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Analysis and Design of Neural Network Based WLAN

Indoor Location System
By
Hong Li

Abstract

As IEEE 802.11 WLAN networks are widely deployed, WLAN-based indoor
location systems have obtained a good chance to develop, because they can be easily
achieved on the existing WLAN infrastructure and by the RSSI parameter provided by the
standard. Due to the complexity of the indoor RF propagation environment, the traditional
triangulation method becomes impractical for indoor location systems and the propagation
pattern matching method becomes the major method instead. RSSI values from a set of APs
form the unique signatures or the propagation map for locations. The neural network method
is one of the major location estimation methods for propagation map matéhing. Compared
with the probabilistic method and the nearest neighbor method, the NN method has
advanfages in saving cofnputing resources. However, the performance of a NN-based
WLAN-based location system is determined by its training process and the resolution of the
propagation map. By analyzing the properties of the process of RSSI creation, the underlying
' relationship between the WLAN RSSI parameter and space or RSSI resolution over space is
obtained by applying the log-distance path loss model. Propagation map creation rules or
rules for creation of neural network training data set are proposed based on the analysis and
simulation results. And finally, guidelines about the design and implementation of an NN-

based WLAN location system are proposed.
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1. Introduction

1.1 Introduction

Location technology has many names, such as location estimation, geolocation,
location identification, location determination, localization, or positioriing. Most locafion
systems estimate the mobile device’s location by using multiple RF or other types of signals
transmitted or received by the mobile terminals. The most successful location system
currently is the GPS (Global Positioning System), which makes use of RF signals from GPS
satellites to determine the location of a GPS receiver. The success of GPS inspired the
emergence of many location systems. Some of them are global navigation satellite systems
(GNSS), and they are competitors of the GPS system, such as the Russian GLONASS and
the European Union's embryonic Galileo positioning system. And some location systems are
designed as complementary to GPS system, such as QUALCOMM®’s GpsOne® or A-GPS
technology or mobile communication systems. GpsOne uses a combination of GPS satellite
signals and signals from cell towers; it allows fhe user’s location to be plotted with greater
accuracy than traditional GPS systems in areas where satellite reception is problematic due to
buildings or terrain.

Besides a positioning service, location systems can also bring lots of other
applications. For the mobile communication industry, which is in the age of signiﬁcaﬁt
competition, mobile network operators continuously seek new and innovative ways to create
- differentiation and increase profits. One of the best ways to accomplish this is through the

delivery of highly personalized services. One of the most powerful ways to personalize



mobile services is based on location. Location Based Service (LBS) is considered potential
pfoﬁt source in the near -future; LBS makes use of Location technology, Geographic
Information Systems (GIS), and the Location Management Function to provide users with
services, such as location-based information provision, location based billing, emergency
services, tracking, etc. In the U.S., the FCC requireé that all carriers meet certain criteria for
supporting LBS (FCC 94-102). The mandate requires that 95% of handsets resolve within
306 meters for network-based tracking and 150 meters for handset-based tracking. This can
be especially useful when dialing an emergency telephone number, such as enhanced 9-1-1
in North America, no that the operator can dispatch émergency services such as Emergency
Medical Services, police or firefighters to the correct location.

In recent years, IEEE 802.11 Wireless Local Area Networks (WLANSs) have become
very popular in office and residential environments. WLAN’s advantages in mobility,
flexible coverage area, high bandwidth, and easy-setup introduce many new application
domains. And since WLANs are usually deployed in indoor environments, they provide ideal
platforms for indoor location systems. One important application of WLAN location
technology is context-aware computing or ubiquitous computing. Context-aware systems
refer to systems that can be aware of their physical and virtual environment or situation and
respond intelligently based on such awareness. Ubiquitous computing integrates computation
into the environment, rather than having computers which nre distinct objects. Location
information can provide additional context for location aware mobile stations, and therefore
the development of WLAN location technologies is very important for context-aware
computing and ubiquitous computing. Besides of that, WLAN locations will also benefit
industries and emergency services that require accurate location and tracking of objects and

people in indoor environments. Examples of applications include tracking of assets and



products within a factory, location of staff and patients in hospitals, and tracking emergency
personnel in a burning building.

Compared with an outdoor propagation environment, indoor environments are more
complex. Due to severe multipath propagation phenomena inside buildings or complicated
urban environments, the relationship between the distance and signal transit time, arrival
angle, and signal strength becomes much more complicated than outdoor environment.
Geometry methods or triangulation methods cannot‘ achieve satisfied performance under
these situations and become impractical. Even though GPS system is very successful in
outdoor environments, its application in indoor environments and high dense urban areas is
very limited due to its weak signal reception when there are no lines-of-sight from the mobile
device to at least three GPS satellites. Thus, signal propagation pattern-based methods, also
called fingerprinting methods or location pattern matching methods becomes major methods
for indoor location estimation algorithms. Propagation pattern based method is based on the
theory that location information can be extracted or estimated by comparing the detected
signal characteristic with pre-stored signal characteristics. In a WLAN environment, this
technique requires a propagation map which is formed by vectors of received gignal strength
from a set of access points (APs) for specific locations, and each RSS vector is unique to one
specific location. When a mobile device needs to estimate its location, it measures the RSSI
from different APs at its current location and searches for the signal pattern with the closest
match in the propagation map to extract the corresponding location [15].

