
NONLINEAR ESTIMATION  TECHNIQUES FOR HIGH -

RESOLUTION INDOOR PO SITIONING SYSTEMS  

 

 

 

By 

 

Mohamed Maher Mohamed Atia 

 

 

 

 

 

A thesis submitted to the Department of Electrical and Computer Engineering 

In conformity with the requirements for 

The degree of Doctor of Philosophy 

 

 

 

 

 

Queenôs University 

Kingston, Ontario, Canada 

(March, 2013) 

 

Copyright ©Mohamed Maher Mohamed Atia, 2013 



 

ii  

 

Abstract 

The Global Positioning System (GPS) is the most popular positioning system among some operational 

Global Navigation Satellite Systems (GNSS). However, GNSS suffer from accuracy deterioration and 

interruption of services in dense urban areas and are almost unavailable indoors. Although high-

sensitivity receivers improve signal acquisition indoors, multipath is still be a challenging problem 

that affects accuracy especially indoors where a direct line of sight between transmitter and receiver 

almost never exist. Moreover, the wireless signal features are significantly jeopardized by obstacles 

and constructions indoors. To address these challenges, this research came in the context of proposing 

an alternative positioning system that is designed for GPS-denied environment and especially for 

indoors. Cramer-Rao Lower-Bound (CRLB) analysis was used to estimate the lower bound accuracy 

of different positioning methods indoors. Based on CRLB analysis, this research approached the 

wireless positioning problem indoors utilizing received signal strength (RSS) to achieve the following: 

1) Developing new estimation methods to model the wireless RSS patterns in indoors. 2) Designing 

adaptive RSS-based wireless positioning methods for indoors. 3) Establishing a consistent framework 

for indoor wireless positioning systems. 4) Developing new methods to integrate inertial/odometer-

based navigation systems with the developed wireless positioning methods for further improvements. 

The theoretical basis of the work was built on nonlinear stochastic estimation techniques including 

Particle Filtering, Gaussian Process Regression, Fast Orthogonal Search, Least-Squares, and Radial 

Basis Functions Neural Networks. All the proposed wireless positioning methods were developed and 

physically realized on Android-based smart-phones using the IEEE 802.11 WLANs (WiFi). In 

addition, successful integration with inertial/odometer sensors of mobile robots has been performed on 

embedded systems. Both theoretical analysis and experimental results showed significant 

improvements in modeling RSS indoors dynamically without offline training achieving a positioning 

accuracy of 1-3 meters. Sub-meter accuracy was achieved via integration with inertial/odometer 

sensors. 
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Chapter 1 

Introduction 

The revolution in computation, information management, and communication systems have 

created a rapidly emerging market that is presently pushing hard for the development of reliable 

navigation, positioning, and guidance systems that can work in all environments. Location-

awareness in all environments created the concept of ñUbiquitous Positioningò which is defined 

as ñKnowing accurately the position of things and people everywhereò [1]. Ubiquitous 

Positioning is a common requirement in almost every single aspect of modern life and it comes in 

the heart of ñMobile Computingò where context-awareness and Location-Based-Services (LBS) 

[2] are of great importance.  

Among many existing navigation and positioning techniques such as vision-based, odometer-

based, map-matching, and others [3] [1], two common approaches strongly dominate the field; 

wireless positioning systems [3] (i.e. sonar and radio-based systems) and inertial navigation 

systems (INS) [4]. INS is self-contained system that utilizes motion sensors integration to provide 

navigation information continuously with time. On the other side, wireless positioning systems 

utilizes the wireless signals distance-related and motion-related features such as propagation time, 

signal power, and Doppler effects to provide navigation information.  

By far the most popular radio positioning system is Global Positioning System (GPS). Before 

the deployment of GPS the by the U.S in 1995 [5], INS systems were widely used. However, due 

to the unbounded growth of INS errors with time [4], INS errors were have to be reset from time 

to time using external adding source of information such as radar, maps, and land-marks. After 

the successful operation of GPS and the global availability of an accurate radio positioning 

system, numerous application that fuses GPS and INS to provide better positioning everywhere 

were developed [3]. 
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1.1 Problem Statement 

Although the success of GPS and INS/GPS systems which is considered a huge step toward 

ubiquitous positioning and core advancement in mobile computing environments, the indoor 

counterpart of GPS has not existed yet. GPS is not reliable in dense urban areas and almost 

unavailable indoors due to satellite signal availability problems and None-Line-of-Sight (NLOS) 

effects such as multi-path shadowing. The availability of wireless infrastructures indoors 

introduces great opportunities to researchers to provide the indoors counterpart of GPS. However, 

the GPS concepts and techniques do not apply indoors due to complex obstacles and dense 

multipath in indoor environments. 

1.2 Existing Technologies  

One of the existing technologies to help improve indoor positioning using GPS is Assisted-GPS 

(AGPS) [3] [1]. In AGPS, cellular towers in known locations are equipped by GPS receivers 

which are able, in open sky, to track visible satellites and calculate correction parameters. 

Information such as satellite tracking and corrections are sent to remote mobile devices to help 

those devices to track GPS satellites in urban and indoor areas. However, even if the device could 

track satellites indoor, the multi-path effects still jeopardize the positioning accuracy causing 

accuracy deterioration that can reach hundreds of meters. 

Due to wide availability of the IEEE 802.11 (WiFi) networks, it became the dominant indoor 

wireless positioning technology. Some commercial systems have been developed by companies 

such as Google, Apple, Ekahau [6], and Skyhook [7]. However, systems developed by Google 

and Apple gives basic high-level position information within hundreds of meters accuracy. This is 

because such systems depends on the availability of the WiFi access pointsô identification and 

location information in their database. The location information saved in these databases are very 

basic and high-level. It can be building-level or even city level. The system developed by 

Skyhook is one of the first high resolution WiFi indoor positioning system available [7]. 
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However, the reported accuracy ranges from 10m to 20m [7]. Ekahau claims 1-3 meters accuracy 

provided that dense WiFi beacons tags and access points are installed in the environment [6]. In 

this thesis, more accurate with higher resolution positioning systems and methods that provides 

from 1 to 3 meter accuracy with fewer number of access points and without additional WiFi tags 

are introduced.  

On the other side, other researchers are trying to explore alternative techniques such as vision 

and laser range finders to provide indoor positioning. However, such systems are costly and 

highly customizable and environment dependent. In addition, so far, these technologies cannot 

provide stand-alone positioning system. In this thesis, the work focused on providing a stand-

alone low cost indoor positioning systems with minimum dependency on pre-knowledge about 

the environment. 

1.3 Solution Strategy 

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

is to utilize the existing wireless infrastructures available indoors such as the popular IEEE 

802.11 (WiFi) networks and trying to integrate the proposed indoors wireless positioning solution 

with other inertial/odometer based navigation systems for further improvements.  

1.4 Challenges 

Having the solution strategy clarified, a list of challenges tackled in this research is 

provided. 

1.4.1 Signal Coverage Indoors  

Although satellite signals availability indoors is a problem, fortunately, the widespread 

deployment of wireless local area networks (WLAN) inside building created an important 

opportunity and prompted many researchers to use WLANs to provide positioning inside 

buildings and in dense urban areas. For example, the popular IEEE 802.11 WLAN (WiFi) [8] [9] 

are now available almost everywhere and it provides free wireless infrastructure that can be used 
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to build indoor positioning and navigation systems [10] [11] [12] [13]. However, even if strong 

radio signal coverage exists indoors, other challenges emerge. 

 

1.4.2 NLOS Problems 

Even if strong radio signal coverage exists indoors or in dense urban areas, the multipath resulting 

from signal reflections and refractions on different obstacles due to NLOS conditions causes the 

time of flight of signals to be contaminated with complex stochastic errors that hard to be 

modeled and compensated for [14] [15]. If received signal strength (RSS) to be used as a 

distance-related feature of radio signal that can be easily modeled using common log-distance 

formulas [16] [14], the effect of multipath will cause odd power patterns that do not follow the 

common logarithmic decay pattern.  

1.4.3 Continuous Dynamic Changes inside Buildings 

If a strong wireless coverage is available and the NLOS problems were solved with sophisticated 

modeling techniques, another problem would be the dynamic changes that continuously happen 

inside buildings. These changes eventually cause any training or calibration to be out-of-date and, 

consequently, training and calibration of estimated models parameters will need to be re-

performed.  

1.4.4 Noisy Radio Positioning in Indoor and Urban Areas 

In NLOS conditions and with dense dynamic changes in the environment, usually the 

positioning solution of any radio positioning indoors is scattered and very noisy.  

1.5 Research Objectives 

Based on the described problem and challenges above and the existing opportunities, the research 

in this work focused on the achievement of the following objectives: 

1. Introducing novel wireless propagation modeling techniques to handle NLOS problems. 

2. Introducing novel wireless radio maps construction and optimization techniques. 
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3. Using the models proposed in (1) and (2) for developing novel indoor wireless positioning 

system that has the following characteristics: 

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

many applications such as rescue management and commercial LBS. 

3.2. Provides heading information in addition to position information. 

3.3. Does not need offline training and adapts dynamically to environment changes. 

3.4. Provides an accurate integrity monitoring. 

3.5. Does not need pre-knowledge about the topology and structure of the indoor area. 

3.6. Works efficiently on portable and limited resources devices and smart-phones. 

4. Developing optimized methods to integrate wireless/inertial/odometer navigation systems. 

1.6 Research Contributions 

1.6.1 List of Research Contributions 

1. Showing by means of Cramer-Rao Lower Bound (CRLB) analysis that using received 

signal strength approach indoors is more reliable than time-based and angle-based 

wireless positioning methods. 

2. Developing a new hybrid radio propagation modeling technique that combines log-

distance path loss model and Gaussian Process Regression. 

3. Developing a new hybrid radio radio-map construction technique that combines the 

common log-distance path loss model and Gaussian Process Regression. 

4. Introducing a Zero-Configuration adaptive WLAN Positioning System can be realized 

over WLANs without extra network hardware and without pre-knowledge about the area 

structure and topology. 

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

but also an accuracy measure (integrity monitoring). 
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6. Developing a new optimized version of Mixture Particle Filter algorithm using a 

clustering technique called median-cut clustering to be realizable on limited resources 

embedded systems. 

1.6.2 List of test-beds, experimental work and systems developed 

1. A real-time realization of the optimized mixture particle filtering algorithm was 

implemented on a system consists of the following: 

1.1. An embedded Windows CE operating system 

1.2. A limited-resources Cortex-A 600MHz CPU (Beagle-Board) 

1.3. A mobile robot with wheels encoders 

2- A complete test-bed for WiFi experiments was developed consists of the following: 

2.1. An application developed by C# programming language that can be used for 

WiFi surveys and radio maps building and maintenance. 

2.2. An application developed by C# programming language that can detect the 

locations of WiFi access points in any area without using any absolute 

positioning system such as GPS. 

2.3. An application developed by C# programming language that can record user 

fingerprints in an arbitrary trajectory and convert the saved data into Matlab 

readable format. 

3. A Complete realization of the proposed WiFi Positioning Methods was developed and 

tested for Android smartphones. The system was successfully prototyped on Android 

Samsung Galaxy Nexus smartphones. All necessary tools for monitoring and control of the 

system were also developed. 
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Chapter 2 

Wireless and Inertial Navigation Systems: An Overview 

2.1 Wireless Positioning Systems: Pros & Cons 

2.1.1 Global Navigation Satellites System (GNSS) 

GPS is the most popular working GNSS is the one developed by United States Department of 

Defense in early 1970s [5] [17]. GPS consists of a constellation of 24 satellites and some active 

spares. This constellation can be seen in Figure 2-1. The satellites are arranged in six orbits 

around the earth with at least four satellites per orbit. This geometry permits four to ten GPS 

satellites to be visible anywhere in the world, if an elevation angle of 10° is considered [17]. Each 

satellite transmits a signal that contains the necessary information to enable user receiverôs 

position calculation. The satellites constellation is called the space segment. Two additional 

segments exist in GPS, the ground and the user segments. Ground segment consists of a 

worldwide network of tracking stations that monitor and control satellite motion, system integrity, 

behaviour of satellites atomic clocks and other consideration. The user segment include all GPS 

users. With a GPS receiver and antenna, a user can receive GPS signals and use them to calculate 

his/her position anywhere in the world.  

GPS utilizes the concept of time of arrival ranging [18] [19] [20] [21] to determine the 

receiver position. The distances of GPS receiver to the visible satellites are calculated using the 

time it takes the GPS radio signal to travel from each satellite to the receiver. These distances are 

called the pseudo-ranges. The location of each satellite is known to the receiver through the 

navigation message sent by the satellite. With these distances and satellite coordinates, the 

position of the GPS receiver can be computed by Trilateration [20]. This is based on the 

intersection of the signal propagation spheres (satellite at the centre of the sphere, radius equal to 

the receiver-satellite distance).  



 

8 

 

In theory, a minimum of 3 satellites are needed to be visible to the GPS receiver to get its 

location. However, a 4th satellite is needed to account for the clock offset of the receiver. In 

addition to the pseudo-ranges, a GPS receiver may estimate the Doppler frequency of the 

received GPS signals, which can be used to determine the receiverôs velocity. Typically, a GPS 

receiver can provide position and velocity information as long as it can receive a signal from at 

least four satellites.  

 

Figure 2-1.  A GNSS constellation of satellites around the earth. 

 

2.1.1.1 Satellites-Based Systems Problems 

Several forms of errors in the measurement of the satellite-to-receiver range exist [22] [23]. We 

can list them as follows: 

1. Receiver clock bias: It is a time varying error with the receiver clock. If range 

measurements are available simultaneously from four satellites, the clock bias of the 

receiver can be estimated and hence the receiver position [22] [23]. 

2. Satellite clock drifts: Each satellite clock run independently and drifts over time. The 

control segment monitors and estimates the satellite clock errors and sends this information 

with the navigation message [22] [23].  

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

to 40 km above the surface of the earth; this layer has changes in weather leading to 
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variations of temperature, pressure, and humidity. These factors affect the speed of light, so 

their changes cause errors in the range measurements [22] [23]. 

4. Ionospheric delay: The Ionosphere is the layer of atmosphere that is above 50 km. It 

consists of ionized air, and changes in the ionization level influence the travel time of the 

GPS signals through the Ionosphere [22] [23]. 

5. Multipath: Multipath errors are caused by the reflection of signals from surfaces near the 

receiver and causes errors in range measurements [22] [23]. 

6. Receiver noise: It is the error in measuring the transit time by the receiver; it is caused by 

factors like component nonlinearity and thermal noise [22] [23]. 

 

2.1.2 Positioning based on Cellular Mobile Networks 

The basic cellular network architecture [8] [24] (Figure 2-2) consists of Base Station Controllers 

(BSC) and GSM controllers (GSMC). Each mobile device is covered by one or more tower (Base 

Station). Mobile devices receive radio frequency signals from many different towers. Cells 

information received by mobile devices can determine the location of the user within current cell. 

Clearly, this method has limited accuracy because some cells may have a coverage range of 4 km 

[8] [24]. GSM networks can assist GPS in environments in which GPS signal is weak. This is 

achieved by equipping the towers in open sky areas with GPS receivers and using each tower to 

transmit GPS data among with the signal it transmits to the mobile devices. Hence, the GPS 

receivers inside mobile devices can acquire GPS orbital and time information. In addition, and 

based on the accurate knowledge of towers positions, local Ionospheric conditions and other 

conditions affecting the GPS signal can be estimated and communicated to mobile devices. 
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Figure 2-2. Basic GSM Mobile Network. 

 
2.1.3 Wireless Local Area Networks 

Wireless Networks are networks that connect a number of devices together [24] [25]. Wireless 

Local Area Networks (WLAN) has been developed since 1980s and standardized in 1994 under 

the IEEE Standards family devoted to defining Local and Wide Area Networks. The most 

common wireless network standard is 802.11 Standards which is known as Wi-Fi networks [24]. 

Access Points in Wi-Fi networks is the node that connects Wi-Fi enabled devices wirelessly to 

the Internet or any wired/wireless network. A Wi-Fi enabled device is a device that can receive 

and transmit data from and to Wireless Access Points using a wireless adapter card (Network 

Interface Card). Typical Wi-Fi network architecture is shown in Figure 2-3. 

Currently many enterprises have WLAN that covers the whole enterprise buildings. Based on 

the received signal from different access points, many algorithms can be used to estimate the 

mobile device position. The main advantage of using Wi-Fi is the good coverage in indoor areas. 
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In addition, we do not have to setup additional equipments or build new infrastructure to have a 

positioning system indoors. 

  

Figure 2-3. Basic WLAN Architecture 

 

2.1.4 Wireless Sensor Networks 

A wireless sensor network (WSN) consists of spatially distributed autonomous sensors to 

cooperatively monitor physical or environmental conditions, such as temperature, sound, 

vibration, pressure, motion or pollutants [26] [27]. Each node in a sensor network is typically 

equipped with a radio transceiver, a small microcontroller, and an energy source, usually a 

battery. A sensor network normally constitutes a wireless ad-hoc network, meaning that each 

sensor supports a multi-hop routing algorithm (several nodes may forward data packets to the 

base station). Sensor Networks can be used in positioning using variety of techniques such as 

trilateration based on time of arrival, angle of arrival or signal strength [19] [20]. 
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2.2 Common Wireless Positioning Techniques 

This section is a brief survey about some common methods and approaches that are used to 

address wireless positioning problem in indoor and dense urban areas. 

2.2.1 Time-Based Techniques 

2.2.1.1 Time of Arrival (TOA)  

TOA [19] [20] [21] [18] [28] is the time elapsed since the first bit in the physical layer of the 

transmitter is transmitted until the first bit hits the physical layer of the receiver. TOA is an 

indication of the distance since the RF signal travels with the speed of light. Trilateration 

algorithm uses the distances between multiple base stations (BS) and the mobile device to 

estimate its position. In 2D, the mobile device is located by the intersection point of the 3 circles 

shown in Figure 2-4. Each circle has a radius corresponding to the distance between the mobile 

device and the considered BS. Trilateration approach uses a geometric method to compute the 

intersection points of such circles. The position of the target can also be computed by minimizing 

the sum of squares of a nonlinear cost function, i.e., least-squares algorithm [29] [30]. Assume the 

mobile device location is ( oo yx , ) and time taken from the signal to travel with light speedc

from mobile device to base station Ὥ is it . As a performance measure, the cost function can be 

formed by 

 

ä
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=
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1

22
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(2.1)  

 22 )()(),( oioiiooi yyxxctyxf -+--=   
(2.2)  

 

WhereN is the number of base stations, ),( ii yx   is the 2D location of the ith base station, and 

2

ia is a weighting factor to take measurements accuracies into consideration.   
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(a) (b) 

Figure 2-4. Trilateration Method  

 

Limitations of TOA Method  

The accuracy of the TOA depends on the accuracy and synchronization between transmitterôs 

clock and receiverôs clock. Furthered more, TOA methods requires direct LOS between 

transmitter and receiver. For more clarification, the performance of GNSS which uses the TOA 

method was tested in harsh downtown area in a real road experiment in downtown Calgary in 

Alberta, Canada. In Figure 2-5, the performance of GNSS receiver Trimble DB982 is compared 

to a high-end integrated GNSS/Inertial navigation system. Actually this is the effect of multipath 

satellite signals. The situation indoors is significantly worse where the GNSS signal (if it could 

reached indoors) will suffer from severe reflections and refractions. This is clearly shown in 

Figure 2-6 where a test was done around and inside Calgary Technologies Inc. building using a 

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

 

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

The idea of TDOA is to determine the relative position of a mobile transmitter by examining the 

difference in time at which the signal arrives at multiple measuring units [19] [20]. For each 

TDOA measurement, the transmitter must lie on a hyperboloid with a constant range difference 

between the two measuring units. An explanation of this method is shown in Figure 2-7. We have 

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

the hyperboloid is given by 

 222222

, )()()()()()( pjpjpjpipipiji zzyyxxzzyyxxR ---+-----+-=
 

(2.3)  

Where ),,( iii zyx  is the location of fixed measurements units and ),,( ppp zyx is the target object 

location. Except the exact solutions to the hyperbolic TDOA equation shown through nonlinear 

regression, an easier solution is to linearize the equations through the use of a Taylor-series 

expansion and create an iterative algorithm as described in [31]. 

