outboard inboard positioning system with emphasis on its future implementation 
aboard Navy or commercial ships. The need for positioning systems aboard platforms, such as aircraft 
carriers, to reduce on-board manning, for damage control and maintenance, as well as for general 
personnel and high value asset tracking, is a Naval research initiative.  The paper evaluates, via 
analysis and demonstration, the utility of very low cost MEMS (gyroscopes and accelerometers) 
sensors, along with GPS, to augment the WiFi. This unique combination of sensors, which has been 
implemented in hardware and modeled in software, is used to explore the tradeoffs among positioning 
accuracy,  availability and complexity. 

The first test site for the experimental validation of the prototype system hardware and software was 
chosen as the George Washington University Ashburn campus in Northern Virginia. This site was 
chosen based on its extensive WiFi capability as well as it having certain areas with topological and 
WiFi transmission characteristics resembling that of a ship. A description of the WiFi network’s access 
points, received signal strength maps, and overall topology is included. The generation of detailed 
apriori WiFi RSS maps along with the overall test methodology employed, necessary to demonstrate a 
horizontal performance accuracy goal of two meters and deck level vertical discrimination, are 
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described.  As a consequence of the non-linearities involved in the RSS maps and topological 
constraints, as well as the non-Gaussian nature of some of the noise sources, emphasis has been placed 
on a novel implementation of a regularized particle filter. 

This paper considers navigation in both an absolute and relative sense. For most applications, absolute 
and relative solutions can be straightforwardly related to each other. A complication, however, arises 
when a user on a mobile platform employs inertial sensors as auxiliary sensors. These sensors 
inherently measure acceleration and angular rate with respect to inertial space and thus are subject 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 to inertial space, then algorithms must 
attempt to separate the user´s relative motion with respect to the mobile platform. This topic is 
analytically addressed in a preliminary fashion and will be the subject of further research. The paper 
concludes with the plans and schedule for a second prototype demonstration aboard a US Navy ship in 
the Fall of 2009. 

INTRODUCTION 

The Navy research initiative is referred to as the Precise At-sea Ship System for Indoor Outdoor 
Navigation (PASSION) system. This paper addresses several unique areas of research. They are as 
follows: 
 
Utilization of very low cost MEMS with WiFi and GPS. 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 
paper. In this paper, we utilize commercial 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. It is also 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 a full inertial navigation mode,  is not commensurate with the low cost targets set for PASSION, this 
paper 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 MEMS, size, 
power and cost constraints can be satisfied.  
 
Development of unique non-linear fusion algorithms:  Unique particle filter and extended Kalman 
Filter algorithms with non-holonomic/topological constraints have been developed. Among the 
innovative algorithms is the use of a modified Variable Structure Multiple Mode algorithm with 
constraints based on room topology. The utilization of inertial sensor measurements adapted for a low 
cost, size, weight application associated with PASSION also involves novel algorithms.  
 
Development of a Figure of Merit (FOM)/Site Signature:  An algorithm to assess the geometric 
suitability of the RSS Access Point configuration is derived.  
 
Utilization for Wide Variety of High Value Objects Not Specifically Geared 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 in 
the literature has been placed on the calibration of stride lengths and torso motion characteristics. For 
the case of more general items as discussed herein, there are more uncertainties associated with the 
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types of motion possible for a variety of types of items. In this paper, we do not explicitly employ 
motion models.  
 
Large Number of APs and Two Floors 
Previous 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 22 
are typically received at one location.  The demonstration also includes testing on two floors where 
previous studies have reported on data from a single floor. 
It is also noted that these novel approaches above are also compared with earlier approaches 
mentioned in the literature such as the “nearest neighbor” and “k closest” algorithms.  
Further motivation for shipboard positioning is found in Defense News of May 2009 [12]: “The 
Navy’s near-term C4I priorities are maritime domain awareness (MDA), the Consolidated Afloat 
Networks and Enterprise Services (CANES) program and satellite communications. In the area of 
MDA, the Navy used to care primarily about tracking ships and airplanes. Now it needs to track the 
cargo and passengers those ships are carrying.” said Christopher Miller, the Navy’s Program 
Executive Officer for C4I.  

SYSTEM ARCHITECTURE 

The system architecture of the Multi-sensor Bayesian Interior Positioning developed for this research 
is shown in Figure A-1.  The architecture consists of three sensor sets (WiFi receiver, MEMS inertial 
sensors, and GPS receiver); two apriori maps (RSS reference map and ship’s interior map), and three 
processors (Extended Kalman filter, Particle Filter and RSS Fingerprinting Preprocessor). 

The primary positioning source for the interior positioning is WiFi RSS.  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, was a principle consideration in choosing 
WiFi as the primary interior positioning building block.  The WiFi RSS measurements are processed 
using RSS fingerprinting method with respect to the RSS reference maps to provide coarse positioning 
information to the Particle Filter. 

Inertial measurements from MEMS sensors are employed to augment the WiFi RSS positioning. These 
two positioning sources are integrated in a complementary fashion in this architecture to enhance 
positioning performance.  Due to the constraints on cost, weight, size and power consumption, only the 
inertial sensors that are based on very low cost MEMS technology are considered in this research.   

GPS has proved itself as the ubiquitous, low cost sensor of choice for outdoor applications, but 
extending GPS capabilities to the interior has not been established without substantial additional 
infrastructure.  In the architecture GPS is utilized to initialize Particle Filter (PF) when traversing from 
exterior to interior as well as to provide a continuous outdoor indoor navigation capability. 

Sensor data processing is distributed between Particle Filtering and auxiliary sensor filtering for more 
efficient computational loading.   

The auxiliary sensor filter is implemented as an Extended Kalman Filter (EKF).  This filter utilizes 
non-holonomic constraints or zero velocity update (ZUPT) to estimate and compensate MEMS sensor 
bias errors.  Conversion of GPS position into a proper local coordinate frame and compensation of 
moving platform for MEMS inertial measurements are also performed during this filtering.  Then, 
delta speed and delta heading in the platform-fixed horizontal plane are computed and passed into the 
PF to be fused with other positioning information. 