Using exiting WLAN and the1 propagation pattern matching method to achieve an
indoor location system has gained lots of researchers’ interest. Different location estimation
methods for extracting locations from a propagation method have been proposed, such as the

Nearest Neighbor method of RADAR system [22], the probabilistic method [16] [21] [23]



[30], and the neural network method [24] [32]. Some researchers [3] [11] [15] [62] [63]
compare the above methods by setting up and doing experiments in their own experimental
test beds. The test results are variant but similar. All the methods can achieve similar
performance - usually the highest accuracy is around 1.5 meters with 25% test data. In all of
the above papers, the same research approach is used. The performance of the system is.
estimated by analyzing the tremendous data collected in the test bed. However, the
underlying relationship between system performance and the propagation properties of
WLAN networks 1s not analyzed. Thus the variation of performance with different factors
can only be statically estimated. And therefore, the test results and conclusions are usually
limited to the specific test environment. Thus, to optimize ‘system performance, it is
necessary to understand the relationship between system performance and the WLAN

propagation environment.
1.2 Contribution

This thesis researches the location problems on the neural network-based WLAN
location system. WLAN-based location systems make use of the RSSI information provided
by the standard WLAN NIC card to estimate .a mobile device’s location. While empirical
results and performance studies of different location estimation methods in a WLAN
environment have been presented in literature, all of the existing research focuses on data

analysis of collected signal information but not on the underlying relationship between

WLAN RSSI distribution and system performance. The major contributions of this thesis are:
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® The WLAN indoor propagation environment is analyzed. Factors that affect
RSSI distribution are analyzed, and measures to make use large-scale fading and
eliminate small-scale fading are proposed.

® A concept “RSSI resolution” over space for the IEEE 802.11 WLAN
environment is defined and analyzed. The relationship between »A RSSI
distributions over space with the distance between the rgceiver and AP, the path
loss exponent, and the quaﬁtiﬁcation properties of RSSI collection circuit are
analyzed. A set of principles of RSSI resolution in a WLAN environment are
proposed.

® Given the above principles and the simulation and analysis results, basic rules or
guidelines of creating a propagation map in a WLAN environment are proposed.

® A system structure of a propagation map-based WLAN location system using a

neural network is proposed.
1.3 Organization

Chapter 2 reviews the indoor location system and technologies and provides the
background for this research. Chapter 3 fntroduces WLAN networks and artificial neural
ﬁetworks. Besides a brief introduction of WLANSs, concepts of RSSI, including RSSI in
IEEE 802.11 standards, the creation of RSSI, and factors that affect RSSI are introduced.
MLP as a major neural network in our application is introduced in detail in Chapter 3. In
Chapter 4, WLAN indoor propagation environment is analyzed, and models of large-scale
fading and small-scale fading are discussed and verified. Then, based on the large-scale

fading models and the properties of RSSI granularity in WLAN, the factors that affect RSSI
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resolution over space are analyzed, and finally, propagation map creation rules are proposed.
The results in Chapter 4 are applied in Chapter 5, and a NN-based WLAN location system

structure is proposed. And finally, conclusions are presented in Chapter 6.



2. Literature Review

This chapter reviews the literature and background of a current indoor location
system and gives an introduction about existing indoor location technologies. Due to the
multipath radio propagation characteristics, indoor location research remains a very
challenging task for researchers in this domain. If a radio signal’s characteristic, such as
signal strength or transit time, has a straightforward relationship with the distance between
the transmitter and the receiver, then the location of mobile device can be easily derived
from solving quadratic equations. However, in an indoor propagation environment, such

- kinds of relationships usually do no exist. Successful outdoor geometry location methods
such as TDOA, TOA, or AOA cannot gain satisfactory performance in indoor environment.
The Signal propagation pattern-based location method is more applicable in this case. A
signal propagation pattern is based on the assumptibn that at each location a related unique
signal signature exits, such as a vector of RF received signal strength from different base
stations or access points.

In the following sections, a detailed introduction about research in location systems,
especially in indoor location systems, is given. Section 2.1 discusses the issues concerning an
indoor environment. The following two sections discuss the different physical media and
infrastructures a location can use. And Section 4 discusses the location method, including the
geometry method and the propagation pattern-based method. Section 5 is focused on

presenting the location calculation method, and Section 6 describes existing major indoor

location systems.



2.1 Issues Concerning Indoor Location System

GPS has gained remarkable success in outdoor positioning applications. However,
the GPS system cannot be used effectively inside buildings and in dense urban areas because
the satellite signals can be effectively received. Consequently, infrared, RF, and ultrasound
become alternative technologies for indoor location systems. Since indoor environment has
dense multipath effects for RF signals and many building material-dependent propagation
effects for ultrasound and infrared signals, people usually need to spend more effort but get
less reliable performance when they deploy an indoor location system. On the other hand,
due to the increasing and numerous deployments of WLANs by many individuals and
organizations, WLAN wide coverage provides a great opportunity for location-based service.
Locatioh-Based service can be achieved on WLAN infrastructure Without the need of any
additional hardware.

However, indoof location technologies are so new that there are no theoretical and
analytical backgrounds. In consequence, it is difficult to effectively evaluate an indoor
location system. But there are still many issues to be considered when a location system is
designed. And in some measures, how these issues are addressed is one.way to evaluate how
good an indoor location is. Krishnamurthy [1] pointed out four major issues regarding
position location in a mobile environment which are performance, cost and complexity,
application requirements, security and privacy. Performance metrics include accuracy,
precision, delay, coverage, scalability, capacity, etc. Accuracy is the likelihood that the
object is within the estimated area, and precision is the size of the adjacent area that will
return the same output. All of these performance metrics depend on the choice of the lower

physical media, the system infrastructure, the location method, the characteristics of the



application environment, and the performance constraints of its hardware system. Sometimes
the relationship between performance and cost and complexity is a tradeoff. Cost and system
complexity could increase because of extra infrastructure, additional bandwidth, reliability
requirements, installment, and maintenance. The major application requirements for the
location informationk are granularity, performance, and availability. Different applications
may have different requirements. Security and privacy refers to location information should
be available only to those who have authorization. Different techniques have diffefent
strengths in addressing this issue. If the user terminal can derives its own location, just like
the GPS receiver in the GPS system, user’s privacy can be complgtely secure. On the other
hand, when using location technology such as E-911, which relies‘on the communication
n(etwork to cooperate to estimate the location of a mobile device, extra measures must be

taken to protect the location information.