 

Figure 2-7. TDOA method 

Limitations of T DOA Method 

Although the TDOA eliminated the accurate synchronized timing, the non-LOS problems have 

the same effect on TDOA method because it will break the relationship between the measured 
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time differences and the true distances between the receivers and the transmitters. Another 

problem with TDOA method is that if too many transmitters exist, the receivers will be 

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

 

2.2.2 Angle-Based Techniques 

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

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

several pairs of angle direction lines. As shown in Figure 2-8, AOA methods may use at least two 

known reference points (A, B), and two measured angles ɗ1, ɗ2 to derive the 2-D location of the 

target P. Estimation of AOA, commonly referred to as direction finding (DF), can be 

accomplished either with directional antennas or with an array of antennas [19] [20]. The 

advantages of AOA are that no time synchronization between measuring units is required.  

 

Figure 2-8. Positioning based on AOA measurements 

 

Limitations of AOA Method  

The disadvantages include relatively large and complex hardware requirements [32]. The location 

estimation accuracy degrades as the mobile target moves farther from the measuring units. For 

accurate positioning, the angle measurements need to be accurate, but the high accuracy 

measurements in wireless networks may be limited by shadowing, multipath reflections arriving 

from misleading directions, or by the directivity of the measuring aperture. 
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2.2.3 Signal-Strength-Based Techniques 

2.2.3.1 Fingerprinting -Based Techniques 

It is also known as scene analysis [20] [33] [34] [35] [36]. RF-based scene analysis refers to the 

type of algorithms that first collect features (fingerprints) of a scene and then estimate the 

location of an object by matching online measurements with the closest a priori location 

fingerprints. RSS-based location fingerprinting is commonly used in scene analysis. Location 

fingerprinting refers to techniques that match the fingerprint of some characteristic of a signal that 

is location dependent. The main challenge to the techniques based on location fingerprinting is 

that the received signal strength could be affected by diffraction, reflection, and scattering in the 

propagation indoor environments [36] [37]. There are several location fingerprinting-based 

positioning algorithms [19] [20] using pattern recognition technique so far: probabilistic methods, 

k-nearest-neighbor (KNN), neural networks, support vector machine (SVM), and smallest M-

vertex polygon (SMP).  

 

2.2.3.2 Propagation Modeling Techniques 

Path loss (or path attenuation) is the reduction in power density (attenuation) of an 

electromagnetic wave as it propagates through space [8] [38] [36]. Path loss is affected by many 

factors, such as free-space loss, refraction, diffraction, reflection, aperture-medium coupling loss, 

and absorption. Path loss is also influenced by terrain contours, environment (urban or rural, 

vegetation and foliage), propagation medium (dry or moist air), the distance between the 

transmitter and the receiver, and the height and location of antennas. If path loss model can be 

identified, it can be a measure of distance. The simplest form of path loss model in open air is 

given by [8]  
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 )/(log10 0100 ddnPP -=  
(2.4)  

Where P  is the received signal strength, n is the loss exponent, d  is the distance between the 

transmitter and receiver and 0P  is power measured at reference distance0d . The model 

parameters can be estimated using different non-linear systems identification algorithms [20] 

[14]. Once the path loss model is accurately identified, distance between receiver and multiple 

transmitters can be estimated and trilateration [19] [20] can be used to estimate the receiver 

location. 

Limitations of Propagation Modeling Techniques 

NLOS conditions indoors causes odd RSS observations patterns that do not follow the 

logarithmic decay formulas. In addition, due to environment dynamics and changes, logarithmic 

decay models will be no longer valid and need to be updated. Figure 2-9 shows real RSS 

measurements taken in an indoor area and modeled using logarithmic-decay formula. It is noticed 

in Figure 2-9 that some RSS are too small (-80 to -90 dBm) although the corresponding distance 

is short (almost 15 meters). This ñoddò power pattern is due to indoor obstructions of the wireless 

signal and cannot be simply modeled using logarithmic decay formulas. To further demonstrate 

the noisy nature of RSS observations indoors, Figure 2-10 shows histogram of 200 signal strength 

measurements taken at the same location in an indoor area. The figure shows how noisy RSS 

observations are and also shows that it does not follow the common Gaussian distribution.  
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Figure 2-9. Path Loss Modeling for Distance Estimation 

 

  

(a) (b) 

  

(c) (d) 

Figure 2-10. Signal Strength histogram at a single location in an indoor area 
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2.3 Inertial Positioning Systems: Pros & Cons 

2.3.1 Inertial Sensors 

Inertial Sensors measure the motion of rigid bodies [3] [4]. Inertial Measurement Unit (IMU) 

consists of an orthogonal triad of accelerometers that measures the acceleration along the moving 

body frame axes, and an orthogonal triad of gyroscopes that measures the rotation rate around the 

axes of the body frame. Figure 2-11 shows a typical MEMS-based accelerometers triad and 

typical optical gyroscopes triad. 

 
 

(a) (b) 

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

 

2.3.2 Reference Frames 

The following are the major reference frames used for INS [3]. 

2.3.2.1 Earth-centered earth-fixed (ECEF) frame 

This frame is rotating with the earth and its origin is fixed at the center of the earth, the X axis 

points toward the Greenwich meridian in the vertical equator plane as seen in Figure 2-12(a), the 

Z axis is along the Earthôs polar axis, and the Y axis is 90 degrees east of the meridian in the 

equator plane. The coordinate of any point in this frame can be expressed as either in rectangular 

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

It is the usual East, North, and Up (Vertical) rectangular frame. This frame is the preferred 

navigation frame in which mechanization and navigation algorithms are implemented on. This 

frame is shown in Figure 2-12 (b). 

2.3.2.3 Body frame 

This is the moving body attached frame. It is fixed to the vehicle and the IMU frame is usually 

aligned to the body frame to avoid additional transformation steps from IMU frame to body frame 

Figure 2-12 (c) shows the body frame of a land vehicle. 

  

(a) (b) 

 

(c) 

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

2.3.3 Mechanization 
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Mechanization [3] [4] is the processing of the inertial sensors measurements to provide position, 

velocity, and attitude information. Position is in the form of latitude, longitude, and altitude. 

Velocity is along East, North, and Up directions of the Local-level frame. Attitude is the pitch, 

roll, and azimuth angles which specify the orientation of the moving platform in the Local-level 

frame, i.e. it specifies the rotation of the body frame from the local-level frame. Initially, the 

starting attitude is determined by an initial alignment procedure while the starting velocity and 

position are given from another source such as GNSS. 

The general steps of the mechanization in a Strapdown [3] [4] INS system in 3D are as follow: 

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

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

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

2- The system uses the angles obtained from step 1 to transform the accelerometers 

measurements from body frame to navigation frame. 

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

effects. 

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

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

respect to the navigation frame. 

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

 

2.3.4 Inertial Navigation Systems Challenges 

2.3.4.1 Sensors Errors 

Due to sensors manufacturing imperfections, temperature, humidity, and other environmental 

factors, INS sensors have a variety of error types which can be listed as follows [3] [4]: 

1. Biases are deterministic error value that can be calibrated before starting the navigation 

process. However, MEMS inertial sensors suffer from large run-to-run biases. 

2. Drift is the type of error that increases with time and can also vary with respect to 

temperature and other environmental effects. This is the most serious type of sensors 

errors. However, it can be stochastically modeled using liner filtering techniques such as 

Kalman filter [41] or non-linear filtering techniques such as particle filter [42] or non-linear 

system identification techniques [43]. 

3. Scale Factors errors. Scale factor is the ratio between the physical quantity and the output 

signal of the sensor. This error has a deterministic part that be determined by calibration 

and a stochastic part that can be modeled. 
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4. Orthogonality errors. If the axis system of the sensors is not perfectly orthogonal, this will 

cause measurements errors since each accelerometer will sense components of acceleration 

in different directions instead of single correct direction. However, these errors can be 

removed by sensor alignment calibration methods. 

5. Random noise error. This type of error is unpredictable stochastic noise. Digital filtering 

and down sampling techniques can be used to minimize the effect of the random noise. 

2.3.4.2 Errors Accumulation  

Due to recursive nature of the mechanization process which involves mathematical integration, 

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

2.4.1 The Opportunity  

Two types of improvements could be achieved through Radio Positioning and Inertial Navigation 

systems integration; solution smoothing and inertial sensors errors estimation which enables 

inertial systems to maintain reliable performance if the radio positioning system is interrupted for 

a while [3] [23].  Two common integration techniques exist, Kalman Filtering (KF) [3] [44] and 

Particle Filtering (PF) [42]. While KF is characterized by it is optimality (in least square sense) 

and the computational efficiency, it impose limitations on systems such as linearity and Gaussian 

nature of both signal noises and system states. On the other-side, PF is characterized by its 

flexibility to handle non-Gaussian and Non-linear systems and signals. However, it is sub-optimal 

and it introduces a large computation burden [42]. 

2.4.2 The Challenge 

While both KF and PF have been widely tested in INS/GPS systems [45] [46], the situation is 

different in indoor and dense urban areas where the radio positioning system performance is very 

noisy with too many outliers. Present KF-based and PF-based methods require good accuracy of 

the GPS that should be sustainable for a suitable period of time to have the filter converge.  

2.4.3 Simple Kalman Filter Example 

To have some sense of the problem, a KF that estimates the true random constant ὼ from noisy 

measurements ᾀ is given as follows: 

System Model: ὼ ὼ ύ    

Where ύ  is zero-mean Gaussian noise of a covariance ὗ called process noise  

Measurement Model:ώ ὼ ὺ 

Where ὺ is zero-mean Gaussian noise of a covariance Ὑ called measurement noise. 

Filter Prediction: 

 ὼ ὼ  (2.5)  
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 ὖ ὖ ὗ (2.6)  

Where ὖ  is predicted variance of the predicted state ὼ  

Filter Update: 

 ὑ ὖ Ὑ ὖ  (2.7)  

 ὼ ὼ ὑ ᾀ ὼ  (2.8)  

 ὖ ρ ὑ ὖ  (2.9)  

Where ὑ  is a gain called the Kalman gain calculated to minimize the variance  ὖ  [41] and ᾀ is 

the observations at time k. The ñ-ò superscript refers to predicted values and the superscript ñ+ò 

refers to values after the update step. Simulation with different measurement noise was done and 

results are shown in Figure 2-14 which shows how convergence time and the estimation accuracy 

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

systems integration in indoor areas where radio positioning measurements are significantly noisy.  

 

 

 

 

(a) 

Measurement noise 7.0 % of the true constant value of 5.0

 

(b) 

Measurement noise 13.0 % of the true constant value of 5.0 
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(c) 

Measurement noise 19.0 % of the true constant value of 5.0 

 

(d) 

Measurement noise 25.0 % of the true constant value of 5.0 

 
 

Figure 2-14. Kalman Filter applied to a simple random constant process model 
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Chapter 3 

Cramer-Rao Lower Bound Variance Analysis for Time-Based, Angle-

Based, and RSS-Based Radio Positioning Performance in Severe NLOS 

conditions 

The three basic radio signal features used for positioning are the Time of Flight (ToF) and 

Received Signal Strength (RSS) and Angle of Arrival (AoA). The NLOS conditions affect all of 

these measurements in different ways. In Time-Based Positioning systems, NLOS causes the 

receiver to receive distorted multiple copies of the radio signal which jeopardize the accuracy of 

calculating the ToF needed to estimate the distance [18]. In RSS-Based systems, NLOS creates 

odd power/distance pattern that does not follow the nice common log-distance. In Angle-based 

methods, a multipath signal will indicate a totally wrong AoA. In this chapter, these three basic 

radio signals measurements and estimation models are analyzed using Cramer-Rao Lower Bound 

Analysis (CRLB) [47]. The objectives of CRLB analysis to theoretically assess the effect of the 

NLOS conditions on the positioning accuracy if Time-Based, RSS-Based or Angle-Based 

Positioning Systems are used. Then, based on this analysis, a decision will be made on which 

measurements to be used that best fit the severe NLOS condition in indoor areas. 

3.1 Cramer-Rao Lower Lower-Bound 

CRLB is the lower bound on the variance of any unbiased estimator for unknown parameters 

[47]. If — is an estimate of a true parameter vector — estimated by an unbiased estimator from on 

measurements ὣ, then the minimum achievable variance ὺὥὶ— is given by: 

 ὺὥὶ— Ὁ — — — — ὅὙὒὄ— (3.1)  

 ὅὙὒὄ—  Ὅ — (3.2)  

Where Ὅ— is the Fisher Information Matrix (FIM) given by [18] [48] [47]: 
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Ὅ— Ὁ

‬

‬—
ÌÏÇὖὣȿ—

‬

‬—
ÌÏÇὖὣȿ—  

(3.3)  

Where ÌÏÇὖὣȿ— is the measurement likelihood density function defined as the probability of 

measurement ὣ given the parameters —.  

 

3.2 CRLB with Measurement Model with Zero-Mean Gaussian Noise 

In any estimation problem, a measurement model is used that maps the measurements (ὣ to the 

parameters to estimate (—). The general form of the measurements model is given by: 

 ὣ Ὤ— ύ  (3.4)  

In CRLB analysis, it is assumed that ύ  is zero-mean Gaussian noise with covariance Ὑ which 

means the measurements ὣ is Gaussian centered around Ὤ— with covariance Ὑ given by: 

 ὖὣȿ— ﬞ Ὤ—ȟὙ  (3.5)  

Based on this assumption, ÌÏÇὖὣȿ— is given by: 

 ÌÏÇὖὣȿ—  
ά

ς
ÌÏÇς“

ά

ς
ÌÏÇȿὙȿ

ρ

ς
ὣ Ὤ— Ὑ ὣ Ὤ—  

(3.6)  

And in the FIM Ὅ— will be given by  

 
Ὅ— Ὁ

‬

‬—
ÌÏÇὖὣȿ—

‬

‬—
ÌÏÇὖὣȿ—

‬

‬—
Ὤ— Ὑ

‬

‬—
Ὤ—  

(3.7)  

The term Ὤ— is the Jacobian matrix of Ὤ— with respect to every element in parameter 

vector —. 

3.3 Time-Based Positioning Systems Measurements 

In 2D Time-Based Positioning Systems, the measurements model is given by 
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 Ὠ ὼ ὼ ώ ώ „ (3.8)  

Where ὼȟώ is the user location and ὼȟώ is the Ὥ   network node and  Ὠ is the measured range 

that is calculated by userôs radio receiver by multiply signal ToF by the speed of light. It is 

assumed that this calculated range (Ὠ) is contaminated with a white zero-mean Gaussian noise „. 

Assuming ὑ network nodes, in this case, Ὤ— is given by: 
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(3.9)  

And the CRLB of accuracy at location ὼȟώ will be given by  

 ὅὙὒὄὼȟώ  ὸὶὌὙ Ὄ  (3.10)   

Where  Ὑ ὨὭὥὫ„ȟ„ȟȣȢȢȟ„  where „  is the variance of  Ὥ  measurement.  

 
3.4 Angle-Based Positioning Systems Measurements  

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

 ὃ ὸὥὲ
ώ ώ

ὼ ὼ
„ (3.11)  

Where ὼȟώ is the user location and ὼȟώ is the Ὥ   network node and  ὃ is the measured angle 

calculated by userôs radio receiver by any technique such as antenna arrays or smart antenna [49]. 

It is assumed that this calculated angle (ὃ) is contaminated with a white zero-mean Gaussian 

noise „. Assuming ὑ network nodes, in this case, Ὤ— is given by: 
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(3.12)  

 

And the CRLB of accuracy at location ὼȟώ will be given by (3.10) 

 
3.5 RSS-Based Positioning Systems Measurements  

In 2D RSS-Based Positioning Systems, the measurements model is generally given by [8] [14]: 

 ὖ ὖ ρπὲὰέὫ ὼ ὼ ώ ώ ȾὨ „ (3.13)  

Where ὼȟώ is the user location and ὼȟώ is the Ὥ   network node, ὖ is the RSS measured power 

at reference distance Ὠ from the Ὥ   network node and  ὖ is the measured power (RSS) that is 

measured by userôs radio receiver and ὲ the path loss exponent [14]. It is assumed that this 

calculated RSS is contaminated with a white zero-mean Gaussian noise „. Assuming ὑ network 

nodes, in this case, Ὤ— is given by: 
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(3.14)  

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

A quick look on equations (3.9), (3.12), and (3.14) one can easily realize that AoA and RSS 

methods are both scale-dependent which means if the area increased by scaling, the CRLB will 

increase. ToA methods has the advantage of not depending on area scaling where CRLB will not 

be affected if   (3.9) is multiplied by a distance scale, the CRLB will be unit-less and increasing 

or decreasing the area will not affect it. Although this is an obvious advantage of ToA methods 

over AoA and RSS based methods, the severe NLOS conditions will have negative effect on the 

CRLB. In order to assess this effect, simulation was done in which we have 4 network nodes and 

the NLOS conditions are represented by different measurement noises. For example, a time error 

of only 0.1 microseconds will result in a 30 meter distance error. Moreover, in a network such as 

WiFi, the timestamp resolution is 1 microsecond which corresponds to 300m [50]. Based on the 

results reported in [18] , [50] we put a distance error of 10m in the ToA method in our simulation 

as a NLOS effect. In AoA we put a noise of 20 degrees angle error. In RSS methods, based on the 

experiments done in this research and reported in many papers [37] [20] [51], a 10 dBm signal 

noise in NLOS was used. 

 

3.7 Simulation Results 

4 network nodes with different area and different measurement noises and different geometry 

were simulated to compare the expected performance of each type of systems in severe NLOS 

conditions. 

 
3.7.1 Effect of Scaling the Experiment Area 

Figure 3-1 and Figure 3-2 shows the CRLB at a square simulation area. The area in Figure 3-2 is 

scaling by two of the area in Figure 3-1. As mentioned earlier, both RSS and AoA methods were 

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

RSS and AoA CRLBs in (3.12), and (3.14). 

  

 
 

Area 20mx20m 

ToA Noise 10m 

AoA Noise 20o 

RSS Noise 10 dBm 

Geometry 

 

Figure 3-1. CRLB for the three basic radio positioning approaches 
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Area 40mx40m 

ToA Noise 10m 

AoA Noise 20o 

RSS Noise 10 dBm 

Geometry 

 

Figure 3-2. CRLB for the three basic radio positioning approaches after scaling the area by 
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3.7.2 Effect of Measurement Noise 

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

simulated.  

 

Figure 3-3 shows that RSS-based method is the least affected method and the ToA is the most 

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

contaminated with higher noises instantaneously due to dynamic changes in the environment.  
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Figure 3-3. CRLB with 30% noise increase 
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3.7.3 Effect of Network Nodes Geometry 

Figure 3-4 and Figure 3-5 show that ToA is better in coverage that RSS and AoA. Although ToA 

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

with different geometries.  
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Figure 3-4. CRLB for ToA/RSS/AoA with different geometry 

5 10 15 20

5

10

15

20  
ToA  2D Position CRLB(m)

X(m)

 

Y
(m

)

10.5

11

11.5

5 10 15 20

5

10

15

20  
RSS  2D Position CRLB(m)

X(m)

 

Y
(m

)
3

3.5

4

4.5

5 10 15 20

5

10

15

20  
AoA 2D Position CRLB(m)

X(m)

 

Y
(m

)

4.5

5

5.5

6

6.5



 

37 

 

 

 

 

 

Area 20mx20m 

ToA Noise 10m 

AoA Noise 20o 

RSS Noise 10 dBm 

Geometry 

 

Figure 3-5. CRLB for ToA/RSS/AoA with different geometry 
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3.7.4 Better Assessment 

To have a better idea about the effect of different conditions on the CRLB, a simulation at 

different noise, scaling, and geometry were done. The geometry was measured as the absolute 

difference between the maximum and minimum angle of the direct LOS between the user 

locations and the network nodes.   