In general, Particle filtering inherently offers flexible integration of diverse measurement types while 
accommodating non-linearities and non-Gaussian error statistics .  In the interior positioning 
architecture, Particle Filtering performs sensor fusion of RSS positioning information, pre-filtered 
auxiliary sensor data (delta speed and delta heading) and the ship’s interior map to yield a final user 
position.  Variable structure multimode modality of the 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 Bayesian Interior Positioning 

MEMS AUXILIARY SENSORS 

The MEMS Inertial Measurement Unit (IMU) evaluated in this research is the Crista Sensor Head 
manufactured by Cloud Cap Technology [4].  The MEMS IMU Sensor Head, as shown in Figure A-2, 
is a very small three-axis inertial sensor package targeted for direct integration into end user 
application circuits.  The sensor head consists of three single-axis rate sensors, Analog Devices 
ADXRS300, and two dual-axis accelerometer, Analog Devices ADXL210 (see also Figure A-3).  The 
inertial sensors have been calibrated in terms of temperature and the correction data are stored in the 
EEPROM.  The specifications of the MEMS inertial sensors 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 
(ADXRS300) 

Accelerometers 
(ADXL210) 

Range +300 º/sec ±10 g 

Bias 1800 º/hr 6 mg 

Bias Instability 36º/hr 0.2 mg 

Bias Instability Time 
Constant 

100 sec 100 sec 

Random Walk 3 º/� 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 – 8.5 V, 30ma @ 6.5 Volts 

Weight 0.5 oz (14 gram) 

Size 1.10” x 1.15” x 0.59” 

Temperature Range -40 C to 80 C 

Table A-1: Specifications of the Analog Device MEMS Sensors Used in Cloud Cap Crista IMU 
Sensor Head (after calibration) 

MEMS IMU Simulations 

Although significant progress has been made in MEMS, for the very low cost applications envisioned 
herein the conventional employment as an INS yields unacceptable position, velocity, and heading 
accumulated errors [8].  The limitation of using MEMS IMU as INS has been investigated 
quantitatively through simulation and its method and results are presented in this section. 

The contribution of individual error components of MEMS inertial sensor to free-inertial position error 
has been evaluated using Monte Carlo Trials with the MEMS inertial sensor error model and error 
parameters as described above.  The results are shown in Table A-2 and the implications of the results 
are summarized below:   

�  The pos/vel error growths for a short-term such as 10-second are dominated by the gyro bias and, 
secondarily, the accelerometer bias 

�  The contribution of the sensor frame axis-misalignment error is also noticeable. 

�  The angular random walk and the velocity random walk errors will become dominating factors for 
long-term performance. 

 Gyros Error 
Contribution (m) 

Accelerometer Error 
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 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 Monte Carlo trials for horizontal position, velocity 
components and azimuth error growth representing the combined effects of the error components listed 
in Table A-1.  With no ZUPTS or other constraints, the sensor errors of low-cost MEMS cause severe 
drifts in the velocity and azimuth angle and accordingly the position errors diverge dramatically and 
exceed 10 meters after about 10 seconds.  Therefore, the low-cost MEMS inertial sensor cannot 
maintain a stable position solution for the accuracy required over more than a few seconds. 
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Figure A-4: A Typical Output from Inertial Sensor Error Simulation 

MEMS as a Motion Detector 

In this research, we utilize MEMS to provide the changes in direction and speed (or delta speed and 
delta heading) during the navigation filter cycle (typically 1 sec).  This approach, therefore, will 
prevent the accumulated sensor bias errors from being injected into navigation filter.   

The block diagrams for the simulation study of detecting abrupt changes in speed and direction, 
corresponding to a user turning a corner, or starting or stopping, are shown in Figure A-5 and Figure 
A-6.  The same inertial sensor error propagation model and error parameters described in the previous 
section are used in this simulation study.  The simulation results are shown in Figure A-7, Figure A-8 
and Figure A-9. 

 

 
Figure A-5: Block Diagram for Detection of Onset of Motion Simulation 

 

 
Figure A-6: Block Diagram for Detection of Change in Direction Simulation 

 
Figure A-7: Simulated Detection of Onset of Motion with Low-Quality MEMS 
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Figure A-8: Sensitivity analysis of detection of onset of motion.  Blue lines are the differences in 

horizontal speed computed by step detector.  Red lines indicates detection threshold of three 
times of noise floor RMS. 

 

 
Figure A-9: Simulated Detection of Change in Direction with Low-Quality MEMS 

Based on these simulations, it can be concluded that onset of motions associated with accelerations of 
~0.2 m/s^2 or larger could be detected with a confidence level of ~99% and that changes in direction at 
intersections can be detected with a similar high confidence level. In order to determine when delta 
heading indicates trajectory change, a decision threshold is required.  By investigating the available 
data sets, a threshold of approximately 17o was selected to yield consistent detection of trajectory 
change with no observed false alarms. 

GPS as Auxiliary Sensor 

Indoor GPS tracking has been a challenge in the GPS world for many years. Successful acquisition and 
tracking of weak GPS signals requires longer integration times, effective strong/weak signal 
decoupling, and correct multi-path detection and rejection. Recently developed technologies such as 
new satellite signals, assisted GPS, and high sensitivity receivers are being assessed for improvement 
in indoor navigation GPS performance. The difficulty with indoor GPS is that the signal is so weak 
and obstructed, that the receiver does not have the ability to detect the C/A code. The high sensitivity 
receivers of today consist of approximately 200,000 correlators that, in theory, improve the detection 
of weak indoor signals. A GPSlim (GR-236) SiRFStar III Bluetooth high sensitivity GPS receiver was 
used for tracking at the George Washington University (GWU) test site. It was concluded from this 
investigative study that indoor reception is problematic  when using a stand-alone high sensitive GPS 
receiver especially in light of the future ship applications. As investigation of GPS was not a major 
theme in this paper, its use was limited to initializion of the PF when traversing from outdoors to 
indoors. 
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PARTICLE FILTERING 

For purposes of simple measurement smoothing, any conventional filtering algorithm including the 
Kalman Filter (KF) is suitable.  However, if the rich scope of structure constraint information and 
availability of complementary sensors is to be integrated into the solution strategy, the resulting 
nonlinearity degrades KF applicability.  Moreover, alternative nonlinear algorithms often presume a 
model structure that complicates general sensor fusion.  From this perspective, Particle Filtering (PF) 
has been selected as a robust algorithm strategy capable of rapidly accommodating multiple sensors, 
structural constraints and varied scenarios.  The objective of  PF filtering application to indoor 
navigation is to integrate and smooth raw sensor measurements so as to yield a robust position estimate 
superior in geolocation precision than any individual sensor measurement alone and generally superior 
in performance to conventional filtering algorithm strategies.  

The most common implementations of the PF are derived from the Sequential Importance Sampling 
(SIS) algorithm.  The basic form of the SIS algorithm, however, suffers from “degeneracy”; i.e., after a 
finite number of recursive iterations, all but one particle will have a negligible weight.  The solution to 
eliminating degeneracy is resampling.  Resampling is the process by which particles are regenerated to 
reflect the more “important” higher-weight samples.  A uniform weight is then assigned to the 
remaining particles so that degeneracy is prevented.  Systematic Resampling is a popular and 
computationally efficient implementation of resampling.  However, resampling can result in loss of 
particle “diversity”.   