2.2 Physical Media

Various technologies can be used to find out the position of a mobile device. The
location system can be categorized based on the low-level physical media it use, its location
method, and the system infrastructure. The physical media refers to the type of signals used
by the physical layer of a location system. And location method refers to the methods and
metrics used in higher-level algorithms. System infrastructure refers to the relation and
function distribution among each node of the system.

To find out a user’s location, most location systems involve multiple nodes. These
location systems have to use some kind of wireless signal to correspond between nodes.

Based on the physical media they used, location systems inherit certain constraints and
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features of that type of physical media. The constraints and features mainly refer to
propagation prkoperti’es, such as propagation speed, diffraction, reflection, scattering,
effective range, and interference [2]. But sometimes factors such as available bandwidth,
regulatory constraints, power constraints, safety, and cost have to be considered when
designing a location system. Three types of wireless signals are éommonly used in location
systems, and they are ultrasound, infrared and RF signals. The following table (‘Table 2.1)is

a brief comparison of these signals [2]:

Table 2.1 Comparison of Different Physical Media for a Location System

Signal Type Ultrasound Infrared RF
Propagation Speed 343m/s 3x10%m/s 3x10%m/s
Effective Range Small (3-10m) Small (5 -10m) Large (100m+)
. . . ; ~ Variance (10m —
Resolution Very High (1cm) High (10-20cm)
200m)
Blocked and Penetrate but
Blocked by most
Effect of Obstacle reflected by most attenuated by
e obstacles
obstructions obstacles
Affected by Other lighting could Interfere by same
Interferences : . .
temperature - interfere band RF signals

Compared with ultrasound and infra.red signals, RF signals have a strong advantage
in location systems. RF signals have a fast propagation speed and can penetrate most
obstacles, so they can be applied to both indoor‘and outdoor environments. Ultrasound and
infrared signals cannot penetrate walls or most obstacles indoors, so the location systems
using ultrasound and infrared techniques have a very limited effective range. Besides that,
most location systéms can make use of the existing communication infrastructure, especially

in indoor environments where WLANs have been deployed. An indoor location system
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based on the WLAN system does not need additional hardware to be installed. The WLAN

adapt card itself is capable of sensing RF signal strength.

2.3 System Infrastructure

Based on the functions each node can perform, location systems have two types of
infrastructures: a mobile-based infrastructure and a network-based infrastructure [3]. The
following figure shows the’ basic components of these two types of infrastructures. In the
mobile-based infrastructure, the mobile device itself can determine its own location by using
radio soufces from base stations or access points. In other words, the mobile device actively
performs calculations or location functions in this mode. In the network-based infrastructure,
the mobile device's location is determined externally from its radio signal by measuring the
signal's characteristics at three or more fixed points (base stations or access points). A mobile
station can passively acquire its location from an outside source, and the location function is
run on a location server or central station, which can acquire the signal charactéristics at each

fixed point through a network.
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(a). mobile-based Infrastructure (b). network-based Infrastructure

Figure 2.1 Location System Infrastructures
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GPS uses the mobile-based infrastructure. Fixed points 1 to 4 in Figure 3.1 (a)
represent GPS satellites, and_ the mobile station represents GPS receivers. GPS is‘ a satellite- .
based navigation and location system originally developed for military purposes. The system
consists of three segments: space segment, control segment, and user segment. The current
space segment includes 28 Block II/IIA/IIR satellites [4] occupying six orbital planes
inclined at a 55-degree angle with respect to the equator. The GPS satellite broadcast PRN
code modulated navigation signals. The control segment includes one master control station,
five monitor stations ‘land four antenna upload stations. The main task of the control segment
is to maintain the correct operation of satellites. The user segment is basically different types
of GPS receivers, which use differenf line-of-sight GPS satellite signals to determine the
user’s position, velocity, and time.

Location services in mobile communication systems usually use the network-based
infrastructure. In a typical mobile communications system, wide geographical areas are
‘mapped into cells centered by a base station. The base station has base transceiver system
units that proilidé the signal processing capability. Base station controllers in turn manage
these units. Groups of base station controllers are managed by the mobile switching centre
that functions as the gateway to the traditional public telephone network. Location services
in mobile communicétion systems such as E-9-1-1 are usually based on time of arrival
(TOA), time difference of arrival (TDOA), or angle of arrival (AOA) technologies, which
require special hardware to be installed in the base stations to measure the signal arrival time
or arrival angle from the mobiles. Measurements from different base stations are fed into the

location server, where the signal measurements are processed and the user’s location is

estimated.
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A mobile-based infrastructure requires an intelligent mobile device, which has the
ability to take the measuremeﬁt and run a location algorithm. Since the location function is
running on the mobile device and there is no extra burden on the dutside network, it has a
bigger system capacity and a lower processing delay. There is no communication
requirement between the fixed points and the mobile device. So the bandwidth requirements
and cost for fixed points are lower. Besides that, mobile users can hold their location
information, and there is no problem with privacy. However, the location performance is
limited by the ability of the mobile device. On the other hand, a network-based approach can
use a powerful location centre to provide better performance for a low configured mobile
device. Since the measurements are taken at fixed points, the mobile device does not need to
be equipped with special antenna or measuring hardware. An Indoor location system based
on a WLAN infrastructure usually has powerful mobile devices, such as laptop computers or
PDAs. Mobile-based infrastructure is easier to deploy in these systems since it does not need

to change the WLAN infrastructure.