Figure 3-6 shows the geometry effect. There is a similarity between RSS and AoA. An 

interesting note is that RSS has the lowest CRLB in all angle ranges.  Figure 3-7 shows the effect 

of increasing measurement noise. Obviously, RSS-based method is the best and the ToA is more 

severely affected by measurement noise. Figure 3-8 shows the effect of scaling which shows that 

although ToA is not affected by scaling of the area, the CRLB of ToA is still much higher that 

RSS CRLB and AoA CRLB for the fifth scaling of the area. Another note is that RSS-based 

methods are less affected by scaling than AoA. 

 

 

Figure 3-6. Effect of Geometry on CRLB 
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Figure 3-7. Effect of Measurement Noise on CRLB 

 

 

Figure 3-8. Effect of area scaling on CRLB 
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methods are better for indoors. Our explanation of this fact is that while NLOS conditions affect 

the ToA and AoA such that it is very complex to differentiate between LOS and NLOS signals 

and it is difficult too to estimate the accurate path of a NLOS signal, the situation is different in 

NLOS RSS measurements. Actually, the complex indoor structures are reflected on the RSS 

values in these areas. We can say that each indoor area and certain arrangement of network nodes 

create a unique RSS distribution over the area that can be modeled by a radio map [52]. 

RSS-Based methods have another advantage over ToA because RSS measurements does not 

need any time-synchronization. Regarding TDoA method, although it does not need time 

synchronization, it does need very precise clocks which add cost and complexity constraints to 

any TDoA-based system. The situation is the same if RSS is compared against AoA methods 

where sophisticated smart antennas and antenna arrays are needed to precisely measure angle of 

radio signal arrival. Another wise reason to prefer RSS-Based methods indoors is the hardware 

requirements. As mentioned in the research objectives, one of our targets is to use an existing 

common popular WLAN such as IEEE 802.11 (WiFi) networks to build positioning systems 

without using any extra network hardware such as expensive clocks or special smart antennas.  

For example, IEEE 802.11 standards [53] [54] defines a synchronization function that keeps 

timers of all terminals synchronized. In the infrastructure topology, all terminals synchronize to 

the AP clock by using the timestamp information of beacon frames. The timer resolution is 1 ɛs, 

which is too inaccurate for time based positioning. In addition, the synchronization algorithm of 

802.11 maintains synchronization at the accuracy of 4 ɛs which is also inadequate for Time -

Based methods. 
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Chapter 4 

Indoor Wireless Propagation Modeling (PM) 

In the previous chapter, it was shown that RSS-based methods theoretically outperforms other 

wireless positioning systems (AoA-Based and ToA-Based methods). Thus, this chapter is 

dedicated to experimental work on the problem of Path-Loss modeling [8] [14] [38] [36] in sever 

NLOS conditions indoors. Common existing approaches to propagation modeling will be 

examined in addition to novel proposed approaches with application to positioning problem in 

real indoor environment experiments.  

4.1 Least Squares Log-distance Wireless Propagation Modeling 

Common Log-Distance Propagation Modeling (PM) techniques share the general given formula 

[14]: 

 ὖ ὖ ρπὲὰέὫὨ ȾὨ  (4.1)  

Where ╟╡╧ is the RSS at receiver, ╟▫ is a reference power measured at distance ▀  (usually 

▀=1) and ▪░ is the path loss exponent [20] [19] and Ὠ  is the distance from the signal source. 

The path-loss exponent n indicates the attenuation degree of signal strength and it is usually 

larger indoors than free-space due to walls and other objects indoors. The traditional technique to 

estimate the path-loss model parameters is to collect some RSS measurements from the 

environment and perform Least Squares Estimation [47] [55] to estimate the pass loss exponent 

▪░ assuming that ╟▫ and ▀  are known from pre-knowledge measurements in the environment. 

Now, letôs apply this in a real indoor environment not only to estimate a distance but also to 

perform the entire positioning using Trilateration [20]. The experiment was performed in the sixth 

floor in ECE department in Queenôs University, Ontario in Kingston. This area does not have any 

access to GPS with dense obstacles and constructions (see Figure 4-1). The experiment was 

performed on the existing university WiFi network. Using a WiFi-enabled laptop, a radio survey 
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was performed and RSS observations from the wireless access points 1,2,3, and 4 shown in 

Figure 4-1 were taken and saved. In the following, a least square log-distance propagation 

modeling will be performed. 

 

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

4.1.1 RSS Observations for Access Point #1 

The RSS observations of the wireless access point #1 and the Log-Distance fitted model result is 

shown in Figure 4-2. There is clear ambiguity around the distances 14-17 meters where at the 

same distance we have totally different RSS patterns. This is mainly due to obstacles distribution 

differences in different directions. Obviously, such ambiguities cannot be properly modeled using 

a single mathematical formula fitted to RSS observations.  

 
Figure 4-2. Log-Distance Model results for AP#1 (8.4119, 18.039): ╟▫ Ȣ  ȟ▀▫

Ȣ  ȟ▪ Ȣ  
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4.1.2 RSS Observations for Access Point #2 

 

The RSS observations of the wireless access point #2 and the Log-Distance fitted model result is 

shown in Figure 4-3. There is a high variance at around the distance 5 meters due the multi-path 

effects indoors which cannot be properly modeled using a single mathematical formula fitted to 

some RSS observations.  

 
Figure 4-3. Log-Distance Model results for AP#2 (6.8436, 2.1046): ╟▫ Ȣ  ȟ▀▫

Ȣ  ȟ▪ Ȣ  

4.1.3 RSS Observations for Access Point #3 

The RSS observations of the wireless access point #3 and the Log-Distance fitted model result is 

shown in Figure 4-4. This is another example of ñambiguityò around the distance 10 meters. 

 

Figure 4-4. Log-Distance Model results for AP#3 (12.9268, 7.867): ╟▫ Ȣ  ȟ▀▫
Ȣ  ȟ▪ Ȣ  
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4.1.4 RSS Observations for Access Point #4 

The RSS observations of the wireless access point #4 and the Log-Distance fitted model result is 

shown in Figure 4-5. Note here we have a different pattern. The propagation is almost partitioned 

into different segments. The segment from 0m to 10m, the segment from 10m to 23m and the 

segment from 23m to 30m. This is another pattern that results from multi-path effects with 

different obstacles distribution inside buildings. Similarly, this pattern cannot be modeled 

properly using a single mathematical formula fitted to some RSS observations. 

 
Figure 4-5. Log-Distance Model results for AP#4 (28.6101, 6.3638): ╟▫ Ȣ  ȟ▀▫

Ȣ  ȟ▪ Ȣ  

 

4.1.5 Positioning Accuracy of Log-Distance Models Indoors 

4.1.5.1 Theoretical Expected 2D Location Accuracy using CRLB Analysis 

Figure 4-6 shows the CRLB for the experimental area with the four access points in Figure 4-1. 

The RSS-based method has the lower CRLB. Also It can be expected an accuracy around 5 

meters in most of locations and bad accuracy at the most right part of the area. These results will 

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

 

4.1.5.2 Experimental Positioning Accuracy 

A testing trajectory was planned in the experimental area of Figure 4-1 is shown in Figure 4-7. In 

this trajectory, a collection of 20 known locations was taken as way-points for the trajectory. In 

those way-points, during doing the trajectory testing, the known locations were recorded so that 

an error can be calculated between those reference points and the solution presented. This was 

necessary because no reference positioning system such as GPS is available in the experimental 

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

To calculate a position, the received signal strength from the access points were used to estimate 

a distance based on the Log-Distance model in (4).  Trilateration [10] [20] was performed and 

solved using least-squares algorithm [29] [30]. Figure 4-8 shows the positioning solution in east 

component. It is noticed that the accuracy in east channel is much better than that in the north 

channel shown in Figure 4-9. Figure 4-10 shows the overall accuracy over the testing points 

showing also the HDOP (horizontal dilution of precision [3]). An average accuracy of 5 meters as 

shown in Figure 4-10 conforms with the CRLB which is expected since CRLB was calculated 

using the same Log-Distance path loss model as a measurement model.  

So far, the results are expected and justified but only one note is worth mentioning and 

analyzing which is the bad accuracy along north component. In a trial to explain this, a suitable 

idea is to calculate the CRLB for the x and y (east and north) components separately and compare 

the results. This was done and the calculated CRLB for east and north components separately are 

shown in Figure 4-11 and Figure 4-12 respectively. Results show that the CRLB for north 

component is larger than that of east component which is consistent with the experimental results 

obtained by applying the Log-Distance PM method.   
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Figure 4-8. East Position Solution 
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Figure 4-9. North Position Solution 

 

Figure 4-10. Positioning Accuracy of Log-Distance PM method 
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Figure 4-11. CRLB (East Component) 

 

 

Figure 4-12. CRLB (North Component) 
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4.2 RBF ANN Wireless Propagation Modeling 

The Log-Distance model approach is simple and efficient. However, it cannot effectively deal 

with complex RSS/Distance patterns that occur due to complex multipath signals (ambiguity, 

multiple-segments, and high noise variations). In this section, another approach is explored which 

is the Radial-Basis-Function Artificial neural networks (RBF ANN) [56]. Neural networks can be 

seen as a complex system comprising several, but not necessarily identical, subsystemsðthe 

neurons (see Figure 4-13). Radial Basis Functions are powerful techniques for interpolation in 

multidimensional space.  

 

Figure 4-13 Radial Basis Function Neural Network Architecture 

The RBF network is a three-layer feed-forward network that uses a linear transfer function for the 

output units and a nonlinear transfer function (normally the Gaussian) for the hidden units (see 

Figure 4-13). The input layer simply consists of n units connected by weighted connections to the 

hidden layer. The net input to a hidden unit is a distance measure between some input presented 

at the input layer and the point represented by the hidden unit; The Gaussian is then applied to the 

net input to produce a radial function of the distance between each pattern vector and each hidden 

unit weight vector. Hence, a RBF unit carves a hyper-sphere within a pattern space. 

 

4.2.1 Pattern Classification Example 

In the following circle classification problem, 4 or 5 sigmoid hidden nodes are required for a 

good classification .Only 1 RBF node is required if the function can approximate the circle. 
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Figure 4-14. Pattern Classification Example using RBF NN 

4.2.2 RSS Observations Modeling Using RBF 

The RBF ANN-based propagation modeling for the wireless access point #1 to #4 is shown in 

figures (Figure 4-15 - Figure 4-18). Although the general pattern is till RSS decaying with 

distance, RBF network model tries to follow the complex RSS/Distance patterns such as 

ambiguity, multiple segments, and high noise variations. However, RBF networks have limited 

predictability of outputs corresponding to out-of-training-range inputs.  

 
Figure 4-15. RBF ANN Model results for AP#1 (8.4119, 18.039) 
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Figure 4-16. RBF ANN Model results for AP#2 (6.8436, 2.1046) 

 
Figure 4-17. RBF ANN Model results for AP#3 (12.9268, 7.867) 

 
Figure 4-18. RBF ANN Model results for AP#4 (28.6101, 6.3638) 
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4.2.3 Positioning Accuracy of RBF ANN Models Indoors 

On the same testing trajectory shown in Figure 4-7, the test was done using the RBF-based PM. 

To calculate a position, the received signal strength from the access points were used to estimate 

a distance based on the trained RBF ANN.  Trilateration [10] [20] was performed and solved 

using least-squares algorithm [29] [30]. Figure 4-19 shows the overall accuracy over the testing 

points showing also the HDOP. An average accuracy over 5 meters as shown in Figure 4-19 

shows the best accuracy could be obtained from RBF-based PM method. These results indicates 

that the RBF-based PM is inherently very close to the Log-Distance PM. These results shows that 

we still need better approaches to provide better PM-based positioning accuracy.  

 

Figure 4-19. Positioning Accuracy of RBF PM method 
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represented by probability distributions instead of crisp values. One advantage of the probabilistic 

methods is the ability to provide an accuracy measure (standard deviation) with each prediction 

[57]. In this section, a data driven probabilistic model is explored; that is Gaussian Process 

Regression (GPR) [57]. A brief over view about GPR is given first and then the technique is 

applied to propagation modeling problem. 

4.3.1 Gaussian Process Regression (GPR) 

4.3.1.1 Bayesian Modeling Using Gaussian Process 

Gaussian Process Regression (GPR) [57] is proposed as a non-parametric probabilistic modeling 

approach which is suitable to handle noisy observations. GPR has been recently used to solve 

complex machine learning problems [57] [58] [59] [60] such as functions approximation and 

patterns classification. In the following section we describe the GPR concepts and how the radio 

propagation problem can be modeled and solved using GPR. 

Gaussian Processes (GPs) 

A Gaussian process is a vector of random variablesX , any finite number of which has a joint 

Gaussian distribution [57] determined by a mean function m(x) and covariance function )',( xxk

where XxÍ .A noisy process can be expressed as  

 e+= )(XfY  (4.2)  

Where { }XY,  is a training data set. Assuming e is an additive zero-mean Gaussian noise with 

covariance
2

nd , any arbitrary functionY can be modeled as a Gaussian process. An important 

feature of GPs is marginalization [57] which enables to calculate the posterior probability [47] 

[55] at unknown inputs *x  if some observations from the noisy function are available at some 

given inputsx . 

Standard Gaussian Linear Regression Model 

The linear regression model to model the process in (4.2) can be written as: 
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 WXXf T=)(  
(4.3)  

WhereX is input vector, W is a weight vector, f is the estimated process output. In Bayesian 

analysis [47] [55], best weights are the weights that maximize the likelihood function which is the 

probability of the observations given the parameters (weights) which is given by the following 

formula assuming n independent observations: 
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(4.5)  

Which is a Gaussian distribution of mean WXT  and a covariance In

2
d . If the prior probability 

density functions of weights is Gaussian with zero mean and covariancepä :  

 ),0()( pNWp ä=  (4.6)  

The posterior probability density function of weights is given by Bayesô rule as follows: 
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WpWXYp
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(4.7)  

 

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

posterior PDF of weights is Gaussian and given by: 
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Where 
12 -- S+= p

T

n XXA d  

To compute a predictive posterior probability density function for new inputs*x , we average the 

output over all weights with their posterior probabilities as follows: 
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(4.9)  

A block diagram describes the general Gaussian process regression technique is shown in 

Figure 4-20 

 

Figure 4-20. Gaussian Process Regression block diagram 

Non-linear Gaussian Process Regression  

To overcome the limitation of linear models, inputs ὢ could be projected into higher dimensional 

feature space in which the problem becomes linearly separable [56]. Actually this is what the 

hidden layer does in multilayer perception neural networks [56].  Thus, the function )(xf is used 

to map the D-dimensional input vectors to N-dimensional feature space. In this case, the model is 

given by: 

 WXXf T)()( f=  (4.10)  

And the predictive posterior probability density function for unknown inputs *x given the 

observations ὢ ȟὣ is given by: 
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Where  )()( XXK p

T jj S= .  

Gaussian Kernel Learning 

In (4.11), the term äp

T Xx )()( * ff  can be seen as a covariance function or kernel [57]. In Bayesian 

analysis, instead of learning the weights like the case in neural networks [56], Gaussian 

Regression learns the kernel (Covariance of training data). This has the advantage of having a 

non-parametric non-linear regression model that is robust to observations noises. The most 

common kernel covariance function is the exponential given by: 
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Where Xxx ji Í,  and Yyy ji Í, andd is the Delta Dirac function. Parameters
2

ns ,
2

fs , and M are 

called the hyper-parameters and they can be learned and optimized by maximizing the log 

likelihood  function given by: 
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(4.14)  

Where ὑ is the covariance matrix over all data input vectors in ὢ.  

4.3.2 Radio Propagation Modeling Using GPR 

To model the radio propagation using GPR, the training data set will be consisting of ὢ

ὙὛὛȟὣ ὈὭίὸὥὲὧὩ. Thus, the GPR model will take unknown input ὼᶻ ὕὦίὩὶὺὩὨ ὙὛὛ. Then 

the required output from GPR model (distance probability distribution at RSS input = ὼᶻ

ὕὦίὩὶὺὩὨ ὙὛὛ) will be calculated as follows: 
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Where ‘  z is the predicted distance mean at this ὼᶻ ὕὦίὩὶὺὩὨ ὙὛὛ given the training data 

points ὢ ὙὛὛȟὣ ὈὭίὸὥὲὧὩ and „  zis the distance standard deviation and ὑ is the covariance 

matrix over training data points. 

4.3.3 RSS Observations Modeling Using GPR 

The GPR-based propagation modeling for the wireless access point #1 to #4 is shown in the 

following figures. The GPR is close to RBF where it tries to follow the complex RSS/Distance 

patterns such as ambiguity, multiple segments, and high noise variations. However, an additional 

piece of information is available which is the confidence (STDV) of the prediction is. This STDV 

will be used to weight the observations while positioning using Trilateration. 

 

Figure 4-21. GPR Model results for AP#1 (8.4119, 18.039): Ɑ▪ ▀║□ ȟⱭ█

▀║□ ȟ■  
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Figure 4-22. GPR Model results for AP#2 (6.8436, 2.1046): Ɑ▪ ▀║□ ȟⱭ█

▀║□ ȟ■  

 

Figure 4-23. GPR Model results for AP#3 (12.9268, 7.867): Ɑ▪ ▀║□ ȟⱭ█

▀║□ ȟ■  
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Figure 4-24. Log-Distance Model results for AP#4 (28.6101, 6.3638): Ɑ▪ ▀║□ ȟⱭ█

▀║□ ȟ■  

4.3.4 Positioning Accuracy of GPR-based-models 

On the same testing trajectory shown in Figure 4-7, the test was done using the GPR-based 

Propagation Model. In the Trilateration [10] [20], the standard deviation of the GPR prediction 

was converted from dBm (signal strength units) to a corresponding standard deviation in distance 

(meters). The standard deviations in meters were fed as measurements accuracy covariance 

matrix to be used in the least-squares algorithm [29] [30]. Figure 4-25 shows the overall accuracy 

over the testing points showing also the HDOP. An average accuracy below 5 meters as shown in 

Figure 4-25 shows the best accuracy could be obtained from GPR-based Propagation Model 

method which shows a slight improvement over previously mentioned models. This should be 

promising because this accuracy is very close to the theoretical CRLB. Although the GPR-based 

PM is close to RBF-based PM, the usage of the STDV in the Trilateration proved to be useful. 
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Figure 4-25. Overall Positioning Accuracy of GPR-based PM methods 

 

4.4 Hybrid Wireless Propagation Modeling 

The probabilistic models (GPR) can provide accurate modeling that captures the complex indoor 

multipath effects. However, in the described GPR above, the prior assumption about the mean 

was zero. This causes the GPR to tend to zero prediction for new inputs that are away from the 

ranges the GPR was trained on. A better idea is to have the priori as a non-zero function and have 

the GPR models the residuals errors. A wise choice of this mean function is the Log-Distance 

model. By doing this GPR will be used to predict error in distance estimation at a given RSS 

instead of predicting the distance itself. The mean value of the distance will be predicted by a 

Log-Distance model instead. The proposed hybrid scheme is shown in Figure 4-26. 

 

Figure 4-26. Block diagram describes the Hybrid-Propagation Modeling technique 
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By applying this hybrid PM approach, we obtain the distance error prediction shown in the 

following figures (Figure 4-27-Figure 4-30). It is noticed that at very small RSS (-80, -90), the 

Log-Distance model estimates very large range due to the exponential decay nature of the model. 

Thus, in these weak RSS regions, distance range errors are very large. Thus, hybrid models may 

be used to improve the performance. But remember the CRLB for the regions on the right. Due to 

this region, only a slight improvement could be obtained. 

 
Figure 4-27. Log-Distance residual error modeling using GPR for AP#1. 

 

 
Figure 4-28. Log-Distance RSS residual error modeling using GPR for AP#2. 
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Figure 4-29. Log-Distance residual error modeling using GPR for AP#3. 

 

 
Figure 4-30. Log-Distance residual error modeling using GPR for AP#4. 
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a measurements accuracy covariance matrix to be used in the least-squares algorithm [29] [30]. 

Figure 4-31 shows the overall accuracy over the testing points showing also the HDOP. An 

average accuracy below 5 meters as shown in  Figure 4-31  shows the best accuracy could be 

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

mentioned models.  