Among the various alternative PF algorithms to mitigate the diversity problem as well as degeneracy, 
is the Regularized PF (RPF).  RPF modifies resampling by jittering or “dithering” the discrete 

resampled values,ikx , generated by the SIS process. 

i
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This results in effectively resampling from a continuous approximation of the posterior density rather 
than the discrete approximation used by the systematic resampling algorithm.  A summary of the RPF 
algorithm appears in Table A-3 below. 

 

Table A-3: Regularized Particle Filter 

In order to support incremental algorithm upgrade as well as maintainability, the PF implementation is 
highly modular as depicted in Figure A-10. The functionality 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 be used to initialize PF.  Otherwise, initial position 
solution can be estimated using the fingerprinting approach.  

RSS Measurement 

Physical measurements are derived from RSS measurements at the user’s location at time t = tk.  
Individual RSS measurements are performed for all WIFI access points. 
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RSS Table Lookup 

With the exception of initialization, comparison of the RSS measurement vector with the RSS database 
is performed over a local portion of the reference table rather than the entire table.  This conserves both 
computation time and reduces the likelihood of ambiguous position estimates.  Given the maximum 
anticipated user motion for the current region of user position,# $maxmax , vyvx , reference table search 

is performed as follows 
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NAP = Number of Access Points. 

State Prediction 

Based upon position particles determined at the time of the previous measurement sample, all particles 
are propagated forward via the system state transition function.  As previously indicated, the RPF 

employs the transitional density function � 
i
kk

i
k xxpx 1~ 	 .  When the additive noise term is 

presumed to be Gaussian, the transition function becomes the multivariate Gaussian distribution.  
However if the user motion state parameters are assumed independent and identically distributed 
(i.i.d.:  generally a valid assumption), then current particle state particles may be separately generated 
from independent normal distributions: 
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# $vx
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Where  

i
kx 1	  = Previous iteration resampled x-position particle “i” 

x'  = Standard deviation describing user x-position uncertainty 

Similar results pertain to the y coordinate and vx and vy  velocity components. 

Particle Weight Generation 

Separate particle weights are associated with position and velocity measurements.  Position weights 
reflect a measure of consistency between particle position and the best match position defined by 
reference table look up based upon the current RSS measurement.  Given that the actual underlying 
measurement density function is unknown, a Gaussian distribution is selected for its generality.  
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Given that there is no direct measurement of user velocity, velocity particles are determined from 
change of user position estimates.  In order to minimize the impact of estimation noise, an increased 
time or “lag” between position samples is used 
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The corresponding velocity weight then becomes 
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Note that both on position and velocity weights need to be normalized to unity.  

Effective Sample Size Computation 

Effective sample size is employed as a decision threshold to mitigate the occurrence of particle 
degeneracy 
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As a decision criteria, resampling occurs only when effN̂ < Threshold for some preselected decision 

threshold.  However, it is important to observe that resampling results in fewer particles which give 
rise to a less accurate estimate of the desired posterior density function.  Consequently, the accuracy of 
any estimate of a function of the resulting distribution can only decrease as a result of resampling! 

Once effN̂  drops beneath a fixed threshold (say 75%), then resampling is initiated.  

Resampling  

The resampling algorithm is summarized in Figure A-11.  If the effective sample size defined in 
Section 4.1.6 drops below the fixed threshold=75% of N, then the process of resampling is initiated.  
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As indicated in the figure, particles are first resampled by method of systematic resampling.  In order 
to avoid particle degeneracy induced by conventional resampling, all particles are jittered about their 
present value so as to generate new and non-repeated particles.  This essentially improves the effective 
resolution of the particle distribution.  

 

Figure A-11: Resampling Particle Filter Algorithm 

Particle Filter Mean Computation   

Once the resampled, dithered particles have been generated, position and velocity estimates are derived 
from their respective means  
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These solutions constitute the current RSS-based navigation solution.  The corresponding particles are 
then retained for the subsequent particle filter processing iteration.  

Building/Ship Structure Design 

 In its simplest form, structure design defines where it may be “structurally feasible” for a user to be 
located or not.  In this application, valid also implies regions a user may logically be expected to move 
through.  Structurally feasible regions include corridors, doorways, rooms entrance atriums, etc.  By 
contrast, structurally infeasible regions correspond to areas where movement cannot occur such as in 
or through walls.   Constraints may further be extended from structurally feasible to “logically 
feasible”.  Thus movement within a structure is further constrained to only neighboring regions that a 
user can feasibility move to based upon maximal rate of movement.  Hence, movement from a 
structurally feasible hallway at one end of building to a structurally feasible hallway at the opposite 
end of the building is regarded as logically infeasible due to the speed required.  Similarly, an adjacent 
room that requires a user to traverse a long corridor and subsequent doorway to enter is not feasible 
until the user comes within a logically feasible range of the doorway.  Thus, whenever particles are 
generated or propagated, each particle is validated to be within a logically feasible region of the 
structure under navigation.  If a particle is determined to be invalid, it is regenerated till it becomes 
invalid.  If a high rate of infeasible particle generation is detected, an option to accelerate particle 
generation may be employed.  This includes temporarily adopting a uniform distribution with bounds 

Systematic Resampling  

Dither Computation

Gaussian Dither Noise Generation  

Dithered / Resampled Particle Generation

eff N ˆIF < 75% of N
THEN

ELSE
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matched to structure boundaries.  A more sophisticated application of particle filtering couples 
constrained particle generation with IMU heading change detection as described in the next section. 

Sensor Fusion Strategy 

Utilizing MEMS inertial sensors as auxiliary sensor aiding to the PF was investigated.  The first 
consideration of PF integration of inertial sensor measurements is determining which measurement 
components are appropriate for integration.  Since RSS measurements do not provide velocity 
information and RSS difference measurements are noisy, an independent source of velocity 
information is highly desirable.  Unfortunately, it has been determined that with low rate MEMS 
inertial sensor devices, velocity measurement drifts to an unacceptable error level at rates that are not 
practical for indoor navigation.  The same applies to MEMS-based heading measurement.  However, 
change of heading and change of velocity provide valuable information regarding trajectory change 
detection.  In comparing true trajectory change behavior against measured heading change and velocity 
change, heading change supports reliable consistency with actual trajectory direction change while 
velocity change proved less reliable.  However, it is believed that velocity change will provide a 
valuable indicator of start/stop behavior suitable for inventory monitoring.  These applications will be 
addressed in future investigations. 