2.4 Location Method

Many different technologies and systems to determine the location-related
information of krnvobile devices have been proposed. To determine the position of a user, there
are two basic methods:

1. The geometry method or triangulation method, which requires at least three

distinct knoWn positions to provide reference distances or two distinct known
positions to provide a direction or angle of arrival. (Savarese [5] , Savvides, Park

and Srivastava [6], Ji and Zha [7], Hu Evans [8], Niculescu and Nath [9])
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2. The signal propagation pattern-based method, which estimates the location based
on the unique signal characteristics of locations. This method is also called

location fingerprinting. (Hills, Schlegel, Jenkins [10], Krishnan [11])

2.4.1 Geometry Method

The geometry method is the primary location method used in outdoor positioning
systems. Given two of three known positions and the distance or angle from.the known
location to the mobile device, the location of the user’s device can be calculated by a
triangulation process. Several different location technologies use the geometry method to
estimate the location of a mobile device, including GPS technologies, TOA, TDOA,
- Enhanced Observed Time Difference (E-OTD), AOA technologies, and some Received
Signal Strength (RSS)-based location technology.

One good example of using the geometry method is GPS. GPS is currently the most
important and successful location system, which uses the distance-based triangulation
method to estimate a user’s location. The GPS receiver measures the apparent transit time of
the satellite signal from the satellite to the user to estimate the distance between them. By
using at least four such measurements and knowing the satellite position from the ephemeris
data, a receiver can determine its three-dimensional position and its clock bias [12]. GPS can
achieve approximately 10 meters accuracy. The followiné figures illustrate the principle of
estimating positions in GPS system. We can see that receiver R is located at the cross point
of the three spheres, which are centered by each satellite and have a radius of d;, d; , and ds
respectively. By measuring the distance of d;, dy, and ds to three different satellites (s1, 82,

and s3), the GPS receiver can estimate its location if it knows the position of these three
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satellites. Even the basic principle is clear and simple, but a receiver has to take into account
many factors to get an accurate estimation of the position. The distance from the receiver to
satellite is calculated as the product of radio speed and the radio travel time between them.

So, besides the three satellites above, it needs at least another satellite to estimate the

variance in time.

% GPS receiver
3% GPS satellites

Figure 2.2 Illustration of the Distance-Based Triangulated Method of GPS

TOA, TDOA, E-OTD, and RSS based geometry location technologies have the same
working principle as GPS [13]. What differs among them is what they measure. TOA
measures the arrival time of a known signal sent from the mobile device to different known
location receivers. TDOA measures the difference of arrival time among different receivers
of the same signal that is sent out simultaneously from the transmitter. In E-OTD, the mobile
mode does the time measurement. And AOA uses a special antenna array at the known
locations to measufe the angle of arriving signals from the mobile device. RSS-based
technology measures the strength of the received signal in order to deduce the possible range
the signal has propagated. from the transmitter to the receiver. Currently, the reported

accuracy of TOA, TDOA, E-OTD, and AOA technologies is lower than 100m. However, to
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achieve this accuracy, they all need special hardware to be installed on the receiver side,
which will increase system cost and complexity. RSS-based technology is applicable only if
the transmission power is constant or known in advance. And it is a low accuracy
localization method. However, it does not need additional hardware and this makes it easy to
be supported by current wireless devices.

Even though the geometry method has been successfully applied in GPS and mobile
communication systems, its application in indoor environments and high dense urban area is
limited due to its weak signal recéption when there are no lines-of-sight from the mobile
device to at least three GPS satellites [14]. Due to severe multipath propagation phenomena
inside buildings or complicated urban environments, the relationship between distance and
signal transit time, arrival angle, and signal strength becomes much more complicated than in
outdoor environméﬁt. Geometry method cannot achieve satisfactory performance under these

situations and becomes impractical.

2.4.2 Signal Propagation Pattern-Based Method

Signal propagation pattern-based methods, also called fingerprinting methods or
location pattern matching methods, are based on the theory that location information can be
extracted or estimated by comparing the detected signal characteristics with pre-stored signal
characteristics. This technique generally requires only measurements of received signal
strength or other non-geometric features of different locations to create a location base.
When a mobile device needs to estimate its location, it measures the signal characteristic

information at its current location and searches for the signal pattern with the closest match
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in the location base. The assumption to create a location base is that each position or location
within the effective range has a unique signal signature [15].

The process of using the signal propagation pattern-based method can be divided into
two stéges. The first stage is the training step. It is the process of building the propagation
map. To build the propagation map, large amounts of measurements of signal signatures at
multiple locations must be taken manually or automatically. Since there is always some noise
or dynamic Varian‘ce‘ in the collected data, the data has to be calibrated or preproceyssed
before it goes into the propagation map. After the measurement and preprocessing of the
signals are finished at all the interesting locations, the propagation map is built up and the
training stage is over. The second stage is the application stage. It is the process of estimating
the mobile device’s location. Several measurements of the signal propagation are taken at the
target location (mobile-based) or fixed positions (network-based) in a network, and these
measurements are processed to eliminate the noise and then feed into a location estimation
method to extract the estimated location from the propagation map.