 

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

 

4.5 Dynamic Online Wireless Propagation Modeling 

In all the presented work so far in this chapter, a training data set collected offline was needed to 

build the necessary models.  This offline training phase [11] [20] is not desirable in practical 

applications for the following reasons: 

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

2) It usually needs manual work which is not practical. 

3) It needs to be repeated if the environment is changing which is very likely in indoors. 

One objective of this research is building adaptive dynamic models that does not need offline 

survey. Some work was introduced to automate this offline training using some extra network 

hardware such as mobile robots [61] or detailed floor maps and ray-tracing software [62]. 
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However, these solutions need extra hardware or sophisticated simulation software. In this 

context, a system is introduced [10] here that does not need offline training or extra network 

hardware. It makes use of the fact that only few online RSS measurements from visible wireless 

access points around the user is needed to build dynamically a local propagation model at run-

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

positioning system is the mutual information exchange between network nodes. 

4.5.1 Access Points Mutual RSS Measurements 

In our experiments on the WiFi networks, the core modification that enables the proposed 

methodology is a modification to the periodic beacon frame of each IEEE 802.11 access point 

(AP) [53] to include AP Location and RSS received by the AP from its neighbouring APs. This is 

what we call ñAccess Points Mutual RSS Measurementsò. Consequently, any WLAN-enabled 

device will be able to receive the necessary up-to-date local training data periodically. According 

to the IEEE 802.11 Standards [53], APs periodically broadcasts beacon message that contains 

control information about the AP such as Media Access Control (MAC) address of the APs and, 

additionally, variable length information elements (IE) section [53] that can contain arbitrary 

information such as vendor specific data. The proposed system utilizes the fact that any AP is 

equipped by IEEE 802.11 WLAN transceiver hardware. Thus, every AP can measure RSS from 

its neighbouring APs. If the AP software is modified to carry its own location and its 

neighbouring RSS/MAC pairs on the beacon frames (on a slow rate to avoid network 

overloading) over the variable-length IE section, an AP can be seen as a reference location that 

broadcasts periodically its most recent RSS. If a WLAN-enabled device can see N APs, it can 

construct the following table at runtime (Table 4.1):  

Table 4.1. Online APs'signal strength pattern measurements 

 AP1 

MAC 

AP2 

MAC 

... APN MAC 

AP1 LOC1 RSSI1,1 RSSI1,2 ... RSSI1,N 

AP2 LOC2 RSSI2,1 RSSI2,2 ... RSSI2,N 

.... ... ... ... ... 
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APN LOC RSSIN,1 RSSIN,2 ... RSSIN,N 

USER LOC 

(Unknown) 

RSSIuser,1 RSSIuser,2 ... RSSIuser,N 

 

Having the APs locations known, Table 4.1 can be seen as a compact training set of 

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

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

Although the training set in Table 4.1 is too small, but the fact that these measurements are 

collected around or close to current user location makes Table 4.1 a sufficient ñfreshò training set. 

For our experiment area shown in Figure 4-1 which contains 4 APs, Table 4.1 will contain only 4 

rows. Any kind of the propagation modeling techniques described in this chapter can be used to 

provide distance estimation and, hence, positioning. 

 

4.5.2 Online Dynamic Propagation Modeling Using Log-Distance Models 

Experiments were performed in same area in the sixth floor in ECE department in Queenôs 

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

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

RSS observations, w ireless monitors were added to do the job on behave of the Aps. A WiFi-

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

Log-Distance PM for the four APs are shown in Figure 4-32 and the positioning accuracy of the 

obtained models are shown in Figure 4-33. It is surprising that the error is around the 5m which is 

very close to the offline-trained models. This reflects the feasibility of the idea of online 

measurements and dynamic PM modeling. 
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Figure 4-32. Online PM Building Using Log-Distance PM Method 

 

 
Figure 4-33. Overall positioning accuracy of the online dynamically built Log-Distance PM 

methods 
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4.5.3 Online Dynamic Propagation Modeling Using Hybrid -Models 

The same experiments were performed using hybrid GPR-Log-Distance PM. The hybrid 

modeling results are shown in Figure 4-34 and the positioning accuracy of the obtained models 

are shown in Figure 4-35.  

 
Figure 4-34. Online PM Building Using Hybrid PM method 
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Figure 4-35. Over all Positioning accuracy the online dynamically built Hybrid GPR-Log-

Distance PM Methods 
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Chapter 5 

Indoor Positioning Using Radio Maps 

Recent published results show that fingerprint wireless positioning outperforms other RSS-based 

methods (propagation modeling) [13] [34] [35] [36], [37] [33] [63] [64]. As described earlier in 

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

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

a database. An example of a radio map with N reference locations is shown in Table 5.1 where 

ὙὛὛ refers to received signal strength from j th access point at i th location.  In online phase 

where a signal strength pattern is received in an unknown location, any pattern 

recognition/matching method such as K-NN [65] [19] or Artificial neural networks [56] can be 

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

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

ñTraditional Radio mapsò. Later in this chapter, other automated and dynamic methods to 

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

 

Table 5.1. An Example of a Radio Map 

 AP1 

RSS 

AP2 

RSS 

AP3 

RSS 

AP4 

RSS 

Location 1 ὙὛὛ ὙὛὛ ὙὛὛ ὙὛὛ 

Location 2 ὙὛὛ ὙὛὛ ὙὛὛ ὙὛὛ 

. 

. 
Ȣ 
Ȣ 

Ȣ 
Ȣ 

Ȣ 
Ȣ 

Ȣ 
Ȣ 

Location N ὙὛὛ
Ἒ

 ὙὛὛ
Ἒ

 ὙὛὛ
Ἒ

 ὙὛὛ
Ἒ
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5.1 Traditional Radio maps Positioning Accuracy 

5.1.1 Experimental Setup 

In the experimental area in sixth floor in the department of electrical and computer engineering in 

Queenôs university, the shown WiFi network in Figure 5-1 exists. The white circles show the APs 

locations. The locations of APs shown in Figure 5-1 were estimated by looking for the locations 

at which the received signal strength was maxima. The unnumbered white circles represent many 

WiFi access points spread in the area. A radio map consists of 67 reference known locations in 

the area was collected and a traditional radio map was constructed. The testing trajectory is the 

same one shown in Figure 4-7.  

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

 

5.1.2 K-NN Positioning Accuracy 

In the online phase (the actual positioning phase), the K-NN algorithm will compare the current 

signal strength ñpower fingerprintò with the saved power patterns in the radio map using a 

weighted-KNN algorithm to provide a location. In a weighted-KNN algorithm, a weighted 

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

Thus, given current WiFi fingerprint , the current position  is estimated by: cRSSI
cP
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(5.1)  

 

 

(5.2)  

Where  is the WiFi power pattern recorded with point  in the radio map. The positioning 

results are shown in Figure 5-2 - Figure 5-4. It can be noticed that the good east/bad north 

accuracy pattern disappeared and we have better accuracy in both east/north components. The 

overall accuracy touched the 3 meters for the first time which is even lower than the CRLB given 

earlier in previous chapters. 

 
Figure 5-2. East Positioning Accuracy 

 

 
Figure 5-3. North Positioning Accuracy 
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Figure 5-4. Overall Positioning Accuracy of the K-NN with traditional radio map  

 

 

5.1.3 RBF-ANN Positioning Accuracy 

As RBF-ANN [56] is a powerful function approximation tool, it can be also used to calculate a 

new position based on new RSS patterns that were not exactly found in the database of the radio 

map. During the training, the inputs for the RBF-ANN are the signal strength patterns and the 

output are the corresponding locations. During positioning, user power fingerprint is input to the 

RBF-ANN and the output is the estimated location. Using the RBF-ANN trained on 100% of the 

traditional radio map data points, a positioning accuracy of 3.6937 which is pretty good even if it 

is not better than the K-NN results. However, some advantages of the RBF-ANN will be shown 

shortly.   Positioning results of the RBF-ANN is shown in Figure 5-5.  

 

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

Algorithm  

The KNN and RBF were used over different ratios of radio-map points. The results show the 

robustness of RBF since it could achieve reasonable accuracy with only 25% of the radio-map 

points which means it is more robust than K-NN algorithms. A cumulative error percentage graph 

for both K-NN and RBF methods is shown in Figure 5-6.  

 

(a) 

 

(b) 

 

(c) 

 

Figure 5-6. Cumulative Error Percentage for K-NN and RBF-ANN  
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5.1.5 GPR Positioning Accuracy 

As GPR is a powerful function approximation tool as well, it can be also used to calculate a new 

position based on new RSS patterns that were not exactly found in the database of the radio map. 

During the training, the inputs for the GPR are the signal strength patterns and the output are the 

corresponding locations. During positioning, user power fingerprint is input to the GPR and the 

output is the predicted location. The GPR has the advantage of providing an accuracy measure 

that gives a confidence level of the GPR-prediction. Using the GPR trained on 100% of the 

traditional radio map data points, a positioning accuracy of 3.341 which is pretty good even if it is 

not better than the K-NN results. However, some advantages of the GPR exist. Positioning results 

of the GPR is shown in Figure 5-7.  

 
Figure 5-7. Overall positioning accuracy of GPR with traditional radio map 

  

0 5 10 15 20 25
0

5

10

Reference Points

Positioning Error over Reference Points

P
o
s
it
io

n
in

g
 E

rr
o
r(

m
)

 

 
Position Error(m)

Average Error(m)

0 5 10 15 20 25
0

0.5

1

Reference Points

Positioning HDOP

H
D

O
P

(m
)



 

76 

 

 

5.1.6 Comparison between GPR performance and Full Survey K-Nearest Neighbor 

Algorithm  

The K-NN and GPR were used over different ratios of radio-map points. The results show the 

robustness of GPR since it could achieve reasonable accuracy with only 12.5% of the radio-map 

points which means it is more robust than K-NN algorithms. A cumulative error percentage graph 

for both K-NN and GPR methods is shown in Figure 5-8.  
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(a) 

 

(b) 

 

(c) 

 

(d) 

 
 

Figure 5-8. Cumulative Error Percentage for K-NN and RBF-ANN if 12.5% of training 

points were used 

  

0 5 10 15 20
0

50

100

Error in meters

P
e
rc

e
n

ta
g
e

(%
)

Comulative Error Percentages with 100% of training data

 

 

GPR

KNN

0 5 10 15 20
0

50

100

Error in meters

P
e
rc

e
n

ta
g
e

(%
)

Comulative Error Percentages with 50% of training data

 

 

GPR

KNN

0 5 10 15 20
0

50

100

Error in meters

P
e
rc

e
n

ta
g
e

(%
)

Comulative Error Percentages with 25% of traning data

 

 

GPR

KNN

0 5 10 15 20
0

50

100

Error in meters

P
e
rc

e
n

ta
g
e

(%
)

Comulative Error Percentages with 12.5% of traning data

 

 

GPR

KNN



 

78 

 

5.2 Optimized Reduced Radio Maps using Fast Orthogonal Search 

In fingerprint-based Wireless Positioning, a high number of wireless access points solicits feature 

reduction to obtain a compact radio map for accurate real-time positioning. Although Principal 

Component Analysis (PCA) [66] [67] can be used to reduce dimensionality, PCA is 

computationally expensive. Additionally, PCA maps the data to a new space where physical 

meaning of the original features is lost. This section employs a faster features reduction approach 

[68] using the Fast Orthogonal Search (FOS) [68]algorithm which selects the most informative 

features in the original space. The algorithm is applied to select the most informative access 

points in a radio map for accurate real-time wireless positioning. Experiments demonstrate the 

proposed methodôs superior performance to PCA in terms of speed and slightly better 

performance in terms of accuracy. 

5.2.1 Problem Description & Research Objectives:  

The basic features in a radio map database are the identification of APs. Experiments show that 

incorporating too large a number of APs may deteriorate the positioning accuracy and includes 

unnecessary computation. The ultimate objective of the presented work is to identify the minimal 

set of APs in a Wi-Fi area with the highest discrepancy power to be used for power patterns 

matching in a fingerprint-based Wi-Fi positioning system. This features reduction process must 

be fast enough to guarantee real-time performance. Principal Component Analysis (PCA) [67] 

may be used to reduce features dimensionality as done in [69]. However, PCA has two major 

drawbacks. The first is the expensive computation of covariance matrix, eigenvectors, and data 

transformation computation. An observation table of M rows by N columns taking the first C 

components, the complexity can be estimated as follows: )( 2MNOC =ä for the covariance 

matrix computation, )( 3NOCE =  for eigenvectors computation, and )(MCNOCT =  for 

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

original features. Thus, the physical meaning of original features is lost.  
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5.2.2 Methodology 

The canonical form of a radio map is a table of M rows by N columns. Each row contains a 

known location and N signal strength measurements (power pattern) from N APs. Our strategy to 

reduce the feature dimensionality of the radio map without the costly PCA and without 

transformations is to treat every data column as observations][nYj that need to be modeled 

using a small subset of the other N-1 data columns. This can be achieved using the following 

model: 

 
][][][

1

0

nenPanY j

C

m

mjmj +=ä
-

=

 
(5.3)  

Here j=0, 1...N-1, n=1, 2... M, the ][nPm  form a set of size C of basis functions that will be 

selected from the other N-1 columns set, and jma  are coefficients calculated by optimization 

techniques such that the error ][2 nej is minimized. The problem then is reduced to a search in 

the space of N columns to find C columns that, if used as basis functions in (5.3), would achieve 

the minimum total mean square error over all data columns (ä ä
-

= =

1

0 1

2 ][
1N

j

M

n

j ne
M  

) [69]. Finding such 

columns set is equivalent to find the most informative ñtrueò APs in the radio map. 

5.2.3 Fast Orthogonal Search (FOS) 

In Orthogonal Search techniques [69], a GramïSchmidt procedure is used to replace the functions

][nPm  in (5.3) by a set of orthogonal basis functions ][nWm  where the model for a specific j in 

(5.3) is represented by the following corresponding model: 
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(5.4)  
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In orthogonal basis function space, the coefficients mg that minimize the mean square error over 

the observations is given by: 

 

][

][][
2 nW

nWnY
g

m

m
m =  

(5.5)  

The over-bar in (1) denotes the time average. The mean square error is given by: 
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Here 
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Q
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(5.7)  

The reduction in mean square error resulting from adding a term ][nPa mm  is mQ . The fast 

orthogonal search procedure [69] makes use of the fact that it is not necessary to create the 

orthogonal functions ][nWm explicitly. Only their correlations with ][nPm , the data ][nY , and 

with themselves are required.  

5.2.4 FOS features reduction of radio maps  

In an M  by N radio map, the aim is to reduce columns from N to C most informative columns 

where C < N. Thus, we will have N observations set and the model that needs to be optimized is 

given by (5.3). Significance of a data column is evaluated by adding it to the model in (5.3) and 

the total mean square error (RMSE) reduction over all data columns is calculated using (5.7). In 

FOS iteration, the column with the greatest RMSE reduction is added to model (5.3) until C 

columns are obtained. The complexity of the cross-correlations between all pairs of data columns 

is )( 2MNOCcorr =  . The complexity of applying FOS mean square error reduction N times is 

)( 22 CNMNOCFOS += .  Due to the fact that C is much smaller than M, the overall complexity is 

dominant by )( 2MNO .By comparing this complexity with that of PCA, we note that the term of
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3N resulting from the eigenvectors computations is eliminated and the term of MCN resulting 

from transformation is also eliminated. 

 

5.2.5 Experiments and Results  

The reference positions in the radio map built in the indoor area in Figure 5-1 were recorded in a 

radio map table of 67 points by 132 unique MAC addresses of APs. Although the actual number 

of APs found in the area is way less than 132 by anyway, during the actual radio surveying we 

found 132 unique MAC addresses for APs. The locations of APs shown in Figure 5-1 were 

estimated by looking for the locations at which the received signal strength was maxima. The 

radio map features reduction using PCA and FOS was performed separately and the feature 

reduction processing times of both were recorded. In FOS-based method, execution stops after 

adding 4 data columns to the model in (5.3). K-NN positioning algorithm was applied on FOS-

reduced radio map and PCA-reduced radio map to test the performance of both techniques.  

The following different tests were performed. In each test, the positioning error in terms of 

RMSE in meters was calculated. In full radio map test, the 132 MACs were used for positioning 

obtaining a RMSE of 3.40m. In PCA-reduced radio map test, a RMSE of 3.9645m was obtained 

using the first 4 components in the transformed radio map. In FOS-reduced radio map test, a 

slightly better RMSE of 3.3072m was obtained using the 4 APs suggested by FOS. To obtain a 

reference solution, the 4 APs carefully chosen heuristically in predefined places (see Figure 4-1) 

to give the best coverage during the whole trajectory achieving a RMSE of 1.7449m (see Figure 

5-9 Figure 5-10). Figure 5-11 shows the error cumulative percentage and Table 5.2 shows RMSE 

for all the tests. In Figure 5-12, all APs detected in the area are shown. In Figure 5-13, the 

carefully selected heuristically APs are shown. In Figure 5-14, the FOS-selected APs are shown.  

Table 5.3 shows the number of multiplications and the feature reduction processing times of PCA 

and FOS on Intel Core i5 2.53 CPU 2GB RAM laptop using Matlab 2009 on Windows 7 OS. 

Table 5.3 that FOS took 0.07 seconds and PCA took 0.1521 seconds including transformations. 
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Figure 5-9. Reference WiFi Positioning Solution Using the heuristically selected APs 

 

 
Figure 5-10. Reference WiFi Positioning Accuracy Using the heuristically selected APs 

 

 
Figure 5-11. Cumulative Error Percentage for different Radio maps with different feature 

reduction approaches 

 

-10 0 10 20 30

-15

-10

-5

0

WiFi Trajectory Solution

East Position(m)

N
o
rt

h
 P

o
s
it
io

n
(m

)

 

 

WiFi

Reference

0 5 10 15 20 25
0

2

4

6

Reference Points

Positioning Error over Reference Points

P
o
s
it
io

n
in

g
 E

rr
o
r(

m
)

 

 

Position Error(m)

Average Error(m)

0 2 4 6 8 10 12 14 16 18 20
0

50

100
Comulative Error Percentages

Error in meters

P
e
rc

e
n
ta

g
e
(%

)

 

 
Full Radio Map

Heuristically Selected APs

PCA transformed Radio Map

FOS Selected APs



 

83 

 

 
Figure 5-12. APs detected in the area 

 

 
Figure 5-13. The 4 heuristically selected APs 

 

 
Figure 5-14. FOS-selected APs 

 

Table 5.2. Positioning Error with different Radio Map configurations 

 Full radio map PCA-reduced FOS-reduced REF 

RMSE 3.4074m 3.9645m 3.3072m 1.7449m 

 

Table 5.3. Comparison between FOS and PCA computation time 

 PCA FOS 

#multiplications 3,502,752 1,167,540 

Processing Time 0.1521 sec 0.07 sec 
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5.3 Dynamic Online Radio Maps Construction 

In all the presented work so far in this chapter, a training data set collected in an offline phase was 

needed to build the necessary radio map before positioning can be implemented.  Similar to 

dynamic propagation modeling introduced in 4.5.1, adaptive dynamic radio map that does not 

need offline survey is introduced. In this context, a methodology is introduced [70] here that does 

not need offline training or extra network hardware. It uses the same concept of mutual RSS 

observation introduced in 4.5.1. If a WLAN-enabled device can see N APs, it can construct the 

following table at runtime ( Table 5.4 ) 

Table 5.4. Online APs'signal strength pattern measurements 

 AP1 MAC AP2 MAC ... APN MAC 

AP1 LOC1 RSSI1,1 RSSI1,2 ... RSSI1,N 

AP2 LOC2 RSSI2,1 RSSI2,2 ... RSSI2,N 

.... ... ... ... ... 