Once change of trajectory is reliably indicated, the mechanism as to how the particle filter responds to 
trajectory change was formulated.  Initially, strategies such as modifying particle filter plant and 
measurement variance was investigated.  However filter responsiveness was only moderately 
improved.  The most effective trajectory change response strategy was to associate detected trajectory 
changes with building constraint positions that would initiate a PF position estimate change.  This was 
accomplished by searching for the nearest building milestone position (end of corridor, etc.) relative to 
the current PF estimated user position.  If the closest milestone position corresponded to a feasible 
distance given historical user speed, then the current estimated position would be replaced by the 
building constrained milestone position.  Moreover, by further imposing building constraints the 
feasible next direction(s) of user motion could be determined.   

In general, at each milestone position, a minimum of two trajectories are feasible:  continued forward 
motion or back tracking.  Moreover, at intersections, feasible branch directions become possible as 
depicted in Figure A-12. 

 

Figure A-12: PF Feasible Trajectory Assessment 

Under such instances, new particles are generated such that each particle cluster corresponds to an 
alternative trajectory hypothesis.  Once a succession of RSS and sensor measurements has been 
processed, the consistency of measurements with candidate trajectories may be evaluated to discern 
trajectory likelihood.  In general, all but the valid trajectory may be discarded or “pruned” from the 
possible decision space yielding only the one valid trajectory. 

Branch 3 (TRUE)

Branch 4 (FALSE)

True Particle Path #1,3

Alternative Particle Path #2,4

Anchor Point

Branch 1 (TRUE)
Reverse
Direction (FALSE)



182 
 

THE GEORGE WASHINGTON UNIVERSITY 
EXPERIMENTS 

RSS Reference Points Surveys 

The George Washington University (GWU) Research 1 Building at Ashburn, VA has been selected for 
indoor navigation experiments because it provides an excellent WiFi network which emulates the 
expected shipboard environment.   

There were 40 physical WiFi access points (APs) complying with the 802.11b/g standard (2.5 GHz 
band) deployed throughout the four floors of the building.  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 experiments.  Two data collection surveys were 
conducted at the GWU building in August 2008 and February 2009.   

During the first GWU survey, RSS data were collected from 441 reference points (RPs) covering the 
lobby, auditorium, recess area, a few rooms, a first floor corridor, stairs and second floor corridor of 
the building as shown in Figure A-13.  These RPs were gridded at nominal intervals of 3 feet.  During 
the second GWU survey, additional RSS data from 16 reference points which were extended into the 
lobby area were collected.  At each of the RPs, RSS was measured from all available APs for about 5 
minutes. 

As shown in Figure A-14 for the off-line training phase of RSS data processing, all the survey data 
from RPs were compiled; RSS statistics (average and standard deviation) were computed for each APs 
at each RP and integrated into a single RSS database.  Examples of typical RSS heat maps at the first 
floor for 4 different APs, which were generated from the RSS database, are shown in Figure A-15. 

 

Figure A-13: WiFi RSS Reference Points Used for GWU Experiments 

 

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 RSS indoor positioning (see the right-hand side of Figure 
A-14), a series of RSS data were collected traversing the pre-defined trajectories shown in Figure A-
13.   

During the second GWU survey, more comprehensive tests were designed and conducted using the 
PASSION multi-sensor suite, which is shown in Figure A-16.  The PASSION Sensor Suite included a 
notebook computer with NIC and AirMagnet, Military GPS receiver (GB-GRAM) and MEMS sensors 
(3-axis accelerometer, 3-axis gyros, 3-axis magnetometer and a barometer).  The sensor suite also 
included a backup auxiliary sensors including a Commercial GPS Receiver (GPSLim) and a Crossbow 
AHRS400.   

 

 

Figure A-15: Examples of RSS Heat Maps 

A series of tests conducted during the second GWU survey using the PASSION Sensor Suite is 
summarized in Table A-4.  Refer to Figure A-13 for pre-defined trajectory nominal and extended paths 
used for GWU experiments.  Test 4 and Test 5 were designed to traverse the nominal and extended 
trajectory paths, respectively.  Multi-sensor data collection with various walking scenarios was 
conducted similarly for both Test 4 and Test 5.  Test 6 was designed to simulate particularly the asset 
tracking mode of indoor positioning.   

The GWU experiment data sets compiled in Table A-4 were used to evaluate the indoor positioning 
algorithms developed in this research in the framework illustrated in Figure A-14.  The experiment 
results are described in the following sections.  Note that Test 6 has yet to be fully processed  and its 
results are not included in this paper but will be presented in subsequent papers.   
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Figure A-16: PASSION Sensor Suite 

 

Test 
ID Test Description Walking Scenarios Used 

Feb. 09 
Test 4 

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 

Feb. 09 
Test 5 

Collect RSS and auxiliary 
sensor measurements 
traversing the extended, as 
well as the nominal, trajectory 
path 

Normal Walk with Sharp Turn 1 
& 2 
Normal Walk with Smooth Turn 
1 & 2 
Fast Walk with Sharp Turn 1 

Feb. 09 
Test 6 

Collect RSS and auxiliary 
sensor measurements 
traversing stop-N-go trajectory 
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 about 
20 minutes.) 

Table A-4: GWU Experiments Test Scenarios 

Fingerprinting Results 

The fingerprinting method has been generally accepted as a standard approach to WiFi RSS-based 
indoor positioning.  In this research, the fingerprinting method was examined and implemented to 
provide a benchmark against which the performance of the newly developed filtering techniques in this 
research can be evaluated.  It should be noted that the RSS fingerprinting algorithm employed in this 
research was based on non-augmented instantaneous RSS measurements without a priori or 
initialization so that its position solutions were statistically independent (to the extent that the noise 
samples are independent). 

The sensitivity of RSS fingerprinting performance to the number of nearest neighbors (denoted as ‘K’) 
to be combined for weighted averaging was examined using the test case of Extended Trajectory 
Normal Walk with Sharp Turn 2.  The sensitivity study, whose results are shown in Table A-5, 
indicates that a K value larger than 6 or 7 does not show much improvement in horizontal positioning 
performance. 

Typical examples of RSS fingerprinting results are illustrated in Figure A-17 and Figure A-18, with 
Nearest Neighbor and 7 Nearest Neighbors algorithms, respectively, for the test case of Extended 
Trajectory Normal Walk with Sharp Turn 2.  The upper figure shows estimated horizontal positions in 
red triangle together with true positions in blue dot.  The red lines connecting red triangles and blue 
dots indicate position error vectors.  The lower figure shows the time series of estimated positions in 
green with true positions in blue for x, y and z components, respectively. 