As we mentioned above, the RF signal has remarkable advantages in indoor location
applications that ultrasound and infrared do not have. And RSS is the simplest and most
effective signal signature for the signal patterns method because it is available from any
normal WLAN adapf card. Bahl and Padmanabhan [22] found that RSS is more location-
dependent than the signal-to-noise (SNR) because the noise component is rather random in
nature. However, RSS itself is usually wavy, even at the exact samellocation, because of the
dynamics of the environment. Several approaches can deal with this problem. We will>

discuss this in the next section.
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2.5 Location Calculation Methodology

There are several ways to find out the dependency between measurements and the
propagation map and to determine a location for a set of given measurements. It is very clear
that the performance of the whole location system depends on the performance of the
location calculation method it uses. Location calculation methods can be classified into
deterministic and probabilistic. The major deterministic methods include the nearest
neighbor method and the neural network method. The location calculation methods can be
considered as pattern classifiers as they are just procedures that separate pattern samples into
different classes [16]. In this case, each class represents a set of signal signature patterns
from one specific location. In the following part, we will discuss the three major location

calculation methods: the nearest neighbor, neural network, and probabilistic methods.

2.5.1 Nearest Neighbor Method

The nearest neighbor method was initially introduced by J. G. Skellam, where the
ratio of expected and observed mean values of the nearest neighbor distance is used to
determine whether a data set is clustered [17]. It is based on comparing the distribution of
distances from a data point to its nearest neighbor in a given data set with the randomly
distributed data set. In our case, nearest neighbor methods are deterministic because they
require only a set of constant propagation pattern vectors. To determine a location, a distance
function is used to classify pattern samples into positions. The following is a mathematical
description of the nearest neighbor method.

Suppose the propagation map includes a set of m location pattern vectors, denoted by

P={P;, P, .., Py}, in which each pattern vector P; consists of n signal signatures at location
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i, (i=1,2,...,m). nisthe number of fix points or access points in the WLAN environment.
If the signal signature of access point ;j at location i is py, the pattern vector P; can be
expressed as P; = {p;;, pi2, ---, pind. When a measurement is taken at the application stage, the '
signal sample vector includes » signal characteristic samples, which can be expressed as S =
{s1, 82,...,8,}. To search for the nearest neighbor, a distance function Dist(S, P;) is used, and
the nearest neighbor method is to find out the location x that satisfied the following formula.
[18]

Dist(S, P,) < Dist(S,P,),Vx # y ‘ (2.1)

or

_ T R | “ ,
D=Dzsz‘(S,Px)=m1ny=1{;(§l;’si -p, )" (2.2)
i=1 i

4

Where w; is a weighting factor, and a is the norm parameter starting from 1. The weighting
factor w;is a bias parameter that denotes or promotes an important signal signature in the
pattern map [19]. If all w;=1 and a =2, then the distance becomes a Euclidean distance, and
Dis th’e least mean square error (LMSE).

A problem with the nearest neighbor method‘is that two or more very different
locations could potentially have the same signal signature. And in practice, the actual
location is not limited to the locations within a radio map, and there can be more than one
closest match. k£ Nearest Neighbors method is used instead of the nearest neighbor to solve
these problems. The final estimated position is an averaging of that k nearest neighbor’s
coordinates. Bahl and Padmanabhan [22] reported that for small & there is little improvement
over the single nearest neighbor method, while for large % the location estimation error

performance increased. The nearest neighbor methods are fast to deploy and do not need
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training or adjusting. However, the complexity increases as the number of elements in the

propagation pattern and the number of pattern vectors increase.

2.5.2 Probabilistic Method

The probabilistic method is based on probabilistic models that desgribe the
dependency of observed signal properties on the location of a mobile device. By modeling
the propagation map with conditional probability and utilizing the Bayesian inference
concept to estimate location, the probabilistic method provides a way to handle uncertainty
and errors in signal measurements[20][21][23]. The basic principle of the probabilistic
method is discussed below.

The probabilistic approach presumes a priori knowledge of the probability
distribution of the user’s location. Suppose the user’s location can be expressed as L= {1,
[5 ..., In}, where m is the number of locations. This approach uses models that estimate the
' pfobability distribution of the observation variables or measured signal variable s given the
value of the location variable /. In other words, for any given location /, a probability
distribution of p(s | /) that assigns a probability for each measured signal vector s can be

obtained. By applying the Bayes rule, a posterior distribution of the location is given:

pis| o) _ p(s|Dp(D) L,
o) S o @)

l'el

p(]s)=

p( 1) is the prior probability of being at location / before knowing the value of the measured
signal variable, and the summation goes over the rest of possible location values L. The

posterior distribution p(l | s) can be used to choose an optimal estimator of the location based

on a loss function.
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The term p(s | 1) is called the likelihood function. Roos et al [23] suggest two methods
for estimating the likelihood function: the kernel method and the histégram method. In the
kernel method, a probability mass is assigned to a “kernel” around each sample vector in the
training set. Thus the resulting density estimate for a signal set s in location / is a mixture of
n; equally weighted density function, where #; is the number of training .vectors in /. Suppose
the kernel function is Gaussian. Then the likelihood function can be written as:

n [ 2

plsiD) = %;[TQL;;&XP(‘%&%)‘)J 24
where o is an adjustable parameter that determines the width of the kernel. To extend the
kernel method to multiple dimensions or access points, Roos et al make an independent
assumption and multiply all conditional probabilities together. The histogram method
estimates the continuous density functions using the discredited density functions. This
histogram is essentially a fixed set of bins that counts the frequency of occurrence of signal
samples that fall within a range of each bins. The number and range of bins are adjustable.
The larger the number of bins, the better the histogram can approximate the probability.