APN LOC RSSIN,1 RSSIN,2 ... RSSIN,N 

 

Having the APs locations known, Table 5.4 can be seen as a compact radio map of the area. This 

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

 

5.3.1 Building Dynamic Radio Maps Using Log-Distance Models 

In one method, the regular Log-Distance model can be fitted to the online measurements of each 

AP as extracted from online measurement table (Table 5.4). Then, to predict the received signal 

strength at this location, distance from that location to the access point is calculated and the fitted 

Log-Distance model can be used to predict the RSS at that location. A snapshot of predicted 

signal strength of the four access points (power profiles) using this technique in the experimental 

area of Figure 4-1 are shown in Figure 5-16. 
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5.3.2 Building Dynamic Radio Maps Building Using Zero-mean GPR 

GPR [57] [58] [59] [60] described in 4.3 can be used to predict the power profiles of each AP 

from the online measurements table as well with the advantage of having a confidence level or a 

standard deviation of each prediction. First, we will consider RSS observations for each AP 

in Table 5.4 has a zero-mean Gaussian prior PDF. The training data for each AP consists 

of pairs { } where  is a 2D location andis RSS value of the 

AP at location. Initially, a covariance N by N matrix  is calculated using (4.12) over 

the data set of N observations (pairs of 2D Locations and RSS values) available in Table 

5.4. Having the covariance matrix  for all gathered data set (,), signal power 

probability density function (PDF) of this AP in unknown inputs can be estimated 

according to Bayesian rule (marginalization feature [34]) as follows: 

 
 

(5.8)  

  (5.9)  

Here 
 
is the predicted mean RSS (in dBm) at this location, is the standard deviation (in 

dBm), is a vector of  elements each element is the result of applying (4.12) on  

and an element in . It is important to note that GPR performs three important functions as 

follows: 

1) Predicts power PDF over all locations.  

2) Smooth out the power values noise.  

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

The results of Zero-mean GPR estimated power profiles are shown in Figure 5-17. 
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5.3.3 Building Dynamic Radio Maps Using Hybrid-Models 

As noticed in Figure 5-17, there is a tendency to RSS of zero in locations that are far away from 

data points used for prediction (Table 5.4). The reason for this is the Zero-mean prior assumption 

about the RSS probability distributing while doing the GPR prediction.  However, if a hybrid-

model similar to the model used in 4.4 was used such that the general mean of GPR is the Log-

Distance model and the GPR is used to model the RSS residuals errors instead of predicting the 

RSS values themselves, then a better more realistic model can be obtained. In this case, the 

predicted residual RSS for unknown location  will be given by: 

  (5.10)  

  (5.11)  

Where is the distance from the AP location  and the input location. Note 

that the variance formula will be the same. This proposed hybrid modeling is shown in . 

The results of hybridized-estimated power profiles are shown in Figure 5-18. 

 

Figure 5-15. The proposed hybrid radio map construction technique 
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mean GPR and Log-Distance mean case including the standard deviations (STDV).  It can be 

seen from Table 5.5 that the RSS error is reduced by 40-50% if Hybrid Log-Distance GPR is 

used. It is noted also that accuracy decreases at right borders area of testing area. This conforms 

to the CRLB analysis given in Chapter 3 due to geometry of APs locations. 

Table 5.5. Dynamic RSS Prediction Errors in dBm 

 AP1  AP2 AP3 AP4 RMSE 

Zero-mean GPR 13.2 10.6 10.9 12.6 11.9 

Log-Distance-mean GPR 5.47 6.59 6.15 7.03 6.31 

 

 

Figure 5-16. Log-Distance-Estimated Power Profiles for the four APs in the experimental 

area of Figure 4-1. 
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Figure 5-17. GPR-Estimated Power Profiles for the four APs in the experimental area of 

Figure 4-1. 
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Figure 5-18. Hybridized-estimated Power Profiles for the four APs in the experimental area 

of Figure 4-1. 
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Figure 5-19. Dynamic online RSS Estimation Accuracy using the Hybridized models. 

 

Relationship between RSS Error and STDV  

The bottom graphs in Figure 5-19 shows that there is a suitable degree of correlation between 

RSS errors and the GPR-estimated accuracy measure (RSS STDV). In regions with large RSS 

errors, SDTV is higher and vice versa. This reflects the suitability of STDV as an accuracy 

measure of the estimation.  
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Chapter 6 

Adaptive Framework for Wireless Indoor Positioning System 

This chapter proposes an integrated framework for a zero-configuration positioning system to be 

the GPS-corresponding indoor counterpart. As shown in Chapter 5, fingerprint methods 

outperform other methods in indoor scenarios. However, it requires a dense up-to-date radio map 

which is time-consuming and impractical to keep and maintain. These drawbacks prevent 

fingerprint wireless positioning systems from being widely commercially adopted and that is the 

main reason the accuracy of current commercial WiFi positioning systems such as SkyHook [7] is 

still within 10 to 20 meters. Aiming at providing higher resolution indoor wireless positioning 

system, this work introduces a novel client/server-based system that dynamically estimates and 

continuously calibrates a fine radio map for indoor positioning without extra network hardware or 

prior knowledge about the area and without time-consuming offline surveys. To continuously 

adapt to dynamic changes in the environment, GPR kernels [57] [58] [59] [60] are continuously 

updated and optimized based on recent APs observations. Additionally, it is continually 

automatically calibrated using some other APs online observations. The radio map is further 

optimized by the fast features reduction algorithm described in 5.2 to select the most informative 

APs. Additionally, the system provides reliable integrity monitor (accuracy measure). 

Experiments on IEEE 802.11 networks showed that the proposed system can provide 2-3m and 

consistency of estimated accuracy measure. 

 

6.1 Objectives 

The objectives of the proposed system are as follows:  

¶ Providing a complete WLAN indoor positioning and heading estimation system that 

without need for offline site radio survey 

¶ No prior knowledge or maps about the building or extra network hardware should be 
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needed or used.  

¶ The system should autonomously and continuously adapt to dynamic environment 

changes and signal variations.  

¶ The system should also be able to determine the most informative WLAN APs to 

perform best positioning in less computation time with fewer APs.  

¶ The system must provide reliable integrity monitoring in the form of an accurate error 

standard deviation of position estimations.  

¶ It is also required that the system can be implemented evenly and easily on any type of 

WLANs.  

¶ The system should maintain a meter level accuracy of 1-2 m to fulfill LBS and other 

indoor positioning services accuracy requirements. 

 

6.2 Methodology 

6.2.1 System Components 

System hardware consists of the following main parts: 

6.2.1.1 The WLAN 

It consists of multiple APs with the mutual RSS observations feature installed (review section 

4.5.1). 

6.2.1.2 A Processing Unit 

It can be a centralized computer server or even a mobile device. It is used to perform the 

following two processes: 

¶ Construct dynamically a fine radio map from few online RSS observations 

broadcasted periodically over management frames from the existing WLAN APs 

using the mutual RSS observations concept [70] (4.5.1). 

¶ Process userôs requests to estimate locations and error standard deviation based on 
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current usersô power pattern (fingerprint). 

 

6.2.1.3 A Communication Media 

It may be the WLAN itself or the existing corporate TCP/IP LAN [71] [72], or even the internet. 

It can be any existing communication media that can be used to do the following: 

¶ Enables the WLAN APs to send RSS observations to the processing unit. 

¶ Enables usersô WLAN-enabled devices to communicate with the processing unit to 

obtain a position. 

 

6.2.1.4 A Mobile User Unit 

It is any WLAN-enabled device that can do the following: 

¶ Scan the area for visible APs, decode the APs beacon frames and extract RSS 

information (user power fingerprint). 

¶ Send user power fingerprint to the processing unit over the communication media. 

¶ Receive location information from the processing unit over the communication media. 

6.2.2 System WiFi Prototype 

Although the proposed system can be implemented on any type of WLAN or wireless sensors 

network, we describe the system design and implementation on an IEEE 802.11 WLAN (WiFi) 

and the corporate TCP/IP LAN which is connected to the WLAN as the communication media 

and a centralized computer server as the basic processing unit (see Figure.6-1). WiFi was selected 

for system physical prototyping because it is free and available almost everywhere and it provides 

TCP/IP LAN and internet connectivity [71] [72]. In the prototype implementation, the corporate 

TCP/IP LAN/IEEE 802.11 WLAN has been utilized as communication media between devices 

because this type of network connectivity is available almost everywhere from small homes and 

university campuses to large airports and even cities. Entire cities will be covered by WiFi soon 
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[73]. Also all new laptops, PCs, and handheld devices such as cell phones and notebooks are 

WiFi-enabled [8] [24] [25]. So, the user unit could be any of these devices. Furthermore, the 

selection of WiFi makes the system more practical and cost-effective since WiFi hardware is 

available at low cost. 

 

Figure.6-1. System Deployment 

 

6.2.3 System Architecture 

The system architecture is shown in Figure 6-2. The WiFi APs periodically broadcast power 

patterns to the ñPower Pattern Receiver Moduleò and generate an XML file OMT.XML. The 

OMT.XML is the online measurement table that contains the most recent incoming power 

patterns information as described in Table 5.4. Periodically, the ñModels Builderò module reads 

the data in OMT.XML and build the PP.XML and PM.XML which refers to the power profile 

and propagation models for each AP in the system as estimated by the . The RM.XML is the final 

dynamically constructed radio map. In the figure, a smart-phone sends a power fingerprint to the 
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ñpositioning web-serviceò running on the central processing server. The positioning server 

replies by a position and standard deviation using the most recent dynamic radio map. The overall 

system health and status is monitored by the ñSystem Monitoringò web-application. 

 

 

Figure 6-2. The proposed WiFi Positioning System Architecture 

6.2.4 Data Acquisition 

Power pattern recording is defined as the process of scanning the area for visible APs and extract 

their MACs and their RSSIs at known location. In the traditional offline radio site survey, power 

pattern recording is performed manually by an operator at reference known locations normally. 

To overcome this impractical time consuming offline phase, the proposed system uses the mutual 

RSS observations concept [70] (4.5.1). Thus, each AP can be seen as a reference location that 

periodically broadcasts the most recent power pattern recordings at its location. Additionally, 
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these online power pattern recordings can be sent periodically over any proper communication 

media such as the corporate TCP/IP LAN to the centralized computer server. 

In the proposed system prototype implementation, and due to difficulty to modify APs 

firmware to broadcast the power patterns recording results over the free information elements of 

the beacon frame as described above (as this is required to be adopted by an APs manufacturer), 

we put a wireless monitor beside each AP to perform power pattern recording and send 

periodically every one second over the corporate TCP/IP LAN to the centralized computer server 

the following information: 

1. AP own MAC and AP own location.  

2. Neighboring APs MACs.  

3. Neighboring APs RSSIs. 

 

The incoming periodic online power patterns recording are filtered and arranged with the 

known locations of the sending APs in OMT.XML file. 

6.2.5 AP Power Profiling 

Using the most recent OMT.XML, dynamic radio map construction is implemented by estimating 

a power profile for each AP such that at any location, RSS value can be estimated. Figure 6-3 

shows RSS values for an AP extracted from most recent OMT.XML file in a real environment. 

Although it provides small number of RSS observations, it gives a general idea about the current 

distribution of this AP power profile. Using the Hybrid RSS estimation technique described in 

5.3.3 [70] , RSS of each AP can be dynamically estimated. Estimating the power profile of each 

AP using online observations of Table 5.4 solves three problems at once  

1) Handling the dynamic changes 

2) Modeling the general shape and distribution of obstacles and obstructions in the 

environment.  

3) It keeps the system aware about recent APs locations. 
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The power profile and standard deviation of RSS estimation corresponding to RSS observation in 

are shown in Figure 6-4 and Figure 6-5. 

 

Figure 6-3.Power values at other APs locations used for Power Profile Estimation 

 
Figure 6-4.Power Profile Estimation using Gaussian Regression with Log-Distance Mean 
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Figure 6-5. Standard Deviation of power profile estimation 

6.2.6 Dynamic Radio Map Construction 

The location computer server will construct the radio map by merging all estimated APsô power 

profiles so that for each location x there is a corresponding vector of power probability 

distribution from all access points in the targeted area visible from this location. The constructed 

radio map covers the whole targeted area will be saved in a larger database table.  Additionally, 

with each location in the fine radio map, the average of standard deviations of the individual APs 

power PDFs are stored as the standard deviation associated with this location. 

 

6.2.7 Online Verification and Calibration  

The verification process will be implemented as follows: 

1- In radio map construction process, instead of using the whole data in Table 5.4 a portion 

such as 80% will be used and the remaining 20% will be used to verify the accuracy of 

the constructed radio map.  

2- The testing RSS values are used to estimate a location using constructed radio map. 

3- These locations are compared with the reference locations of these testing data and the 

location mean square error (Loc_RMSE) will be recorded. 

4- If Loc_RMSE is still larger than a threshold, the hyper-parameters, , and M used in 2

ns
2

fs
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each APs profile estimation will be changed according to Genetic Algorithms operators 

[74] [75] using the following fitness function to be maximized: 

  (6.1)  

Note that in the fitness function in (6), we weight the likelihood over the training data and the 

positioning accuracy over the testing data using weights w1 and w2 tuned empirically. In genetic 

iteration, AP power profiling and radio map construction will be repeated and new radio map will 

be used again with the testing data set to verify its accuracy. This process continues until an 

acceptable mean square error is obtained. This process is illustrated in Figure.6-6.  

 

6.2.8 AP Selection using FOS Feature Reduction 

In this step, the FOS fast features reduction approach described in Chapter 5 is applied to select 

the most informative access points in the constructed fine radio map. 

 

))|((*2
_

1
),,( XYpLogw

RMSELoc

w
MF fn +=ss



 

100 

 

 

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

The positioning scenario will be performed using the following steps:  

6.2.9.1 Positioning Request  

The WiFi-enabled device will perform a wireless scan to collect a power fingerprint. A power 

fingerprint is defined as MAC/Power value pairs from all surrounding visible APs. The WiFi-

enabled device sends this power fingerprint to the location server using an XML Web Request 

(Web-Service Request [76]).  

6.2.9.2 Position Estimation 

The location server will compare the current sent power fingerprint with the estimated power 

patterns in the radio map using a weighted-KNN algorithm to provide a location. In a weighted-

KNN algorithm, a weighted average is performed by giving the highest weight to the most 

nearest radio map point. Thus, given current WiFi fingerprint , the current position  is 

estimated by: 

 
 

(6.2)  

 

 

(6.3)  

Where  is the WiFi power pattern recorded with point  in the radio map. 

6.2.9.3 Error standard deviation calculation: 

The location error standard deviation is calculated by converting the power standard deviation 

estimated by GPR into meters using the log-distance path loss model is fitted on each AP RSS 

values in Table 5.4. To calculate distance change ‏ὨὙὢ corresponding to power change ‏ὖὙὢ, the 

derivative of received power ὖ  with respect to distance Ὠ  is used as follows: 
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(6.5)  

The location error standard deviation is calculated by averaging the standard deviations of the K 

nearest neighbors selected in the radio map points used in location estimation. 

6.2.9.4 Positioning Response 

The location server sends the computed location and error standard deviation to the WiFi-enabled 

user device using an XML Web Request (Web-Service Request [76]). 

6.2.9.5 Heading Estimation 

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

of change of the RSS (diff (.)) is the difference between time-consecutive RSS values. If the 

average of RSS rate of change is above positive threshold, this means the use is moving toward 

the AP and the heading must be in the white range shown in  

Figure 6-7 User1. Otherwise, if it is below negative threshold, this means that the user is moving 

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

Figure 6-7 User2. AP are the angle of LOS from current user location to the AP (1q , 2q  in  

Figure 6-7). 

 
 

Figure 6-7. Initial Heading Range Estimation 
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Although noisy RSS may result in some wrong angles, the majority of APsô angles will be around 

the true heading (Angles 2,4,6,7 in Figure 6-8). The effect of noisy RSS will be outliers (Angles 

1, 3, 5 in Figure 6-8) .To filter out these outliers, a k-nearest neighbor clustering step is performed 

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

are considered. For example, if 7 APs angles are available, and three clusters were calculated as 

shown in Figure 6-8, APs angles 2, 4, 6, and 7 will be considered. The heading range is the 

intersection between all possible heading ranges. Note if the userôs heading is perfectly jth APôs 

angle, then the mean of rate of change of RSS values of jth AP will be larger than that of any other 

APôs angle. This was used to perform weighted average estimate of heading ὃᶻ and accuracy 

measure „ as follows: 
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Where !  and ! are the boundaries of current heading range and jw  is a weight given by  
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(6.8)  

Where Ὠ ὪὪὙὛὛ is the average of the rate of change of RSS values of  j th APs. 

 

 

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

Physical experiments were performed in two indoor areas; the first one is inside the Queenôs 

university residence.  It is approximately 20m by 15m area (see Figure.6-9). The second 

environment is 25m by 40m in sixth floor in Queenôs University in Computer Engineering 

Department, Canada (see Figure 6-10). Both environments are equipped by IEEE 802.11 WLAN. 

Wireless monitors were distributed beside each AP. The environments are connected by the 

university TCP/IP network. Part of the network is IEEE 802.11 WLAN and part is wired which is 

the university Ethernet TCP/IP LAN.  

A computer server running a web service was setup to process XML Web requests from 

wireless monitors and users WLAN-enabled devices.  The wireless monitors send power pattern 

recordings every one second to the computer server through XML Web requests. This computer 

server runs the dynamic online-calibrated radio map construction process in the background and 

run also the FOS-selection of APs. The FOS-selected APs are shown in numbered circles in 

Figure.6-9 and Figure 6-10.All RSS estimation and positioning will use those 4 APs. 

In parallel, another web service is running to receive usersô positioning requests through XML 

Web requests. The location estimation web service uses the most recent online-calibrated radio 

map to process usersô requests and responds by location estimation and standard deviation 

(estimation accuracy measure). 

 
Figure.6-9. Testing Area1. 
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Figure 6-10. Testing Area2. 

 

6.3.1 Obstacles Distribution Effect on RSS 

To see how GPR broadly models the general shape of the area, a map of AP3 in area2 overlaid 

with area2 map is shown in Figure 6-11. An odd power decrease-then-increase is seen in west 

south corner of the area. The explanation for this is that there is an electricity room beside this 

area as shown in Figure 6-11. Additionally, estimated RSS values in the west south room 

generally show the effect of walls. These odd RSS patterns cannot be modeled by traditional pass 

loss models. 

 

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

To assess the RSS estimation accuracy, a total of 58 and 67 reference locations were selected in 

the two testing areas respectively (see small dark circles in Figure.6-9 and Figure 6-10) at which a 

WLAN-enabled laptop was used to record RSSI values from visible APs. Then the observed RSS 

at these locations are compared to the GPR estimated RSS. The overall results are summarized in 

Table 6.1 and  

Table 6.2 showing GPR without and with Log-Distance model mean. The result s of all 8 APs 

from area1 and area2 are shown in Figure 6-12 in GPR with Zero-mean GPR and Log-Distance 

mean case including the standard deviations (STDV).  It can be seen from numbers in Table 6.1 

and  

Table 6.2 the RSS error is reduced by 40-50% if Log-Distance GPR is used. It is noted also that 

accuracy decreases at right borders area of testing Area 2 because features reduction did not select 

many on right borders. 

 

6.3.3 Relationship between RSS Error and STDV  

The bottom graphs in Figure 6-12 shows that there is a suitable degree of correlation between 

RSS errors and the estimated accuracy measure (RSS STDV). In regions with large RSS errors, 

SDTV is higher and vice versa. This reflects the suitability of STDV as an accuracy measure. 



 

107 

 

 

Figure 6-12. RSS Estimation Accuracy Results in both testing areas 
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Table 6.1. RSS Errors (dBm) in Testing Area1 

 AP1  AP2 AP3 AP4 RMSE 

Zero-mean GPR 10.4 7.58 11.86 13.57 11.07 

Log-Distance-mean GPR 4.0 7.2 7.6 3.5 5.92 

 

Table 6.2. RSS Errors (dBm) in Testing Area2 

 AP1  AP2 AP3 AP4 RMSE 

Zero-mean GPR 13.2 10.6 10.9 12.6 11.9 

Log-Distance-mean GPR 5.47 6.59 6.15 7.03 6.31 

 

 

6.3.4 Location Estimation Accuracy 

6.3.4.1 Static Test  

In this test, observed user RSS values measured by a WLAN-enabled at the 58 and 67 reference 

locations were sent to the location computer server that used the recently constructed radio map 

to provide a location and standard deviation for each reference location. Position error (RMSE) in 

testing area1 and area2 are shown in Table 6.3 which shows how Log-Distance GPR performs 

much better in positioning than zero-mean GPR. Figure 6-13 show the results if the radio map is 

constructed using Log-Distance mean GPR. RMSE of 2.0367 in area1 and 3.017m m in area 2 

were obtained. These results are very similar or even slightly better than the results reported in 

[62] with the advantage of not depending on any pre-knowledge of the building (i.e. floor maps) 

and without ray-trace simulation software. Also the results are comparable to those reported in 

[77] in which similar Gaussian Regression approach is used but with offline radio survey phase. 