 

Number of Nearest  
Neighbors  
(K Value) 

Horizontal Error  
RMS (ft) 

Vertical Error 
 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 Positioning Errors to the Number of Nearest 
Neighbors based on test case of Extended Trajectory Normal Walk with Sharp Turn 2 
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Figure A-17: RSS Fingerprinting Results for Extended Trajectory Normal Walk with Sharp 
Turn 2 with K=1 
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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 test cases listed Table A-4 in are summarized in Table A-6 
and Table A-7 for K=1 and K=7, respectively.  The horizontal positioning accuracy that can be 
achieved by fingerprinting algorithm alone is about 9.3 feet and 7.6 with Nearest Neighbor and 7-
Nearest Weighted Neighbors, respectively.  The improvement achieved by 7-Nearest Weighted 
Neighbors over Nearest Neighbor is about 1.7 feet or 18 %.  

Test Set Trajectory Description 
Horizontal 

Error 
RMS (ft) 

Vertical  
Error  

RMS (ft) 

Feb. 09 
Nominal 

Trajectory

Normal Walk With Sharp Turn 1 9.4 1.7 
Normal Walk With Sharp Turn 2 9.2 1.2 
Normal Walk With Sharp Turn 3 8.3 1.2 

Normal Walk With 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 

Feb. 09 
Extended 
Trajectory

Normal Walk With Sharp Turn 1 9.9 1.7 
Normal Walk With Sharp Turn 2 9.2 1.2 

Normal Walk With Smooth Turn 1 10.5 0.9 
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 A-6: RSS Fingerprinting Results with Nearest Neighbor (K=1) 

Test Set Trajectory Description 
Horizontal 

Error 
 RMS (ft) 

Vertical  
Error  

RMS (ft) 

Feb. 09 
Nominal 

Trajectory

Normal Walk With Sharp Turn 1 7.7 1.7 
Normal Walk With Sharp Turn 2 8.0 1.1 
Normal Walk With Sharp Turn 3 6.8 1.2 

Normal Walk With 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 

Feb. 09 
Extended 
Trajectory

Normal Walk With Sharp Turn 1 7.9 1.7 
Normal Walk With Sharp Turn 2 7.2 1.2 

Normal Walk With Smooth Turn 1 8.4 1.2 
Normal 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 A-7: RSS Fingerprinting Results with 7 Nearest Neighbors (K=7) 

It is worthwhile to note that there is about 6 months apart between the Aug. 08 survey, which provided 
most of RSS database measurements, and the Feb. 09 survey, which provided RSS positioning 
measurements.  The reasonably good positioning results using a 6-month old RSS database 
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demonstrated the long-term stability of RSS distribution in indoor environments that supports practical 
implementation of RSS-based indoor navigation system. 

Vertical WiFi Results 

One innovative application of the fingerprinting method investigated in this research was for vertical 
positioning.  Vertical positioning is a critical component of indoor navigation in multi-floor (or multi-
deck) environments.  The vertical positioning capability is implemented by augmenting the 
conventional RSS fingerprinting algorithm with a vertical channel and by establishing three 
dimensional RSS database with multiple layers including 1st-floor, stairs and 2nd-floor for GWU 
experiments. 

An example of RSS-based vertical positioning is illustrated in Figure A-19: and the overall vertical 
positioning performance results are summarized in the last columns of Table A-6 and Table A-7 for 
K=1 and K=7, respectively.  One observation that can be made from comparing the results of K=1 
with K=7 is that vertical positioning performance is not sensitive to the number of Nearest Neighbors 
to be used for fingerprinting.  Because the search space for vertical positioning is just three layers of 
database, multiple number of neighbors would have little or no impact on vertical positioning.  It is 
shown in Figure A-19 that in the floor areas which are not too close to the stairs, RSS-based vertical 
positioning provides very stable vertical positioning or floor-level indication.  Vertical positioning 
would show some fluctuation only during a floor-to-floor transition.  In short, the vertical positioning 
experiments conducted in this research demonstrated that floor-lever (or deck-level) discrimination is 
achievable by only employing WiFi RSS fingerprinting. 

 

 

Figure A-19: Vertical Positioning Using RSS Fingerprinting 

Particle Filter Results 

In order to evaluate PF performance relative to fingerprinting alone and to assess the 
value of inertial sensor aiding to PF a range of test scenarios were selected.  
Specifically, both fingerprinting and PF algorithms were investigated over three 
distinct user trajectories characterized by differing motion attributes.  All trajectories 
were comprised of a path that started outside of the test building and proceeded 
through constrained regions of motion within the building.   

For purposes of reference fingerprinting algorithm comparison, a 7-nearest-neighbor fingerprinting 
algorithm was employed to gauge the improvement of the particle filter when using RSS 
measurements alone.   

 Table A-8 depicts position error comparison of basic fingerprinting, unaided PF and PF-aided with 
IMU Delta-Heading (DH).  In this comparison, position errors are defined as Root Mean Square 
(RMS) horizontal position error.  Table A-9 equivalently shows performance improvement in terms of 
horizontal position error reduction.  Cases compared are fingerprinting to Unaided PF, Unaided PF to 
DH-aided PF and fingerprinting relative to DH-aided PF.  The time series and 2D presentation of 
horizontal position results for fingerprinting, unaided PF and DH-aided PF for the case of Fast Walk 
are shown in Figure A-20. 
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Trajectory  
Description 

Horizontal Position Error RMS 

Fingerprinting 
K = 7 
(feet) 

PF 
Unaided 

(feet) 

PF  
Aided with IMU DH 

(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 A-8: Comparison of Fingerprinting, PF Un-Aided, PF IMU DH Aided in terms of 
Horizontal Position Error RMS 

Trajectory  
Description 

Performance Improvement: Horizontal Position Error 
Reduction (%) 

Fingerprinting to  
PF Un-Aided 

PF Unaided  
to PF Aided  

with IMU DH 

Fingerprinting to  
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 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 PF yields an average of 20% position estimation 
improvement over fingerprinting.  Inertial sensor integration by the strategy investigated in this study 
resulted in a 37% average improvement of position estimation relative to PF alone.  Finally, 
comparison of inertial sensor aided PF relative to raw fingerprinting resulted in an average 50% 
position performance improvement.  

From the preceding, inclusion of inertial sensor aiding and implementation of the constrained PF 
milestone response method results in a powerful strategy for precision indoor navigation. 