Probabilistic methods can provide better performance on location estimation than the
nearest neighbor method, because they have additional information on the location
distribution. The prior distribution p( / ) gives a principled way to incorporate background
information such as user profiles. In the case where there is no user profile, the priori
probability can simply use uniform distribution. Probabilistic methods usually need a large

training set to precisely estimate the conditional probability distribution.
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2.5.3 Neural Network Method

When the indoor environment has a complex structure, multiform decorations, and
lots of furniture and is crowded with people, the multipath effect will be very strong, and it
will be impossible or impractical to mathematically analyze the signal propagation pattern.
Instead of using methods that are based on theoretical analysis, neural network methods can
work as a black box information processing unit. In the next chapter, we will give a detailed
introduction about neural networks. Battiti et al [32] introduced a multilayer pefceptron
(MLP) based neural network method to solve location estimatioﬁ problems. An MLP has one
hidden layer that uses the sigmoid function and an output layer that uses an identity function.
The input of the neural network is the RSS of each access point, and the output of the neural
network is the location. Battiti et al [24] finally gives an MLP structure that has three inputs,
eight hidden units, and two outputs of 2D coordinétes for 194 measurement points.

An MLP provides nonlinear mapping between its input and output. It has been
proven that, with a sufficient numberlof hidden nodes, an MLP with as few as two hidden
layer neurons is capable of approximating arbitrarily complex mapping within finite support
[33]. [34] and [35] also show that an MLP with sufficiently many nonlinear units in a single
hidden layer have been established as universal function approximators.

‘As a flexible model, the MLP neural network does not rely on the priori knowledge
- of any environment parameters such as the location of access points and building
characteristics [32]. The accuracy and precision performance of [32] are slightly better than
the nearest neighbor method.

The neural network-based method has a strong advantage over other methods. First,

theoretically, a neural network such as an MLP has the capability of mapping any kind of
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nonlinear function. Usually, an indoor environment is very complicated for RF signal
propagations; it is impractical to accurately predict signal properties at a specific location,
given the most accurate propagation models nowadays. But the complexity of a propagation
environment will not affect the performance of a well-trained neural network.

Second, a neural network requires fewer resources to store. Unlike other methods,
which require that all propagation patterns over the target area must be stored, (it includes at
least hundreds of vectors of signal signatures), the neural network-based system compresses
the propagation patterns into its parameters. The only thing that needs to be saved is the
weights and thresholds of neurons. For example, if there are 500 sampling points at the target
area and there are 4 APs; to save the propagation pattern, it requires at least 500 samples x (4
AP + 2 location coordinates) = 3000 data. But a MLP with 4 input nodes, 10 hidden nodes,
and 2 output nodes, only needs to save 72 pieces of data (60 weights and 12 thresholds). As
the location sysfem expands its coverage area and including more APs, the storage size of a
propagation pattern will increase dramatically, but there is almost no need to increase the
storage space for MLP neural networks.

Third, because the size of a neural network is small, the computing resources for
running the neural network-based method are fewer than other methods, especially when the
size of the propagation map is big. For other methods, to calculate a location, the location
calculation algorithm will traverse the whole propagation map, which will be a huge data set
if the target area is big. On the other hand, the neural network method only needs to do
much less calculation, and it will not change with the size of propagation map.

However, even though neural network can work without prior knowledge of WLAN
deployment, the performance of a neural network really depends on the selection of the

training data set, the deployment of the access points, and the indoor propagation
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environment. Unfortunately, Battiti et al did not analyze the signal propagation environment
and its effect on the performance of the neural network-based indoor location system. In this
thesis, we will give a detailed analysis of indoor propagation mechanisms and propagation
models that describe the signal propagation patterns. Based on the analyses, procedure and
measures about creating a training data set and designing system are suggested to improve
the performance of the neural network-based indoor location system. Detailed discussion

please refers to Chapter 4 and Chapter 5.

2.6 Related Indoor Position System

Many indoor location systems using different technologies have been proposed, such
as Active Badge [25], Which uses infrared signals; Active Bat [26, 27], Cricket [28], which
use a combination of RF and ultrasound signals to estimate distances; PinPoint 3D-iD [29],
RADAR [22], Nibble[30] and SpotOn[31], which use RF-based signal characteristics to
estimate locations. The major characteristics of these systems are discussed:

Active Badge [25] is one of the earliest indoor location systems. It uses a network-
based infrastructure and it is based on diffused infrared technology. Through infrared sensors
that are placed in the building, a location server collects IR signals sent out by a badge and
uses these signals to determine the badge’s location. Although Active Badge can provide
accurate location information, its effect range is limited, and its performance is not stable
because of the nature of infrared.

The Active Bat [26][27] location system is developed by AT&T researchers. It has a
similar infrastructure to Active Badge. A central controller works as location server. The

difference between Active Bat and Active Badge is that Active Bat utilizes both radio and
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ultrasound signals instead of infrared. The controller sends an RF request packet to the
Active Bat tag and an RF reset packet to ceiling-mounted receivers or ultrasound sensors at
the same time. The tag responds with an ultrasound signal. The receivers calculate the
distance based on the time difference between receiving an RF reset packet and detecting
ultrasound signals. The accuracy and precision are very high; it can reach to 9cm for 95% of
locations. However, the use of ultrasouﬁd time-of-flight requires a large fixed-sensor
infrastructure throughout the ceiling. So the effect range and scalability of Active Bat is
limited.

The Cricket locatidn support system [28] also utilizes both ultrasound and RF signals.
But Cricket is based on a mobile-based infrastructure. A small device is attached to a mobile
user, the listener, to estimate the distance to the nearest beacon. The mobi‘le device is
responsible for calculating its own location. The mbbile device measures the ultrasound
signal to calculate the distance with TDOA technologies and uses RF signals for
synchronization, identifying the beacon and activation of the time measurement. Because it
uses a mobile-based infrastructure, Cricket has the benefits of privacy, decentralized
administration, and low cost. And it can achieve room-sized granularity of 4x4 feet.