Our approach has the advantages of not depending on offline training data which enables it to 

approach to dynamically model the changes in the environment using less APs. 

 

6.3.4.2 Relationship between Positioning Error and Estimated Standard Deviation 

Figure 6-13 shows the position STDV values with each testing point. In general, there is a 

suitable degree of correlation between the estimated STDV and the true accuracy. This confirms 

that, for positioning as well, in general, the error standard deviation is consistent with the error 
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value which, again, indicates the reliability of the standard deviation calculated by GPR 

prediction as an accurate integrity monitoring. To authorôs knowledge, none of the similar 

systems reported in the literature provide such integrity monitoring values. 

Table 6.3. Positioning Error - Static Test - Area1 and Area2 

 Static Positioning RMSE 

Zero-Mean GPR Log-Distance Mean GPR 

Area1 2.9355m 2.0367m  

Area2 3.926m  3.0175m 

 

 

Figure 6-13. Static test positioning error at reference locations at testing area1 and area2 

 

6.3.4.3 More on the Accuracy Measure 

If we selected portions of the resulting dynamic radio map based on the estimated error standard 

deviations calculated by GPR and then calculated the accuracy of positioning at these points, this 

will give us more insight about the accuracy of the estimated STDV. Figure 6-14 shows the root 

mean square error vs. the STDV in meters in area1 and area2. A data point in this plotting 



 

110 

 

represents the RMSE of the portion of reference data points where STDV is less than or equal to 

the specified value.  The figure shows a pretty good consistency between the true accuracy and 

the estimated accuracy measure (STDV). In addition, the results show a good correlation between 

results of testing area1 and testing area2. 

 

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

in both testing areas 

6.3.4.4 Walking Test  

Due to the lack of a reliable accurate reference navigation system indoors, we followed pre-

defined trajectories with known Way-points. These pre-defined trajectories are shown in 

Figure.6-9 and Figure 6-10 for testing area1 and area2 respectively. During this test, a WLAN-

enabled laptop was used to record userôs power fingerprint and send this information over XML 

Web requests to the location computer server. The laptop is connected wirelessly to the university 

IEEE 802.11 WLAN and can access the location computer server. The laptop has software that 

collects current user power fingerprint and issues an XML Web request and sends it to the 

location computer server which responds by location and error standard deviation. At the known 

way-points, we stopped and recorded the reference location for positioning RMSE calculation 

purposes. Figure 6-15 and Table 6.4 shows the positioning accuracy of the walking test in area1 

and area2. The RMSE in area1 is 2.26m and 3.196m in area2. These results compared to systems 

in [62] and [77] considered pretty well. Figure 6-15 shows again the correlation between the 

positioning error and the estimated accuracy measure (STDV). To compare the performance with 
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the traditional offline radio map, the positioning of the two trajectories in testing area1 and area2 

were performed using the 58 and 67 offline radio map points. The RMSE are shown in Table 6.4 

which shows comparable performance with the advantage of removing the time-consuming 

offline surveying work.  

 

Figure 6-15. Walking Test Results in Area1 and Area2 Using Log-Distance GPR RSS Radio 

map Estimation 
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Table 6.4. Positioning Error - Walking Test Area1 and Area2 

 Offline Traditional Radiomap Online Dynamic radio map 

  Zero-

mean 

GPR 

Log-Distance-Mean 

GPR 

Area1 1.8m 2.8m 2.26m 

Area2 1.7m 4.01m 3.169m 

 

6.3.5 Maximum Expected Positioning Error 

If the area contains single AP, the radio map will be the AP power profile itself which will be a 

bell centered at the AP location (Figure 6-16). Given any positioning request contains this AP 

RSS value, matched locations in the radio map will be a perfect circle centered at AP location and 

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

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

the stronger the AP signals is the larger will be the maximum positioning error. 

 

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

 

6.3.6 Heading Accuracy 

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

estimation algorithm was satisfied 90 times (on average, 9 times per 3 minutes walking). For 
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clarity, a snapshot of some heading estimation results was displayed in Figure 6-17. The average 

heading RMSE is 16.5 degrees which is reasonable taking into consideration that no beam 

antennas or special hardware were used. Results were compared with a simple tracking algorithm 

in which heading is calculated based only on the estimated WiFi-positions using the formula: 

 ),(2tan 11

*

-- --= kkkkk xxyyaA
 

(6.9)  

Where kk yx ,
 is position at iteration k. The heading RMSE using this simple heading tracking 

formula is 87.4 degrees which is too bad. This is expected because the tracking depends only on 

WiFi positions which is noisy, scattered, and not smooth enough to have heading estimation like 

the case in GPS in open sky LOS conditions. Having the ability to estimate heading even in 

discrete instants of times using normal mobile device is an added value to the proposed system 

over similar systems. This non-continuous heading estimation is of great importance in filter-

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

updates at any time will improve the overall solution. 

 

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

Another implementation of the proposed system was developed using Smart-phones that runs 

Android operating system. The smart-phone sends a power fingerprint to the positioning web-

service running on the central processing server. The positioning server replies by a position and 

standard deviation using the most recent dynamic radio map. The system was tested in Calgary 

Technology Centre in a 20m by 20m area equipped by only 4 Netgear APs identified by 4 

triangles in Figure 6-18.  

 

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

Positioning System 

 

Figure 6-19 shows one of the Netgear APs used in the system and a smart-phone acting as a 

wireless monitor that periodically broadcast RSS power pattern at the location of the AP. A 

snapshot of the system displayed on a Samsung nexus smart-phone is shown in Figure 6-20. 

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

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

broadcast RSS power patters at the AP location. 

 

Figure 6-20. The positioning solution developed on a Samsung Nexus Smart-phone 
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Figure 6-21. Smart-phone screen shots during doing several rectangular  loops inside the 

experimental area. In this experiment, the proposed system recognized correctly the shape 

of trajectory and the number of loops.
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Chapter 7 

WiFi-Aided Navigation Systems 

Although the proposed indoor wireless positioning systems provide a consistent accuracy, the 

positioning is still noisy. Thus, in this chapter, integration between wireless and 

inertial/odometer-based navigation systems is explored to improve positioning accuracy and 

trajectory smoothness.  

7.1 Integrated Navigation Systems 

Integrating algorithms aim at integrating different source of information to optimally estimate a 

system state [41] [78].  If the integration is online and recursive it is called filtering [3] [23] [79] 

[80]. Two common filtering techniques exist, Kalman Filtering (KF) [3] and Particle Filtering 

(PF) [42]. While KF is characterized by it is optimality (in least square sense) and its 

computational efficiency [3], it impose limitations on systems characteristics such as linearity and 

Gaussian assumption of system states. On the other-side, PF is characterized by its flexibility to 

handle non-Gaussian and Non-linear systems and signals. However, it is sub-optimal and it 

introduces a large computation burden [42]. Since R.E. Kalman introduced his recursive filter 

[44], it has been extensively studied and applied in many areas. Thus, in this work, research is 

focused on Particle Filtering. The filtering concept is shown in Figure 7-1.  
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Figure 7-1. Particle Filter-Based Integrated Navigation 

 

7.2 Bayesian Filtering 

Bayesian filtering algorithms [81] [82] get ( )k kp Zx ; the probability density function (PDF) of a 

system state( kx ) conditioned on external measurements (ὤ). The estimated ( )k kp Zx   

represents all the knowledge about the system state( kx ). Bayesian filtering considers the aiding 

sources as observations and assumes that the sates are 1st order Markov process [81] [82] [83].  

The knowledge about system state kx  comes from two important probabilistic models; the state 

transition model ( )1 1,k k kp - -x x u  and the observation likelihood ( )k kp z x  (aiding measurements). 

The 1ku - is a control signal that stimulates the transition from state 1kx -  to state kx .To estimate 
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the navigation state, the new density ( )k kp Zx  is computed recursively at each time step in two 

phases [42] [45] [83] [81] [82]: prediction phase and update phase. In the prediction phase, the 

transition is performed according to transition model as follows: 

 ( ) ( )( )1 1 1 1 1 1,k k k k k k k kp Z p p Z d- - - - - -=ñx x x u x x  (7.1)  

In the update phase, the observation likelihood is used to obtain the posterior PDF using Bayes 

rule: 

 
( )

( )( )
( )

1

1

k k k k
k k

k k

p p Z
p Z

p Z

-

-

=
z x x

x
z

 
(7.2)  

 ( ) ( )( )1 1k k k k k k kp Z p p Z d- -=ñz z x x x  (7.3)  

 

7.2.1 Particle Filtering  

PF was proposed as a Monte-Carlo based solution for the Bayesian Filtering problem [45] [83] 

[81] [82]. It is an approximate solution to Bayesian filtering problem that can handle the cases in 

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

time step k, PDFs are approximated by a set of N random samples (particles) 

{ }(1) ( ),..., N
k k kS s s= . The i th sample consists of the value of the state

( )i
kx and the associated 

weight
( )i

kp . At k=0, the sample set ( ){ }( ) ( )
0 0 0, 1,...,i iS i Np= =x  is initialized with equal 

weights based on any knowledge about the objectôs initial state.  An iteration of PF has three 

important steps:  
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1)  Prediction phase: starting from the set of samples ( ){ }( ) ( )
1 1 1, 1,...,i i

k k kS i Np- - -= =x  

(where 
( )

1
1i

k
N

p- = ) the state transition model is applied to each sample 

( ) ( )
1 1

1
,i i

k ks
N

- -
å õ
=æ ö
ç ÷
x  and one sample 

( ) ( ) 1
,i i

k ks
N

å õ
¡ ¡=æ ö

ç ÷
x  is drawn from 

()( )1 1,
i

k k kp - -x x u . 

Thus, a new sample set ( kS¡) is obtained that approximates the predictive density ( )1k kp Z -x .  

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

weighted using an observation likelihood 
()( )i

k kp ¡z x . Then all weights are normalized. The 

weighted sample set kS  approximates the density( )k kp Zx .  

3) Resampling step: the sample set ( ){ }( ) ( ), 1,...,i i
k k kS i Np= =x  (where

( ) 1i
k

N
p = ) is obtained by 

randomly selecting from the weighted set ( ){ }( ) ( ), 1,...,i i
k k kS i Np= =x  such that each sample 

is selected number of times proportional to its weight. Thus, the obtained kS  approximates the 

required ( )k kp Zx . 

The three steps that describes the particle filtering are shown in Figure 7-2. 

7.2.2 Mixture  Particle Filtering  

If errors in transition model (i.e. inertial error in an inertial navigation system) grew very largely, 

the sample set { }(1) ( ),..., N
k k kS s s=  that was predicted by the transition model will be very apart 
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from the observations (i.e. wireless position updates in an integrated navigation system). This 

means that the PDFs ( )1 1,k k kp - -x x u  and ( )k kp z x  do not overlap and are very far apart from 

each other. Then, the weights (which depend on the Euclidean distance) will be too small tending 

to zero. Thus, the new PDF ( )k kp Zx  will not be accurate and very large number of particles will 

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

overcome this problem, Mixture PF was introduced [45] [83] [81] [82]. In Mixture PF, the idea is 

to add to the sample set ( ){ }( ) ( ), 1,...,i i
k k kS i Np= =x  a number of samples (M) from the aiding 

observations (called immigrant samples in Figure 7-2). This assures better coverage of the state 

space with a much smaller number of samples than traditional PF. The importance weights of 

these new samples were calculated in accordance to the probability that they came from the 

previous sample set. The weights of the new sample set are then normalized and the resampling 

step is implemented using the same procedure described above.  

7.2.3 Real-time Implementation Challenging  

Although the number of samples N is decreased by the mixing mechanism mentioned above, the 

embedded system implementation still needs more optimization. The process of weighting the 

samples generated from observation is very expensive, including a large number of 

multiplications, subtraction, addition, power, and square root operations with a complexity of O 

(M*N)  (See Figure 7-2).This expensive computation requirement affects the real-time 

implementation on limited resources CPUs. Further decreasing the samples size N or M will 



 

 

 

 

122 

 

affect the accuracy of the PDF approximations. Thus, the objective is to reduce this complexity 

without physically reducing sample size. 

7.2.4 Fast Median-Cut Clustering Optimization 

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

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

in the data set. Hence, in the weighting step in PF, each sample in the set 
( )

1

i

ks -  can be 

approximated by only the cluster centers that it belongs to. Thus, a fast clustering reduces the 

number of samples used in the weighting operation without reducing physical sample size will be 

a reasonable solution. In this thesis, a fast version of median-cut clustering is proposed to perform 

the desired clustering. Median-Cut was introduced as a method for fast image indexing, 

retrieving, and quantization in [84]. This algorithm repeatedly subdivides data set into smaller 

data sets. We start with one data set contains all samples of 
( )

1

i

ks - . Iteration step splits a data 

set. In the canonical Median-Cut clustering algorithm, the enclosed points are sorted along the 

longest dimension of the data set, and segregated into two halves at the median point. In our 

implementation, we sorted the samples sets according to pre-specified sequence of dimensions to 

avoid the sorting step complexity and further increase the clustering speed. The above step is 

recursively applied until K data sets are generated. Finally, the K data sets are averaged to have K 

representatives instead of N samples. The complexity of fast median cut clustering algorithm is O 

(N*log (K)). Thus, when weighting samples coming from aiding navigation source, we have a 
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complexity of (M*K) + (N*log (K)) instead of (M*N) . In the implementation, K is carefully 

selected such that (M*K) + (N*log (K)) is much less than (M*N).   

 

Figure 7-2. Particle Filtering: Weighting the samples comes from the measurements updates 

PDF. 

 
7.3 An indoor WLAN/RI SS Integrated Navigation System Using Optimized Mixture 

Particle Filtering  

To explore the navigation performance of WiFi if it is integrated with inertial sensors and 

odometer based navigation systems, the proposed optimized mixture particle filter algorithm is 

used to provide a low cost Reduced Inertial Set System (RISS) navigation system integrated with 

the WiFi positioning system. This configuration is suitable for wheeled-vehicles such as mobile 

robots in which the motion is mainly in 2D. Although RISS utilizes the vehicle odometer which is 
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much accurate than MEMS-based inertial sensors, the drifts in the gyroscope still causes the 

overall system accuracy to deteriorate over short periods of time.  

 
Figure 7-3. 2D RISS Platform 

 

7.3.1 2D RISS Navigation System 

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

is attached with the z (vertical) axis and measures the rotation rate around z axis as shown in 

Figure 7-3. Motion equations are implemented in local navigation frame (East, North, and Up 

(Vertical)). In 2D, we are concerned only about azimuth (heading), north, and east velocity and 

position components. The azimuth angle (A) of the vehicle is calculated using the following 

equation: 

 
dt

hR

V
wwA

N

ee

zñ +
--= )

tan
sin(

f
f  

(7.4)  
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where zw  is the gyroscope reading, 
ew the earth rotation rate (15o/hr), eV  is the velocity in east 

direction, f is the latitude , NR  is the normal radius of curvature of earth , and h  is the 

altitude.  

Once the heading angle (A) of the platform is calculated, it can be used along with the vehicle 

odometer odV  to calculate east and north velocities as follows: 

 AVV ode sin=  
(7.5)  

 AVV odn cos=
 

(7.6)  

Position (Latitude f and Longitudel) are given by: 

 

ñ +
= dt

hR

Vn

M

f  
(7.7)  

 
dt

hR

Ve

N

ñ +
=

)cos()( f
l

 

(7.8)  

Where MR  is the meridian radius of curvature of the earth at current position. 

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

 ))(( 0 hRP MNorth +-= ff  
(7.9)  

 fll cos))(( 0 hRP NEast +-=
 

(7.10)  
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The RISS configuration is shown in the following block diagram in Figure 7-4. 

 
 

Figure 7-4. RISS System Block Diagram 

 

Figure 7-5 shows the results of RISS system on the testing trajectory shown in Figure 4-7. The 

overall root mean square error is 4.4743m. The effect of the gyroscope drifts can be seen clearly 

in Figure 7-5 from the heading errors which cause the trajectory to deviate from the reference. 

Also the effect of odometer error is clear from the graph where we can see stretch in the most 

right part of the trajectory. Odometer error is also known from calculations since the reference 

distance travelled is 110.5m while the odometer reading shows a distance travelled of 118.8m.  
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Figure 7-5. RISS Solution showing effects of gyroscope drifts and odometer errors 

7.3.2 WiFi Fingerprinting  

A radio map was collected using a laptop on a mobile robot (see Figure 7-6) in the experiments 

area shown in Figure 4-7. Online WiFi measurements were recorded while following the testing 

pre-specified trajectory using the mobile robot. K-NN weighted average algorithm was applied 

and the solution obtained is shown in Figure 7-7,Figure 7-8, and Figure 7-9. East and North 

positions are plotted separately to show the outliers points and the noisy scattered nature of the 

WiFi positioning system. The overall accuracy is 3.4 meters. 
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Figure 7-6. Radio map collection process 

 

 

Figure 7-7. WiFi East Position Solution 
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Figure 7-8. WiFi North Position Solution 

 

Figure 7-9. WiFi Trajectory Solution  

 

 

0 500 1000 1500
-20

-15

-10

-5

0
North Position in meters

Time(sec)

N
o

rt
h

 P
o

s
it
io

n
(m

)

 

 

REFERENCE

KNN WiFi

-10 0 10 20 30
-20

-15

-10

-5

0
KNN WiFi Trajectory Solution

East Position(m)

N
o

rt
h

 P
o

s
it
io

n
(m

)

 

 

KNN WiFi

Ref



 

 

 

 

130 

 

7.3.3 WiFi/RISS Integrated Navigation 

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

mean equivalent to static WiFi positioning solution in static state. Predictive PDF ( )1k kp Z -x is 

approximated by applying RISS mechanization equations on every sample in the prior PDF 

adding to the sensors measurements (
1-ku ) a randomly generated noise with certain probability 

distribution )( 1-kwp  (system noise).The posterior PDF ( )k kp Zx is approximated by weighting the 

samples in the predictive PDF( )1k kp Z -x according to the Euclidean distance from the WiFi K-

Nearest fingerprinting output and the standard deviation of measurement noise )( 1-kvp .  

7.3.4 Experiments & Results 

Experimental Setup 

A mobile robot equipped with a WiFi-enabled laptop and the RISS system sensors arrangement 

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

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

measurement unit ADIS16300. The specifications of this gyroscope are shown in table 1. The 

speed was measured using the robot wheels encodersô circuit. 

Table 7.1. SPECs of gyroscope of an ADIS16300 IMU  

SPECs of gyroscope of an ADIS16300 IMU  

Range ±300 °/sec 

Misalignment Reference to z-axis accelerometer: 0.1 

Axis-to-frame (package):±0.5 

T = 25°C 

Initial Bias  Ñ3 Á/sec Ñ1 ů  At 250 

In-Run Bias stability 0.007 °/sec  At 250 
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Random Walk 1.9 Á/ãhr 

 

 

 

Figure 7-10. Experimental Mobile Robot used to perform experiments 

 

Online Trajectory Recording 

An online trajectory data was collected following the predefined trajectory shown in Figure 4-7. 

The robot was operated to follow this trajectory with different speeds. At each way- point, the 

reference location was recorded for accuracy and error calculations purposes. Software written in 

C language was developed and run on the laptop on a windows XP system to collect online 

measurements from WiFi access points and from RISS system (speed and gyroscope readings). 

The collected measurements were processed by the integrated navigation algorithm and all data 

(raw measurements and navigation output) was saved in files for further processing and analysis. 