 

 
Figure A-20: Time series and 2D presentation of Horizontal 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 quality indication to the predicted positioning performance at 
any location of a system configuration. For simplicity, it is often quantified as an integer from one to 
ten and then that integer is related to positioning accuracy performance. The term “site signature” may 
also be employed in addition to or instead of FOM as it is intended to provide a relatively simple 
indication of the quality of the geometry and pattern recognition aspects of the WiFi fingerprinting 
configuration. In this respect it can also be used to represent the sensitivity of positioning accuracy to 
small incremental changes in the WiFi geometry. We shall use the term site signature interchangeably 
with FOM in the remaining part of this Section. The site signature can be used either in a real time 
fashion where it would use the actual measurements received to estimate the position accuracy or in a 
predictive fashion to estimate the future performance assuming some geometric configuration of APs, 
topology and user position. As a predictive estimate it can be used with the actual survey maps or prior 
to survey map creation using predictive WiFi coverage software tools such as AIRchitect [13] or 
LANPlanner [14]. 

A site signature should not be expected to incorporate all the detailed subtleties of a particular 
algorithmic implementation, but should rather be agnostic in terms of the detailed solution algorithms, 
thereby reflecting the overall quality of the WiFi access point geometry and other constraining factors. 
This agnostic aspect, while perhaps limiting the fidelity of the positioning accuracy prediction under 
certain circumstances, helps make the concept portable to different manufacturer’s implementations. 
Another important aspect of the development of the site signature/FOM is tractability. Various 
simplifying assumptions are made that enable analytical expressions which provide predictive 
guidelines for understanding achievable WiFi accuracy.  

Determining Some Geometric Interpretation 

In this section we utilize the simplified error covariance formulation:  

12 )( 	
 HH T
nP '  (11) 

which assumes equal and uncorrelated errors from each of the AP’s, to help derive some geometrical 
interpretations of AP configurations [15]. 

The elements of H represent linearized RSS slopes estimated at the coarse position.  An unknown bias 
power level common to the difference between the user’s measurement and all the M maps is 
accounted for in the last column of the H matrix. 

Since H is an M by 3 matrix, we may represent it as the following matrix using some simplified 
notation: 
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From (12), we generate the symmetric HH T as: 
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Where: 
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xrms  root mean square of the x component of maps’ slopes at the coarse position 


x"  mean of the x component of maps’ slopes at the coarse position 


v  sum of products of the x component and y component of the maps’ slopes 

yrms , y"  corresponding to above x component definitions 

We are primarily interested in the radial horizontal position error: 

22 )()( coarsetruecoarsetrue yyxxHorrms 	�	
  (14) 
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This is the desired simplified geometrical expression. As expected, the error is directly proportional to 
the noise level and inversely proportional to the square root of the number of AP’s. It may be also 
noted that this horizontal fix uncertainty in (15) is inversely proportional to the variation of the power 

levels amongst the AP’s in both the x and y directions x'(  and )y'  and is not dependent on the 

absolute power levels. This, of course, assumes that the power levels are adequate for reception, and is 
based on the assumption of an unknown bias level between the apriori RSS maps and measurements. It 
can readily be shown that if we did not solve for an unknown bias value, as for the case where the bias 
value may be small, then the standard deviations of the partial derivatives would be replaced by the 
rms of the partial derivatives and there would still be a term in the denominator representing the 
penalty for a cross correlation between x and y RSS slopes.  

For good fix performance the quantities  x'  and y' must be sufficiently large, implying variation in 

received power levels among the participating AP’s. In addition it is important that the normalized 
correlation coefficient, '8 , should be << 1, indicating that the slope variation in  x and y  directions 
be independent. These observations accentuate the fact that good position fixing often depends on the 
diverse nature of the propagation paths from the APs to the user. The received power will be a phased 
sum of signals from the transmitter arriving over different path lengths because of the reflections from 
nearby objects and partial blocking by materials in the signal path. The resulting received power may 
be greater or less than the line-of-sight signal. Other factors that affect propagation and may 
fortuitously contribute to the s'' are: 

 - Multipath propagation that depends on the position of 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”, to the extent they are repeatable from the time of the map 
survey to the time the user performs measurements. 

Ship WiFi Based FOM Evaluation Simulation 

Using the formulation derived above, WiFi positioning FOM estimates for a US Navy ship were 
evaluated.  Note that some ships are being equipped with a WiFi Network to provide shipboard 
wireless capability covering significant parts of the vessel. 
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The WiFi coverage on portion of the ship was simulated using software tool LANPlanner, which 
incorporates ship structure and material effects.  The locations of the potential 28 APs are shown in 
Figure A-21. The simulated RSS heat map of a particular AP is shown in Figure A-22, and the 
composite RSS heat map for all 28 APs is shown in Figure A-23.  Note that RSS heat map was 
computed at each of 1 meter by 1 meter grid points. 

 

Figure A-21: Distribution of 28 APs on the ship 

 

Figure A-22: RSS Heat Map of AP #3 

The number of usable APs for WiFi positioning was counted at each of grid points and is shown 
Figure A-24.  An AP was declared to be usable if its RSS was stronger than -85 dBm.  Note that the 
minimum number of usable APs required for FOM computation is 3.  Thus, the areas where the 
number of usable APs is less than 3 are indicated as white space.  The maximum number of usable 
APs at any given point in this simulation was eight.  
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Figure A-23: Composite RSS heat map for all 28 APs 

The FOM was computed using the equation (15) at each of the grid points whose number of usable 
APs is 3 or larger.  Note that the RSS sigma term in the equation was set to unity in FOM computation. 
Figure A-25 shows the normalized FOM with the unit of meters per dbm.  The maximum acceptable 
FOM value was set to 1.  The white space in the figure indicates the area where FOM is larger than 1, 
or singular due to lack of site signature. 

The RSS sigma value estimated from the GWU survey data (30 measurements at each of over 400 
reference points) was about 3 dbm which represents the noise standard deviation.  We assume that the 
ship has the similar RSS characteristics as GWU and apply the RSS sigma value from the GWU 
experiment for the ship’s FOM.  Then, the colored space in the figure indicates the area where WiFi 
positioning can provide horizontal accuracy better than 3 meters, which is the requirement for 
PASSION. This calculation is considered conservative as the derivation of the FOM assumed a totally 
unknown bias RSS power error between the user and the APs. 

 

Figure A-24: Coverage of Number of Available APs Larger 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’s (high value assets and/or personnel) positions 
relative to the own ship’s reference point (OSRP) expressed in ship’s coordinates.  For example, a 
vector description such as x meters forward of the OSRP, y meters starboard of the OSRP, and z 
meters below the OSRP would uniquely describe the user’s position in ship coordinates. A change in 
terminology to more familiar ship’s jargon such as frame numbers, deck levels and or 
compartment/cabin references can then be easily accomplished with a ship’s interior mapping tool.  As 
previously discussed and as depicted in Figure A-1 the auxiliary sensors which augment the WiFi are 
GPS and MEMS inertial sensors.  GPS often provides a position referenced to an antenna in an Earth 
Centered Earth Fixed (ECEF) coordinate frame.  The MEMS inertial sensors respond to angular rates 
and linear accelerations relative to an inertial frame of reference. Therefore, in order to utilize the 
auxiliary sensors within the context of a ship’s coordinate frame solution, we need to address the 
appropriate coordinate conversions for a translating and rotating ship. 