3D-iD [29] is an RF-based commercial location system developed by PinPoint Corp
to determine the 3D location of items inside buildings. 3D-iD- uses a network-based
infrastructure. It divides the space into cells. And each cell consists of a cell contrQHer and
multiple antennas. These antennas continuously broadcast a signal. Upon receiving the signal,
a tag attached to a mobile device will immediately retransmit the messagé on another
frequency and encode it with its own ID. The cell controller measures the distances between
the t‘ag and antennas using RF round-trip time and then uses the geometry method to

determine the tag’s location. A cell’s effective range is 30m and can achieve 1m to 3m
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accuracy. However, the cell is working at 2.4G Hz, and the tag transmits at 5.78 GHz, which
will have a radio spectrum collision with- WLANS. Besides, the system requires several cells
to be installed to cover a building, and this will greatly increase the cost because of the
. expensive hardware it uses.

RADAR [22] is developed by Microsoft researchers and it is based on WLAN
technology. RADAR estimates the distance between access points and mobile devices by
measuring the RF signal strength. A propagation pattern-based method and k nearest
neighbor algorithm are used to compute the mobile device’s 2D location. Two approaches
are provided in [22] to create the location map; one is called the empirical method, which is
based on field measurements, and the other is a propagation model-based approach. The
result shows that the empirical approach has better performance than the propagation model-
based approach. But the propagation model-based approach makes deployment much easier.

SpotON [31] is an ad hoc location system. And it derives distance from signal
strength attenuation instead of time-of-flight. The SpotON system is built by using RFID
badges and AIRID base stations. It is similar to RADAR and 3D-iD in developing a fine-
grained tagging technology based on RF signal strength. However, laboratory experiments

show that SpotON can achieve better resolution and accuracy than RADAR and with a much

lower cost than 3D-1D.

In conclusion, we can see that different technologies have been applied to indoor
location systems. As with RADAR, most existing indoor location systems are using the
geometry location method, because the underlying hardware system they are using, an
infrared system, an ultrasound system or special antennas, can provide an accurate estimation

of distance even in an indoor environment. Ultrasound-based and infrared-based systems can
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achieve very high resolution and accuracy, but théir disadvantages in effective range,
scalébility and cost make their application very limited. WLAN-based indoor location
systems, on the contrary, have the advantage of a large cover range, and low cost, but their
' 7
performance is much lower too. Besides, because of the complexity of indoor environment,
the performance an indoor location system also depends on how the system is deployed. As
analyzed in Chapter 4, the performance of a location system is severely affected by AP

configuration, WLAN’NIC card properties, the creation of the propagation map, and the

effectiveness of data pre-processing.

2.7 Summary

In this chapter, we gave a detailed introduction of different indoor location
technologies. Different WLAN location systems are categorized based on the difference in
underlyirig physical media, system infrastructure, and location estimation methods. There are
two major location estimation methods: the geometry method (triangulation method) and the
propagation pattern-based method. Due to the complexity of the. indoor propagation
environment and the fact that RSSI is the only signal signature an IEEE 802.11 WLAN
standard can provide, the propagation pattern-based method becomes a major method in
indoor WLAN location systems. Three types of propagation pattern classification methods
are discussed: the nearest neighbour method, probabilistic method, and neural network-based

method. And finally, related indoor position systems are briefly introduced.
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3. WLAN and ANN

Wireless location technology refers to the equipment and algorifhms that apply to
wireless communication systems to determine geographic position, and in some éases, the
velocity and direction éf traveling wireless devices. Recent developments in such areas as
cellular technology, wireless modems and services, and GPS have made the real-time
location of mobile devices feasible and cost-effective. In the near future there should be a
surge of brand new services.

In a typical mobile communications system, each cell has a radio tower that
communicates with mobile devices, including wireless-equipped Pocket PCs and cell phones
passing through that cell. There are two primary methods of locating a mobile device. The
mobile device itsélf can determine its owh location by using GPS. Or the mobile device's
location can be determined externally from its radio signal by measuring the signal's time of
arrival at three or more base stations. When the base stations calculate a mobile device's
location, the signal propagation pattern-matching method is used. In this method, the mobile
device's signal is received at various cell sites, and it is transferred to a mobile switch
working as a location server to determine the wireless caller's location by measuring the
distinct radio frequency patterns and multipath characteristics of the signal from a single call
as it arrives at different cell sites at different times. This unique radio frequency signature of

the signal is matched to similar patterns stored in a central database to determine the caller's

latitude and longitude.
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Unlike ‘the mobile communication system, IEEE 802.11 WLAN usually does not
have a function‘note as a mobile switch, and the standards do not provide the functions or
method to accurately measure the arrival time of a wireless signal. Without the help of
special devices, the only characteristic of RF signals that can be used to estimate the location
is the radio signal strength (RSS). Fortunately, the WLAN standard does provide a way for
higher-level applications to access lower level signal strength parameter — the received signal
strength indicator or RSSI. RSSI is one of the lower-level parameters available from a
wireless network interface card (NIC), and it is the only way for a higher-level application to
obtain signal strength infoﬁnation solely based on the IEEE 802.11 standard configurations.
Each access point broadcasts its beacon message periodically. So a mobile station can
receive the RSSI information from all the APs it can reach, no matter whether it is been
associated with or not. In this chapter, we will discuss the IEEE 802.11 Wireless LAN
system, and the RSSI - the parameter that the IEEE 802.11 standard provided to measure
wireless signal strength.