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

The adaptive fast mixture PF was applied on the collected WiFi measurements and RISS sensors 

measurements. The integrated RISS/WiFi system output is shown in Figure 7-11, Figure 7-12, 

Figure 7-13 and Figure 7-14. Figure 7-11 and Figure 7-12 show the North and East position 

output respectively. Since we do not have an accurate reference solution indoors, the reference 

solution is plotted at the way-points and these way-points are connected which gives a general 

shape of the reference trajectory. The drifts of RISS system output and the WiFi noisy scattered 

output is clearly shown in Figure 7-11, Figure 7-12, and Figure 7-14. Figure 7-11 and Figure 7-12 

show that the integration between RISS and WiFi system not only improves the overall accuracy 

and reduces RISS drifts, but also smooth and filters out the noisy scattered output resulting from 

WiFi noisy signal strength effect. Figure 7-13 shows the 2D position components confidence 

intervals. Figure 7-14 show the 2D solution from all systems configurations at the way-points 

only. The total RMSE achieved by integrating both RISS and WiFi is 1.6 meters. Comparing to 

RISS only accuracy (4.4743m) and WiFi only accuracy (3.4m), the integration between WiFi and 

RISS systems reduced the RMSE by approximately 40%. Figure 7-15 shows the cumulative error 

percentage which shows that the integrated WiFi/RISS navigation system achieves an accuracy of 

1 meter for 70% of the time.  Table 7.2 shows a summary of RMSE and maximum positioning 

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

 

 
Figure 7-12. WiFi/RISS Integrated System Output : East Position 
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Figure 7-13. Confidence Intervals for Position Components (95% Confidence Level) 

 

 
Figure 7-14. WiFi/RISS Integrated System Output 
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Figure 7-15. Cumulative Error Percentages 

 

 

Table 7.2. RMSE and Maximum Position Errors of all systems combinations 
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7.4 A comparison between Particle Filter and Kalman Filter in Indoor Wireless/RISS 

Integrated Navigation Systems 

Many implementation and performance difference between Kalman Filter and Particle Filter 

exist. In the scenarios in which the observations (updates) are more accurate and available such as 

GPS/INS systems, some published results [87] show that Particle Filter outperforms Kalman 

Filter in terms of filter stability especially if low cost MEMS-based inertial sensors are used. In 

[87], a Quantitative comparison between Kalman filter and Particle filter for low cost INS/GPS 

integration was experimentally demonstrated on 2D RISS/GPS system. In these experiments, 

Particle Filter was almost 40-50% better than Kalman Filtering. In this section, both Kalman and 

Particle Filtering is applied on the same 2D RISS system but integrated with WiFi instead in an 

indoor noisy environment.  

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

In RISS/WiFi integrated navigation system, Kalman Filter works on errors in vehicle state instead 

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

will be as follows: 

=kx kdf{ kdl, kAd,
kVed,  

kVnd, },, zod wa dd  where 
zod wa dd ,  are stochastic error of the 

odometer-derived acceleration, transversal accelerometer, forward accelerometer, and the 

gyroscope respectively. 
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7.4.2 System Model 

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

given by: 

 ὼȢὸ Ὂὼὸ Ὃύὸ (7.11)  

Where ύὸ represent a zero-mean Gaussian noise (system noise). In a 2D RISS system [80] [80] 

[88], the error model is given by the following equations: 
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(7.12)  

In discrete time domain, the linear KF prediction step is performed using the following equation 

assuming w is zero-mean Gaussian noise : 

 ὼ ᶮȟ ὼ  (7.13)  

Where ὼ  represent the current prior knowledge about the states and  ὼ  represent the 

predicted states and ɲȟ  is the transition matrix given by 
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 ᶮȟ Ὅ ὊὝ (7.14)  

 

Where T is the sampling period. In Kalman Filter, the current prior knowledge about the variance 

of error in the estimated states is referred to by the covariance matrix ὖ . The predicted 

covariance matrix ὖ  is given by: 

 ὖ ᶮȟ ὖᶮȟ ὗ  (7.15)  

 ὗ  ὋὗὋὝ (7.16)  

Where T is the sampling period and ὗ is the system noise matrix. The system noise matrix is 

simply the covariance matrix of system noise given by  

 ὗ  Ὁὡὡ  (7.17)  

 

7.4.3 Measurements Model (Update Model) 

The general linear measurement model is given by  

 ᾀ Ὄὼ ὺ  (7.18)  

Where Ὄ is called the design matrix that relates the states to the measurements. In 2D RISS, Ὄ is 

given as follows: 

 
Ὄ

ρ π π π π π π
π ρ π π π π π

 
(7.19)  

And ὺ  represent measurements noise. Measurements noise vector ὠ can be represented as a 

covariance matrix similar to system noise using Ὑ  Ὁὠὠ  
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When a WiFi positioning update is available (ᾀ ), the error between RISS position and the 

WiFi position is taken as a measurement update to the Kalman Filter and a Kalman gain is 

calculated as follows: 

 ὑ ὖ Ὄ Ὄὖ Ὄ Ὑ  (7.20)  

And the updated states is given by  

 ὼ ὼ ὑ ᾀ Ὄὼ  (7.21)  

And the updated error covariance matrix is given by: 

 ὖ Ὅ ὑ  ὖ  (7.22)  

The results of applying Particle Filter on the WiFi/RISS 2D system are shown in figures from 

Figure 7-16 to Figure 7-20.  

7.4.4 Convergence Time 

In terms of convergence time, Particle Filter and Kalman Filter are kind of the same (see Figure 

7-19 Figure 7-20).  

7.4.5 Computation Time 

In terms of execution time on Matlab on a Sony VAIO Laptop with Intel i5 processor, the 

execution time of KF was 0.481633 sec and for the PF was 2.682612 sec.  

7.4.6 Positioning Accuracy 

In terms of accuracy, the RMSE of KF was 2.2076m with maximum position error of 3.4837m 

and the RMSE of PF was 1.6404m with maximum position error of 2.9681m. 
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7.4.7 Discussion about Results 

Obviously, PF is computationally expensive sine the execution time of PF is almost 5 times that 

of KF while the positioning accuracy of PF is 23% better than KF. This indicates that in such a 

noisy environments like indoors, a nonlinear/non-Gaussian filter such as PF may be worth if the 

necessary computation power is not an issue. However, in some limited-resources CPUs or 

power-critical devices such as hand-held device and smart-phones, this could be an issue. If 

computation resources are limited in a system design, then, instead of overloading the navigation 

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

in this case.  

 
Figure 7-16. 2D Solution of WiFi/RISS 2D System Based on Kalman Filter 
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Figure 7-17.  2D Solution of WiFi/RISS 2D System Based on Particle Filter 

 

 
Figure 7-18. Performance Comparison between PF and KF 
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Figure 7-19. KF Standard Position Deviation and Convergence Time 

 

 
Figure 7-20. Particle Filter calculated confidence levels and convergence time 
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Chapter 8 

Conclusion and Future Work 

The main problem tackled in this thesis was the indoor positioning systems having the main 

objective as providing a wireless indoor high-resolution positioning system with 1-3 meters 

accuracy to fulfill accuracy requirements for a wide spectrum of applications such as rescue 

management, personal tracing, and most of other location-based services. 

Cramer-Rao Lower Bound (CRLB) analysis of different wireless positioning approaches 

showed that received signal strength-based positioning methods are more robust and accurate in 

harsh indoor environments that include dense non-line-of-sight conditions.  

The research showed that in order to build accurate propagation models and radio maps 

indoors, it is not necessary to perform offline exhaustive surveys. Experiments showed that only 

few signal strength observations around current user location are sufficient to estimate current 

user location with high-resolution and reasonable accuracy. This finding was enabled by the 

concept of ñmutual signal strength observationsò where known-location wireless access points 

that can measure received signal strength from neighboring access points and send these 

observations to a processing unit.  Since models are built dynamically online, this concept 

enabled the development of adaptive positioning systems that can respond to environment 

changes. 

The research showed also that traditional logarithmic decay formulas does not fit  well in dense 

multi-path areas. Thus, more sophisticated models are needed to handle these multi-path effects 
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indoors. A hybrid nonlinear estimation technique was developed that combines the traditional 

logarithmic decay formulas to model a general shape of the signal strength pattern indoors and a 

Gaussian Process Regression module that models residual signal strength errors that cannot be 

modelled using the common logarithmic decay formulas. In addition, Gaussian Process 

Regression approach was used to provide an accuracy measure (integrity monitor) of the 

predicted signal strength. 

The research showed also that reducing radio-maps size improves not only processing time but 

also positioning accuracy. Thus, a radio-map feature reduction algorithm was introduced based on 

fast orthogonal search. This algorithm contributed significantly to reduce radio-maps size and 

determine the most significant wireless access points in an unknown area.  

The research demonstrated that the proposed signal strength prediction models can provide a 

consistent adaptive framework for a wireless indoor positioning system that does not need offline 

data collection or offline training and responds to environment changes. The proposed framework 

was completely realized on a distributed service-oriented-architecture system utilizing a web-

servicing technologies. The system was realized and tested on Android Galaxy Nexus smart-

phones achieving accuracy of 1-3 meters with a consistent integrity monitoring. Although the 

proposed methods and systems were realized on WiFi networks, it can be realized over any kind 

of wireless network as long as the mutual signal strength concept is enabled in this network. 

The proposed wireless positioning system was successfully integrated with inertial/odometer-

based navigation system using an optimized version of mixture particle filter as a non-linear non-

Gaussian filtering algorithm. The proposed optimized version of mixture particle filter was tested 
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on embedded Windows (WinCE) on a DevKit8000 board equipped by 600MHz ARM cortex-8 

processor running mixture particle filter showing 80% time reduction with comparable accuracy. 

Kalman Filter was compared to the proposed mixture particle filter. The comparison showed 

slightly better accuracy for particle filter over Kalman Filter. However, the computation time of 

particle filter was 5 times more than its Kalman Filter equivalent. However, with the proposed 

optimization (80%) showed that the computation performance for both Kalman Filter and particle 

filter could be the same without losing particle filtering accuracy. 

 

Recommendation for Future Work 

The following are open points for future work: 

1. Performing statistical analysis of the proposed systems is important for the verification of 

the experimental work. It was out of scope of the thesis. However, it should be 

considered as future work. 

2. Proper filtering algorithms on the observed signal strength could improve the positioning 

accuracy and reduce outliers and anomalies. The proposed dynamic model that could be 

suitable for received signal strength filtering is a Gauss-Markov model with proper long 

correlation time and standard deviation in the range of 10dBm if IEEE 802.11 network is 

considered for implementation.  

3. Although received signal strength indoors are very noisy, the author observed that the 

relative changes in received signal strength (signal strength differences between multiple 

access points) are more consistent and stable. This observation can be used as constraints 

on the calculated positions which would lead to improve positioning accuracy. 
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4.  Although the thesis considered the integration between indoor wireless positioning and 

inertial/odometer navigation systems, different dynamic models can be used for 

integration according to the nature of the moving objects such as pedestrian and walking 

dynamic models. The author believes that pedestrian and walking models with 

appropriate filtering could improve accuracy and reduce positioning anomalies. 

5. Experiments done in this thesis recommend commercial realization of the ñAccess Points 

Mutual RSS Measurementsò concept by embedding this functionality into the standard 

beacon frames of the IEEE 802.11 wireless network protocols.  

6. Although the system architecture for the adaptive framework proved to be efficient in 

eliminating the need for offline training, the presented implementation in this thesis was 

built on centralized processing where a computer server builds models from online 

incoming received signal strength information. This can create a computational bottle 

neck if too many users requested positioning information at the same time. A future 

improvement is to have the processing and models building happen on the user-device on 

the spot (i.e on the smart-phones themselves).   

7. Another room for improvement based on the point mentioned in 5 is to have user-to-user 

(i.e. phone-to-phone) coordination and information exchange to improve positioning 

accuracy. 

 

 

 



 

 

 

 

147 

 

References 

 

[1]  R. Mannings, "Ubiquitous Positioning", Mobile Communication Series, Artech House, 2008.  

[2]  K. Axel, "Location-Based Services: Fundamentals and Operation", John Wiely & Sons, 2005.  

[3]  A. Farrell, "Aided Navigation, GPS with High-Rate Sensors", McGraw Hill, 2008.  

[4]  D. H. Titterton and J. L. Weston, "Strapdown Inertial Navigation Technology", 2nd Ed., The 

Institution of Electrical Engineers, 2004.  

[5]  P. Misra and P. Enge, "Global Positioning System, Signals, Measurements, and Performance", 

Ganga-Jamuna Press, 2011.  

[6]  "Ekahau," [Online]. Available: http://www.ekahau.com/. [Accessed 24 3 2013]. 

[7]  Skyhookwireless, [Online]. Available: http://www.skyhookwireless.com/. [Accessed 13 January 

2013]. 

[8]  U. Black, "Mobile and Wireless Networks", Prentice Hall Series, 1996.  

[9]  J. M. Nathan, "Wi-Fi for the Enterprise : Maximizing 802.11 For Business", McGraw-Hill, 2003.  

[10]  M. M. Atia, A. Noureldin and M. Korenberg, "Dynamic Propagation Modeling For Mobile Usersô 

Position and Heading Estimation in Wireless Local Area Networks," IEEE Wireless Communication 

Letters, vol. 1, no. 2, pp. 101-104, 2012.  

[11]  P. Bahl and V. Padmanabhan, "RADAR: An In-Building RF-Based User Location and Tracking 

System," Proceeding of IEEE Infocom 2000, p. 775ï784, Tel Aviv, Israel, 2000.  

[12]  G. Sun, J. Chen, W. Guo and K. Liu, "Signal processing techniques in network-aided positioning: a 

survey of state-of-the-art positioning designs," IEEE Signal Processing Mag, vol. 22, no. 4, p. 12ï23, 

2005.  

[13]  R. Farivar, D. Wiczer, A. Gutierrez and R. Campbell, "A statistical study on the impact of wireless 

signals' behavior on location estimation accuracy in 802.11 fingerprinting systems," IEEE 

International Symposium on Parallel & Distributed Processing, p. 1ï8, July Rome, Italy,2009.  



 

 

 

 

148 

 

[14]  A. Bose and C. H. Foh, "A practical path loss model for indoor WiFi positioning enhancement," 

Proceedings of International Conference in Information and Communication, Signal Processing, pp. 

1309-13, Singapore,2007.  

[15]  A. Saeed, "Advanced Digital Signal Processing and Noise Reduction", John Wiely & Sons, 2006.  

[16]  R. Simon and A. Alejandro, "Antennas and Propagation for Wireless Communication Systems", John 

Wiely & Sons, 2007.  

[17]  A. El-Rabbany, "Introduction to GPS: The Global Positioning System", Artec House Inc, 2006.  

[18]  Alcatel-Lucent, Bell Labs and Holmdel, "On the Geolocation Bounds for Round-Trip Time-of-

Arrival and All Non-Line-of-Sight Channels," EURASIP Journal on Advances in Signal Processing, 

p. 584670 (10 pp.), 2008.  

[19]  A. Roxin, J. Gaber, M. Wack and . A. Nait-Sidi-Moh, "Survey of Wireless Geolocation Techniques," 

Globecom Workshops, pp. 1-9, Washington DC, 2007.  

[20]  H. Liu, H. Darabi, P. Banerjee and L. Jing, "Survey of Wireless Indoor Positioning Techniques and 

Systems," IEEE Transactions on Systems, Man, and Cybernetics, Part C, Applications and Reviews, 

vol. 37, no. 6, pp. 1067-1080, 2007.  

[21]  Y. Qi, H. Kobayashi and H. Suda, "Analysis of Wireless Geolocation in a Non-Line-of-Sight 

Environment," IEEE Transactions on Wireless Communications, vol. 5, no. 3, pp. 672-81, 2006.  

[22]  A. El-Rabbany, "Introduction to GPS: The Global Positioning System", Artech House Inc., 2002.  

[23]  M. Grewal, S. L. R. Weill and A. P. Andrews, Global Positioning Systems, Inertial Navigation, and 

Integration, Wiley & Sons Inc, 2007.  

[24]  C. Smith and J. Meyer, "3G Wireless with WiMAX and WiFi", McGraw-Hill, 2005.  

[25]  K. Daniel, "Wireless Internet Telecommunications", mobile communication series, Artech House 

Inc, 2005.  

[26]  K. Sohraby, Minoli and T. Znati, "Wireless sensor networks : technology, protocols, and 

applications", Hoboken, N.J. : Wiley, 2007.  

[27]  A. Alemdar and M. Ibnkahla, "Wireless sensor networks: Applications and challenges," 9th 

International Symposium on Signal Processing and Its Applications ISSPA, p. 6, Sharjah, UAE, 



 

 

 

 

149 

 

2007.  

[28]  G. Ismail, uvenc, C. Chong, F. Watanabe and H. Inamura, "NLOS Identification and Weighted Least-

Squares Localization for UWB Systems Using Multipath Channel Statistics," Hindawi, EURASIP 

Journal on Advances in Signal Processing, pp. 1-14, 2008.  

[29]  B. Fang, "Simple solution for hyperbolic and related position fixes," IEEE Transactions on 

Aerospace Electronic Systems, vol. 26, no. 5, p. 748ï753, 1990.  

[30]  M. Kanaan and K. Pahlavan, "A comparison of wireless geolocation algorithms in the indoor 

environment," Proceedings of IEEE Wireless Communication, vol. 1, pp. 177-182, Atlanta, GA, 

United states,2004.  

[31]  D. Torrieri, "Statistical theory of passive location systems," IEEE Transactions on Aerospace 

Electronic Systems, vol. 20, no. 2, pp. 183-197, 1984.  

[32]  F. Athley, "Threshold Region Performance of Maximum Likelihood Direction of Arrival 

Estimators," IEEE Transactions on Signal Processing, vol. 53, no. 4, pp. 1359-73, 2005.  

[33]  N. Hernandez, F. Herranz, M. Ocana, L. Bergasa, J. Alonso and L. Magdalena, "WiFi localization 

system based on Fuzzy Logic to deal with signal variations," IEEE Conference on Emerging 

Technologies & Factory Automation, pp. 1-6, Mallorca, Spain,2009.  

[34]  Q. Chen, D. Lee and W. Lee, "Rule-based WiFi Localization Methods," IEEE/IFIP International 

Conference on Embedded and Ubiquitous Computing, pp. 252-8, Shanghai 2008.  

[35]  M. Youssef, A. Agrawala and A. Udaya Shankar, "WLAN location determination via clustering and 

probability distributions," IEEE International Conference on Pervasive Computing Communication, 

p. 143ï151, Fort Worth, TX, USA,2003.  

[36]  Y. Chiou, C. Wang, S. Yeh and M. Su, "Design of adaptive positioning system based on WiFi radio 

signals," Elsevier, computer communications, vol. 32, no. 7-10, pp. 1245-54, 2009.  

[37]  Q. Chen, D. Lee and W. Lee, "Rule-Based WiFi Localization Methods," IEEE/IFIP International 

Conference on Embedded and Ubiquitous Computing, pp. 252-8, Shanghai, 2008.  

[38]  I. Popescu, D. Nikitopoulos, P. Constantinou and I. Nafornita, "Comparison of ANN Based Models 

for Path Loss Prediction in Indoor Environment," Vehicular Technology Conference, pp. 1-5, 

Montreal, QC, Canada,2006.  



 

 

 

 

150 

 

[39]  CMA3000-A01 PWB , BOARD PWB ACCEL 3AXIS ANALG OUT, Murata Electronics North 

America: http://www.digikey.com.  

[40]  "DSP-1750 Fiber Optic Gyro, KVH Industries Inc," http://www.kvh.com. 

[41]  R. Brown and P. Hwang, "Introduction to random signals and applied Kalman filtering", John Wiley 

and Sons, New York, 1997.  

[42]  M. S. Arulampalam, S. Maskell, N. Gordon and T. Clapp, "A Tutorial on Particle Filters for Online 

Nonlinear/Non-Gaussian Bayesian Tracking," IEEE Transactions on Signal Processing, vol. 50, no. 

2, pp. 174-88, Feb 2002.  

[43]  U. Iqbal, A. F. Okou and A. Noureldin, "An Integrated Reduced Inertial Sensor System - RISS/GPS 

for Land Vehicle," Proceedings of the IEEE/ION Position, Location, and Navigation Symposium 

(PLANS 2008), pp. 912-922, Monterey, California, USA,2008.  