GPS Coordinate Conversion 

The three coordinate frames associated with a moving ship are: 

ECEF coordinate frame (E-frame).  

Ship navigation coordinate frame (N-frame).  

Ship-body-fixed local coordinate frame (S-frame).  

The conversion of GPS ECEF position solutions to the local coordinate frame can be carried out using 
two-step conversions, ECEF to navigation coordinates and then navigation to local coordinates, and 
can be written as: 

SECEF
sAntShip

ECEF
U

ECEF
N

N
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S
OSRPU lPPTTP

8888
		�
	 )( '  

where (Figure A-26):  
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Sl
8

  Position vector from ship’s antenna to OSRP (lever arm) in ship’s frame 

N
ST   Conversion matrix from N-frame to S-frame- 

ECEF
NT   Conversion matrix from E-frame to N-frame- 

 

 

Figure A-26: Lever Arm Geometry 

The OSRP position and the ship’s attitude values vary as the ship translates and rotates, respectively, 
and this information should be available from ship’s navigation system to the user for indoor 
navigation.   

Utilization of Inertial Sensor Data 

Further complications arise, when inertial sensors are employed for an outdoor-indoor navigation 
system on a moving platform.  Inertial sensors inherently measure the angular rate and acceleration 
with respect to inertial space.  Therefore, for navigation in the ship’s frame, the motion of the ship 
(more precisely, ship-fixed local frame) with respect to inertial space should be compensated from the 
absolute motion sensed by the inertial sensors.   

An additional coordinate frame needs to be defined to formulate IMU measurements.  In this research, 
it is assumed that the inertial sensor assembly is firmly attached to the high value asset (the user) and 
that the IMU sensor assembly coordinate frame is the same as the user’s body coordinate frame, which 
is defined as follows: 

User’s body coordinate frame (B-frame). This coordinate frame is attached to the high value asset (the 
user) and centered at the location of user’s inertial sensor assembly.  This frame moves with user’s 
translational and angular displacements.  The X direction is the forward moving direction of the user, 
the Y direction corresponds to the right-hand side of the user, and the Z direction is perpendicular to 
the floor.  Note that the 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 the B-frame, indicated by super-script ‘B’, can be 
written as: 

B
SB

B
NS

B
EN

B
iE

B
iB ?????

88888
���
  

where, 

B
iB?

8
 Angular rate sensed by MEMS gyro, or angular rate of B-frame with respect inertial space 

B
iE?

8
 Angular rate of E-frame with respect to inertial space (Earth rotation rate) 

B
EN?

8
 Angular rate of ship N-frame with respect to E-frame (ship transport rate) 

PShip ant 

PU 

U 

Ship’s ant 

l
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B
NS?

8
 Angular rate of S-frame with respect to ship N-frame 

B
SB?

8
 Angular rate of B-frame with respect to S-frame  

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

The typical attitude rates of navy ships are shown in Table A-10 both large and small ships and in 
benign and harsh dynamics cases.  For large ships in benign dynamics, the attitude rate of the ship will 
be negligible compared to the low-cost MEMS gyro error.  Thus, in this case, no compensation is 
needed and the raw IMU measurements can be taken as angular rates of B-frame with respect to S-
frame.  For small ships or for large ships in harsh dynamics, the IMU measurements should be 
compensated by the ship’s attitude rates, which are available from the ship’s navigation system.   

Platform Dynamics Roll Rate 
(deg/sec) 

Pitch Rate 
(deg/sec) 

Azimuth 
Rate 
(deg/sec) 

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 A-10: Typical Attitude Rates of Navy Ships 

As discussed above, low-cost MEMS IMU gyro sensors can not be used to provide adequate heading 
information but can be utilized to detect changes in heading.  Such an application is possible because 
the mechanization of the MEMS gyro as a heading change detector does not require instantaneous 
heading information.   

Considering that the Z direction unit vector of S-frame and B-frame is identical corresponding to the 
deck-to-keel direction, the following equation of the heading change or delta heading for indoor 
navigation can be derived: 

tzTt

tzngdeltaHeadi
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where, 

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

B
ZiB,?  Angular rate sensed by MEMS IMU in Z-axis of B-frame 

N
ST  Conversion matrix from N-frame to S-frame 

N
NS?

8
 Ship’s attitude rate vector provided by ship’s navigation system 

� t Indoor navigation filter update time interval 

Compensation of Translational Motion of Local Frame 

The translational dynamics equation can be written as: 

� 
 E
U

E
iE
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S PTvgTfTv @@	@	@��

888

�8 2 where, 

S
Uv�

8
 User acceleration with respect to the Earth in S-frame 

S
Uv

8
 User velocity with respect to the Earth in S-frame 
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E
UP  User position in E-frame 

Bf
8

 Specific force measured by user in V-frame 

Ng
8

 Gravity vector at user position in N-frame 

B
ST  Conversion matrix from B-frame to S-frame 

N
ST  Conversion matrix from N-frame to S-frame 

E
ST  Conversion matrix from E-frame to S-frame 

m
jk@  Skew-matrix for rotation of k-frame with respect to j-frame in m-frame coordinates 

Compared to the MEMS accelerometer sensor errors (~6mg = 0.06m/s^2), the Coriolis (the third term) 
and centripetal acceleration (the fourth term) terms are negligible.  Then, the relative acceleration of 
user with respect to OSRP can be obtained by subtracting the acceleration of OSRP from acceleration 
sensed by user’s MEMS IMU: 
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where, 

Bf
8

 Specific force sensed by MEMS accelerometers 

Ng  Gravity vector in N-frame � �000 g�  

N
OSRPv�

8
 OSRP acceleration with respect to the Earth in N-frame provided by Ship’s navigation system 

As discussed above, low-cost MEMS accelerometer sensors are utilized as a horizontal (where 
horizontal refers to the x-y ship coordinate plane) speed change detector for the indoor navigation 
architecture proposed in this research.  The horizontal speed change or horizontal delta speed can be 
obtained using the following equation: 
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where,  

x̂  Unit vector in the ship’s longitudinal direction 

ŷ  Unit vector in the ship’s starboard direction 

B
Xf  Specific force in X direction of B-frame 

B
Yf  Specific force in Y direction of B-frame 

� t Indoor navigation filter update time interval 

Note that the last step of the above equation can be realized because the roll and pitch angles for 
B

ST  

are zeros.  The last form of the above equation indicates that the horizontal delta speed is obtained by 
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compensating raw MEMS accelerometer measurements with local gravity and OSRP acceleration, 
which are provided by ship’s navigation system together with the ship’s attitude angles for 

N
ST . 

FUTURE NAVAL SHIP PLANS 

In addition to the aforementioned issue with respect to inertial sensor augmentation, utilization of WiFi 
aboard ships for positioning (as well as for communications and data transport) has several 
considerations that are unique and will need to be addressed by the Navy. Some of those that have 
been noted are [16]: 

a) Wireless data signals penetrate aluminum joiner bulkheads fairly well. Useable data connectivity 
is possible at distance of 40 feet through several bulkheads.  

b) WiFi signal penetrates through bulkheads on the same deck; however there is limited penetration 
from deck to deck. 

c) Possible mutual interference between 802.11a WiFi access points and other systems on ship.  
d) As a general rule, 802.11g signals performed better than 802.11a signals in a given situation. 
e) Careful care, consideration and planning are necessary where classified data is involved as the 

boundaries of reception are soft and variable.   
f) Uniquely, for positioning, the aspect of centralized server processing versus localized user 

processing (multilateral versus unilateral) is a downstream implementation issue.   

CONCLUSION 

This paper examined some preparations towards implementing a Navy initiative of tracking high value 
assets and personnel aboard major surface ship combatants. As cost and infrastructure are prime 
considerations, the envisioned system consists of the existing WiFi as the prime indoor observable 
supplemented by low cost inertial sensors and GPS for outdoor continuity. The WiFi approach utilizes 
apriori maps for which an algorithm was developed to assess the figure of merit of the WiFi geometry. 
A prototype system was constructed and tested at George Washington University utilizing multi-sensor 
Bayesian estimation algorithms. Results were compared using a regularized particle filter with 
resampling, aided and unaided by low cost inertial sensor delta heading measurements, with simple 
instantaneous WiFi nearest neighbor fingerprinting algorithms. It was determined that the unaided 
particle filter had 20% better accuracy than the nearest neighbors. Furthermore, the aided particle filter, 
had 37% better accuracy than the unaided particle filter. The delta heading inertially derived sensor  
measurements were able to assist the particle filter at “anchor points”, ie, points where a corridor or 
passageway junctions imply several possible paths. The paper addresses several other unique 
considerations associated with ships/mobile platforms including FOM/Site Survey formulation, and 
compensation of inertial measurements. Plans have been formulated for the surveying of WiFi sites 
aboard a navy ship and a subsequent prototype demonstration in December 2009. 
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Appendix B. Ekahau Performance Evaluation 

This appendix discusses the utilization of a commercial based WiFi system. 

Specifically, the software and WiFi tags were manufactured by the Ekahau corporation. 

The Ekahau system is a pure WiFi system, which employs a level of fingerprinting 

correlation. Their methodology for establishing the survey maps, as well as, their 

algorithms are company proprietary. The table below is a comparison of Ekahau 

positioning with PASSION fingerprinting. It is known that the Ekahau survey 

methodology is considerably more streamlined than was employed to develop the 

PASSION maps. Therefore, the survey process employed my Ekahau takes less time and 

effort than the survey process employed for the PASSION experiment. This makes the 

comparison, given in the table below, somewhat unjustified as the survey maps 

employed by Ekahau are assumedly inferior to the maps employed for the PASSION 

fingerprinting algorithm. Nevertheless, it is though that some comparison was 

worthwhile to show. In particular in the figures below, one can note that the level of 

detail in the position changes of the Ekahau system are less than the PASSION 

fingerprinting because their survey maps are less dense. 

Horizontal Error RMS based on Feb. 09 Nominal Trajectory Testing. 

Trajectory Description Ekahau(ft) 
Ekahau 

Excluding 2nd 
Floor (ft)  

PASSION 
Fingerprinting  

K = 1 (ft) 

PASSION 
Fingerprinting  

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 Including 2nd-Floor 

nomTraj_sharpTurn_1.txt   RMS = 20.4156 ft 

 

Appendix B 1 Ekahau Positions For Normal Walk with Sharp Turn 

 

nomTraj_sharpTurn_1.txt   RMS = 20.4156 ft 

 

Appendix B 2 Ekahau Positions For Normal Walk with Sharp Turn 

120 140 160 180 200 220 240 260 280
0

20

40

60

80

100

120

X (ft)

Y
 (

ft
)

 

 

True

Estimated

0 50 100 150 200 250 300 350 400 450
120

140

160

180

200

220

240

260

Time (Sec)

X
 p

os
iti

on
 (

fe
et

)

0 50 100 150 200 250 300 350 400 450
0

20

40

60

80

100

120

Time (Sec)

Y
 p

os
iti

on
 (

fe
et

)



202 
 

nomTraj_smoothTurn_1.txt   RMS = 20.3855 ft 

 

Appendix B 3 Ekahau Positions For Normal Walk with Smooth Turn 

 

 

nomTraj_smoothTurn_1.txt   RMS = 20.3855 ft 

 

Appendix B 4 Ekahau Positions For Normal Walk with Smooth Turn 
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nomTraj_fastWalk_1.txt   RMS = 20.7049 ft 

 

Appendix B 5 Ekahau Positions For Fast Walk with Sharp Turn 

 

nomTraj_fastWalk_1.txt   RMS = 20.7049 ft 

 

Appendix B 6 Ekahau Positions For Fast Walk with Sharp Turn 
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Examples of Ekahau Position Results Excluding 2nd-Floor 

nomTraj_sharpTurn_1.txt   RMS = 19.4745 ft 

 

Appendix B 7 Ekahau Positions For Normal Walk with Sharp Turn Excluding 
Second Floor 

nomTraj_sharpTurn_1.txt   RMS = 19.4745 ft 

 

Appendix B 8 Ekahau Positions For Normal Walk with Sharp Turn Excluding 
Second Floor 
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nomTraj_smoothTurn_1.txt   RMS = 19.0390 ft 

 

Appendix B 9 Ekahau Positions For Normal Walk with Smooth Turn Excluding 
Second Floor 

 

nomTraj_smoothTurn_1.txt   RMS = 19.0390 ft  

 

Appendix B 10 Ekahau Positions For Normal Walk with Smooth Turn Excluding 
Second Floor 
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Appendix B 11 Ekahau Positions For Fast Walk with Sharp Turn  
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Appendix B 12 Ekahau Positions For Fast Walk with Sharp Turn 
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