[44]  R. E. Kalman, "A New Approach to Linear Filtering and Prediction Problems," Transactions of the 

ASME--Journal of Basic Engineering, vol. 82, no. Series D, pp. 35--45, 1960.  

[45]  J. Georgy, A. Noureldin, M. Korenberg and M. Bayoumi, "Low Cost 3D Navigation Solution for 

RISS/GPS Integration Using Mixture Particle Filter," IEEE Transactions on Vehicular Technology, 

vol. 59, no. 2, pp. 599-615, 2010.  

[46]  A. Noureldin, T. Karamat, M. D. Eberts and A. El-Shafie, "Performance enhancement of MEMS 

based INS/GPS integration for low cost navigation pplications," IEEE Trans. Veh. Technol., vol. 58, 

no. 3, pp. 1077-1096, 2009.  

[47]  S. Kay, "Fundamentals of Statistical Signal Processing: Estimation", Englewood Cliffs, NJ: Prentice-

Hall, Jun. 1993.  

[48]  M. Zhang, S. Knedlik and O. Loffeld, "Performance Analysis of Data Fusion for Ground Target 

Tracking Using GSM Networks," 12th International Conference on Information Fusion, pp. 1092-9, 

Seattle, WA, USA, July 2009.  

[49]  S. Lalchand, A. Ijaz, M. Manzoor, I. Awan and A. Siddique, "Error estimation in angle of arrival in 

smart antenna," International Conference on Information and Communication Technologies (ICICT), 

pp. 1-3, Karachi, Pakistan,2011.  

[50]  W. Xinrui, L. Tien-Fu and C. Lei, "Synchronization and Time Resolution Improvement for 802.11 

WLAN OWPT Measurement," Proceedings of the International MultiConference of Engineers and 



 

 

 

 

151 

 

Computer Scientists, vol. 1, pp. 378-83, Hong Kong 2009.  

[51]  H. Lim, L. Kung and J. Hou, "Zero-configuration indoor localization over IEEE 802.11 wireless 

infrastructure," Wireless Networks, vol. 16, no. 2, pp. 405-420, 2006.  

[52]  A. Kushki, K. Plataniotis and A. N. Venetsanopoulos, "Location Tracking in Wireless Local Area 

Networks with Adaptive Radio Maps," Proceedings of IEEE International Conference of Acoustics, 

Speech, and Signal Processing (ICASSP), vol. 5, pp. 741-744, Toulouse, France,2006.  

[53]  "IEEE Standard for Information technology, Telecommunications and information exchange between 

systems, Local and metropolitan area networks, Specific requirements Part 11: Wireless LAN 

Medium Access Control (MAC) and Physical Layer (PHY) Specifications," 2007. 

[54]  "IEEE Standard Telecommunications and information exchange between systems, Local and 

metropolitan area networks, Specific requirements , Part 11: Wireless LAN Medium Access Control, 

(MAC) and Physical Layer (PHY) specifications," Amendment 8: IEEE 802.11 Wireless , Network 

Management 2011. 

[55]  B. Kovacevic and Z. Durovic, "Fundamentals of Stochastic Signals, Systems and Estimation Theory 

With Worked Examples, 2nd ed", Springer, 2008.  

[56]  F. Ham and I. Kostanic, "Principles of Neurocomputing for Science and Engineering", McGraw Hill, 

2011.  

[57]  C. E. Rasmussen and C. K. I. Williams, "Gaussian Processes for Machine Learning", The MIT Press, 

Cambridge, Massachusetts, London, England, 2006.  

[58]  N. Duy, "Local Gaussian process regression for real-time model-based robot control," IEEE/RSJ 

International Conference on Intelligent Robots and Systems, pp. 380 - 385, Nice, France,2008.  

[59]  H. Asheri, H. Rabiee, N. Pourdamghani and M. Rohban, "A Gaussian Process Regression 

Framework for Spatial Error Concealment with Adaptive Kernels," Proceedings of the 2010 20th 

International Conference on Pattern Recognition, pp. 4541 - 4544, 2010.  

[60]  H. He and S. Wan-Chi, "Single image super-resolution using Gaussian process regression," 2011 

IEEE Conference on Computer Vision and Pattern Recognition, pp. 449 - 456, Providence, RI, 

USA,2011.  

[61]  M. Ocan, L. Bergasa, M. Sotelo, R. Flores, E. Lo´pez and R. Barea, "Training Method Improvements 

of a WiFi Navigation System Based on POMDP," Proceedings of the 2006 IEEE/RSJ , International 



 

 

 

 

152 

 

Conference on Intelligent Robots and Systems, pp. 5259-5264, Beijing, China,October, 2006.  

[62]  Y. Ji, S. Biaz, S. Pandey and P. Agrawal, "ARIADNE: a dynamic indoor signal map construction and 

localization system," Proceeding of IEEE Mobile Systems Conference., vol. 2, p. 151ï164, Uppsala, 

Sweden,2006.  

[63]  A. Tsui, Y. Chuang and H. Chu, "Unsupervised Learning for Solving RSS Hardware Variance 

Problem in WiFi Localization," Springer, Mobile Netw Appl, vol. 14, p. 677ï691, January 2009.  

[64]  M. Ocan, L. Bergasa, M. Sotelo, R. Flores, E. Lo´pez and R. Barea, "Training Method Improvements 

of a WiFi Navigation System Based on POMDP," Proceedings of the 2006 IEEE/RSJ , International 

Conference on Intelligent Robots and Systems Beijing, China, pp. 5259-5264, Beijing, 

China,October, 2006.  

[65]  M. M. Atia, M. Korenberg and N. Aboelmagd, "Fast Features Reduction of Radio Maps for Real-

time Fingerprint-based WirelessPositioning Systems," Electron. Letters, vol. 47, no. 20, pp. 1151-

1153, 2011.  

[66]  J. Han and K. Micheline, "Data Mining, Concepts & Techniques", Morgan Kaufmann, 2001.  

[67]  I.T.Jolliffe, "Principal Component Analysis, Second Edition", Springer, 2002.  

[68]  M. J. Korenberg and K. M. Adeney, "Iterative Fast Orthogonal Search for Modeling by a Sum of 

Exponentials or Sinusoids," Ann. Biomed. Eng, vol. 26, pp. 315-327, 1998.  

[69]  Y. Xu, M. Zhou and L. Ma, "WiFi indoor location determination via ANFIS with PCA methods," 

IEEE International Conference on Network Infrastructure and Digital Content, pp. 647-51, Beijing, 

China,2009.  

[70]  M. M. Atia, N. Aboelmagd and M. Korenberg, "Dynamic Online-Calibrated Radio Maps for Indoor 

Positioning In Wireless Local Area Networks," IEEE Transactions on Mobile Computing, vol. PP, 

no. 99, p. 1, 2012.  

[71]  J. M. Nathan, "Wi-Fi for the Enterprise : Maximizing 802.11 For Business", McGraw-Hill, 2003.  

[72]  S. Cooper and P. Teller, "TCP/IP throughput over an outdoor multi-hop wireless LAN," IEEE Radio 

and Wireless Conference, pp. 311 - 314, Atlanta, GA, USA,2004.  

[73]  "BBC Article : Can the whole of London go Wi-Fi?," [Online]. Available: 

http://news.bbc.co.uk/local/london/ hi/people_and_places/newsid_8691000/8691879.stm. [Accessed 



 

 

 

 

153 

 

19 May 2010]. 

[74]  M. M. Atia, "Multistage Genetic Algorithm for Robotic Arms Obstacles Avoidance Motion 

Planning," Proceedings of the 2009 International Conference on Genetic and Evolutionary Methods, 

pp. 164-9, Las Vegas Nevada, USA,2009.  

[75]  D. E. Goldberg, "Genetic Algorithms in Search, Optimization & Machine Learning", Addison 

Wesley, 1989.  

[76]  M. Daconta, L. Obrst and K. Smith, "The Semantic Web: A Guide to the Future of XML, Web 

Services, and Knowledge Management", 1st Edition, Wiley, 2003.  

[77]  B. Ferris, D. Hähnel and D. Fox, "Gaussian Processes for Signal Strength-Based Location 

Estimation," Proceedings of Robotics Science and Systems, 2006.  

[78]  G. Borriello and J. Hightower, "Location systems for ubiquitous computing," IEEE Computer Mag., 

vol. 34, no. 8, p. 57ï66, 2001.  

[79]  A. Doucet, S. Godsill and C. Andrieu, "On Sequential Monte Carlo Sampling Methods for Bayesian 

Filtering," Statistics and Computing, vol. 10, no. 3, p. 197ï208, July 2000.  

[80]  U. Iqbal and A. Noureldin, "Integrated Reduced Inertial Sensor System/GPS for Vehicle 

Navigation", 2009.  

[81]  J. Diard, P. Bessière and E. Mazer, "A survey of probabilistic models, using the Bayesian 

Programming methodology as a unifying framework," in the International Conference on 

Computational Intelligence, Robotics and Autonomous Systems, Singapore, December 2003.  

[82]  N. J. Gordon, D. J. Salmond and A. F. Smith, "Novel Approach to Nonlinear/Nongaussian Bayesian 

State Estimation," IEE proceedings-F (Radar and Signal Processing), vol. 140, p. 107ï113, Kittila, 

Finland,1993.  

[83]  H. Dyckman, S. Sloat and B. Pettus, "Particle Filtering to Improve GPS/INS Integration," 

Proceedings of the ION GNSS 2004, pp. 1619-1626, Long Beach, CA, September 2004.  

[84]  F.Xia and H.Ya-lou, "Fast image indexing based on color theme," Journal of Data Acquisition & 

Processing, vol. 20, no. 2, pp. 198-202, June 2005.  

[85]  M.Frackiewicz and H.Palus, "Clustering with k-harmonic means applied to colour image 

quantization," 8th IEEE International Symposium on Signal Processing and Information Technology, 



 

 

 

 

154 

 

pp. 52-7, Sarajevo, Serbia,2008.  

[86]  S. J. Wan, S. K. M. Wong and P. Prusinkiewicz, "An algorithm for multidimensional data 

clustering," ACM Transactions on Mathematical Software (TOMS), vol. 14, no. 2, pp. 153 - 162, 

June 1988.  

[87]  J. Georgy, U. Iqbal and A. Noureldin, "Quantitative comparison between Kalman filter and Particle 

filter for low cost INS/GPS integration," Proceeding of International Symposium on Mechatronics 

and its Applications, 2009. ISMA '09. 6th, Sharja, United Arab Emirates 2009.  

[88]  M. M. Atia, M. Korenberg and A. Noureldin, "Particle Filter-based WiFi-Aided Reduced Inertial 

Sensors Navigation System for Indoor and GPS-denied Environments," International Journal of 

Navigation and Observation, Hindawi, Article ID 753206, vol. 2012, 2012.  

[89]  M. M. Atia, A. Noureldin, J. Georgy and M. J. Korenberg, "Bayesian Filtering Based WiFi/INS 

Integrated Navigation Solution for GPS-denied Environments," NAVIGATION, vol. 58, no. 2, pp. 

111-125, summer 2011.  

[90]  R. J. Fontana, "Recent system applications of short-pulse ultra-wideband (UWB) technology," IEEE 

Transactions on Microwave. Theory Tech., vol. 52, no. 9, pp. 2087-2104, 2004.  

[91]  B. Feder, "Wireless sensor networks spread to new territory," NewYork Times, July, 2004.  

[92]  S. Tekinay, "Wireless geolocation systems and services," IEEE Commun.Mag, vol. 36, no. 4, p. 28ï

28, 1998.  

[93]  H. Pesonen, "A Framework for Bayesian Receiver Autonomous Integrity Monitoring in Urban 

Navigation," NAVIGATION, vol. 58, no. 3, pp. 229-240, Fall 2011.  

[94]  S. H. Fang, T. N. Lin and P. Lin, "Location Fingerprinting In A Decorrelated Space," IEEE 

Transactions on Knowledge and Data Engineering, vol. 20, no. 5, pp. 685 - 691, 2008.  

[95]  ARM, "ARM STM32F103RET6," ARM, [Online]. Available: http://www.st.com/ stonline/ 

products/literature/ds/14611.pdf. 

[96]  P. H. Dana, "Global Positioning System Overview, The Geographer's Craft Project, Department of 

Geography, The University of Colorado at Boulder," [Online]. Available: 

http://www.colorado.edu/geography/gcraft/notes/gps/gps_f.html. [Accessed 4 Oct. 2012]. 



 

 

 

 

155 

 

[97]  Y. Chen and R. Luo, "Design and Implementation of a WiFi-based Local Locating System," IEEE 

International Conference on Portable Information Devices, pp. 276-80, Orlando, FL, USA,2007.  

[98]  M. Ciurana, F. Barcelo-Arroyo and F. Izquierdo, "A ranging system with IEEE 802.11 data frames," 

IEEE Radio and Wireless Symposium, pp. 133-6, Long Beach, CA, USA,2007.  

[99]  F. Duvallet and A. Tews, "WiFi Position Estimation in Industrial Environments Using Gaussian 

Processes," IEEE/RSJ International Conference on Intelligent Robots and Systems, pp. 2216-21, 

Nice, France, Sept. 2008.  

[100]  S. Fang, T. Lin and K. Lee, "A Novel Algorithm for Multipath Fingerprinting in Indoor WLAN 

Environments," IEEE Transaction on Wireless Communication, vol. 7, no. 9, pp. 3579-3588, 2008.  

[101]  M. Gad-el-Hak, "MEMS Applications", Taylor And Francis Group, LLC, 2006.  

[102]  A. Kushki, K. Plataniotis and A. Venetsanopoulos, "Intelligent Dynamic Radio Tracking in Indoor 

Wireless Local Area Networks," IEEE Transactions on Mobile Computing, vol. 9, no. 3, pp. 405- 

419 , March 2010.  

[103]  M. Llombart, M. Ciurana and F. Barceló-Arroyo, "On the scalability of a novel WLAN positioning 

system based on time of arrival measurements," PROCEEDINGS OF THE 5th WORKSHOP ON 

POSITIONING, NAVIGATION AND COMMUNICATION, pp. 15-21, Hannover, Germany,2008.  

[104]  G. MacGougan, K. OôKeefe1 and R. Klukas, "Ultra-wideband ranging precision and accuracy," 

Measurements Science and Technology, vol. 20, no. 9, pp. 1-13, 2009.  

[105]  G. Welch and G. Bishop, "An Introduction to the Kalman Filter", ACM Inc., 2001.  

[106]  X. Zhao, C. Goodall, Z. Syed, B. Wright and N. El-Sheimy, "Wi-Fi Assisted Multi-sensor Personal 

Navigation System for Indoor Environments," ION 2010 International Technical Meeting, pp. 406-

413, San Diego, CA, 2010.  

[107]  L. Jingbin, C. Ruizhi, P. Ling, C. Wei, T. Tomi, K. Heidi, K. Tuomo and C. Yuwei, "Accelerometer 

Assisted Robust Wireless Signal Positioning Based on a Hidden Markov Model," IEEE/ION , 

Position Location and Navigation Symposium (PLANS), pp. 488-97, Indian Wells, CA, USA, March 

2010.  

[108]  P. Chen-peng and L. Zao-zhen, "Bridging GPS outages of tightly coupled GPS/SINS based on the 

Adaptive Track Fusion using RBF neural network," IEEE International Symposium on Industrial 



 

 

 

 

156 

 

Electronics, p. 971 ï 976, Seoul, South Korea,July 2009.  

[109]  L. Semeniuk and A. Noureldin, "Bridging GPS outages using neural network estimates of INS 

position and velocity errors," Measurement Science and Technology, vol. 17, no. 9, p. 2782 ï 2798, 

September 2006..  

[110]  A. Hiliuta, R. Landry and F. Gagnon, "Fuzzy corrections in a GPS/INS hybrid navigation system," 

IEEE Transactions in Aerospace and Electronic Systems, vol. 40, no. 2, p. 591ï600, 2004.  

[111]  Y. C. Chen, J. Chiang, H. Chu, P. Huang and A. W. Tsui, "Sensor-Assisted Wi-Fi Indoor Location 

System for Adapting to Environmental Dynamics," Association for Computing Machinery, Sensor 

networks sessions, pp. 118 - 125, Montreal, Que., Canada,2005.  

[112]  W. Abd-Elhamid, A. Noureldin and N.El-Sheimy, "Adaptive Fuzzy Modeling of Low Cost Inertial 

Based Positioning Errors," IEEE Transactions on Fuzzy Systems, vol. 15, no. 3, p. 519 ï 529, June 

2007.  

[113]  Z. Shen, J. Georgy, M. J. Korenberg and A. Noureldin, "FOS-based modeling of reduced inertial 

sensor system errors for 2D vehicular navigation," Electronics Letters, vol. 46, no. 4, pp. 298 - 299, 

2010.  

[114]  M. M. Atia, J. Georgy, M. Korenberg and A. Noureldin, "Real-time implementation of mixture 

particle filter for 3D RISS/GPS integrated navigation solution," Electron. Lett., vol. 46, no. 15, p. 

1083ï1084, 22 July 2010.  

[115]  N. Duy and J. Peters, "Local Gaussian process regression for real-time model-based robot control," 

IEEE/RSJ International Conference on Intelligent Robots and Systems, pp. 380 - 385, Nice, 

France,2008.  

[116]  Z. P, "Fundamentals of Kalman Filtering: A Practical Approach 2nd ed", Reston, VA: AIAA, 2005.  

[117]  U. Iqbal, J. Georgy, M. J. Korenberg and A. Noureldin, "Augmenting Kalman Filtering with Parallel 

Cascade Identification for Improved 2D Land Vehicle Navigation," Vehicular Technology 

Conference Fall, Ottawa, ON, Canada,2010.  

[118]  W. Chin-Liang, C. Yih-Shyh and Y. Sheng-Cheng, "A location algorithm based on radio propagation 

modeling for indoor wireless local area networks," IEEE 61st Conference on Vehicular Technology, 

vol. 5, pp. 2830-4, Stockholm, Sweden,Spring 2005.  

 



 

 

 

 

157 

 

Appendix A  

WiFi  Surveying Tools Developed During This Research 

The developed WiFi surveying tools is a tool set developed using C# and XML technology. In 

unknown environment equipped by WiFi network, this tool set is capable of performing WiFi 

surveying, constructing radio maps, calculating wireless access points locations, creating an 

accurate image-based floor map of the area, matching and verifying visually the created map by 

integrating with Google Maps and hence calculating the absolute location of any object inside the 

area by a simple click on the screen while the map is loaded. Furthermore, it can record the signal 

strength information of a walking person or a moving object with the ability to interact with the 

screen online to enter a reference location to be recorded as well with the user signal strength 

information. In conclusion, it is a C# based Indoor Radio map Manager Tool with GUI that is 

capable of: 

¶ Load and display 2D floor maps with specific corners coordinates 

¶ Software to convert screen based pixels coordinates to Latitude and Longitude 

coordinates for indoor localization where we do not have GPS 

¶ Integrate with Google Maps to show current location on the real maps to verify that what 

is on the screen is exactly what is in reality and calibrate the corners coordinates if 

needed through the GUI. 

¶ WiFi location/Signal Strength survey construction with Latitude/Longitude   

¶ A user can build the radio map easily by clicking on the screen on the desired map 

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

¶ radio map Saving in XML based files for portability (XML can be processed in any 

development environment and in databases tools also) 

¶ Code generator that generate MATLAB code to transform the XML radio map into 

Matlab data structures suitable for WiFi positioning software 

¶ MATLAB code that estimate the access points locations 

¶ Load and display graphically already or previously gathered radio maps for review or 

errors correction 

¶ WiFi online trajectory logging with the ability to inject a reference known location WiFi 

scan at any time so you have a via points or reference point for accuracy comparisons 

¶ MATLAB code generator to transform the gathered WiFi trajectory into MATLAB data 

suitable for development and applying positioning accuracy. 

¶ Load and graphically display any gathered WiFi trajectory with reference via points 
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Figure A.1. WiFi Surveying Tools Set. In the figure, a calculated location on the tool screen 

is compared to the corresponding location on Google Maps. 






