As we introduced in the previous chapter, the neural network method [24] [32] 1s one "
major method used to estimate the mobile station’s location from pre-stored radio
propagation patterns. In this thesis, a neural network- based schemel will be used to extract
location information from the RSSI patterns of a given WLAN. Neural networks have many
benefits that can be used in signal analysis. In the following parts of this chapter, after the

discussion about WLAN, we will discuss neural networks and their application in the field of

signal analysis.
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3.1 Wireléss Local Area Networks

Wireless local area network (WLAN) refers to wireless networks between computers
within one building or a group of buildings. WLANSs can be achieved by infrared or radio
techniques. The growth of WLAN began in the mid-1980s and was triggered by the US
Federal Communicaﬁons Commission (FCC) decision to authorize the public use of the
Industrial, Scientific and Medical (ISM) bands [36]. Since the bands are open to individuals
and companies, there has been substantial growth in the area of WLANS, anci several kinds
of WLAN standards have arisen. The most well-known representatives of WLANs are based
on the standards IEEE 802.11[38], HIPERLAN [37], and their variants. The IEEE published
a series of 802.11 standards; including 802.11, 802.11b, 802.11g, and 802.11a. HIPERLAN
was another WLAN standard developed by group RES10 of the ETSI as a pan-European
standard for high-speed WLANSs. Just like 802.11, the HIPERLAN/1 standard covers the

physical and MAC layers offering data rates from 2 to 25 Mbps in the 5.2 GHz band.

3.2 802.11 Standards Family

- Since 1997 IEEE has developed its 802.11 standard for wireless, LAN. The 801.11
standards family has had several members. The major standards include 802.11, 802.11a,
802.11b, and 802.11g [39]. IEEE 802.11b works in the 2.4GHz frequency band, like
802.11g, while the IEEE 802.11a solution works in the 5 GHz band. The 802.11 standard
defines the media access control (MAC) and physical (PHY) layers for accessing point-based
networks and ad hoc‘networks. In doiné so, the initial standard supports three physical layers:
infrared, frequency hopping spread spectrum (FHSS), and direct sequencé spread spectrum

(DSSS). The RF methods in 802.11 operate in the 2.4GHz ISM band. The first extension to
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802.11 standards, the 802.11b specification, continues operation in the 2.4GHz band with
data rates of 1, 2, 5.5, and 11Mbps. The last two bit rates are achieved through
complementary code keying (CCK). Extensions 802.11a and g are for a high bate rate
orthogonal frequency division multiplexing (OFDM) PHY standard providihg bit rates in the
range of 6 to 54Mbps in the SGHz and 2.4GHz band respectively. Although the physical
layer differs for each signaling mechanism, the above standards use the same method of
media access control, and the frame formats supported by the MAC layer are relevant for
each physical layer. It was supported by the basic 802.11 standard as well as each of the
extensions to the standard. The following table compares these standards in the working
frequency band and maximum transmitting power in different regions.

Table 3.1 Worldwide‘Regulatory Frequency and‘ Maximum Transmitting Power for 802.11

WLANSs
Location Regulatory Maximum Output
_ Band (GHz) Power (mW)
802.11b,g | 2.400—2.4835 1000
North 5.150-5250 | 2.5 /MHz (max. 50mW)

America | gs 115 [T 5250-5350 | 12.5/MHz(max 250mW)
5.725-5.825 | 50 /MHz (max 1000mW)
802.11b,g | 2.400—2.4835 | 10 /MHz (max 100mW)

Europe 5.150-5.250 200
802.11a 5.470-5.725 1000
802.11b,g | 2.400-—2.497 10 /MHz (max 100mW)
5.150-5.250
Japan 4.900-5.000 ~ Indoor 200
802.11a (until 2007)
5.030-5.091

(from 2007)
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3.3 802.11 WLAN Working Modes and Topology

802.11 WLANS support two kinds of basic working modes — the infrastructure mode
and the ad hoc mode. As shown in Figure 3.1 (a), the infrastructure mode involves the use of
an access point, either by itself or connected to a wired LAN. The Infrastructure mode
WLAN makes use of the higher-speed wired or wireless backbone. In such a topology,
mobile nodes access the wireless channel under the coordination of the AP. The AP and its
client mobile stations form a basic service set (BSS). In an infrastructure BSS, all mobile
stations communicate the AP. The AP provides both the connection to the wired LAN, if
there is any, and the local relay function for the BSS [40]. Thus, if a mobile station in the
BSS must communicate with another mobile station in the BSS, it must send the
communication to the AP first, and then the AP forwards it to the destination. Though this
kind of operation incfeases the consumption of bandwidth, this method gives AP the
capability of buffering the traffic of a mobile station when that station is operating in a very
low-power state. In the infrastructure mode, the wireless network adapter cannot directly
communicate with other computers. Since it only can receive traffic from APs, it oniy can
collect the RSSI information of APs. Hence, our location system cannot make use of signal-
decaying information between mobile stations in infrastructure mode. However, in the
WLAN using infrastructure mode, it can detect not only the RSSI of the AP that the
computer is associated with, but also the RSSIs of all the APs that have the effect range

covering the user’s mobile device.
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Figure 3.1 802.11 WLAN Working Modes

“An ad» hoc network is a collection of wireless mobile hosts forming a temporary
network without the aid of any centralized administration or standard support services
regularly available on the wide area network to which the hosts may normally be connected”
[41]. An ad hoc WLAN is a peer-to-peer (computer-to-computer) network that is set up in
order to serve a temporary need. When two or more stations are within close proximity and
they can communicate in a peer-to-peer manner, the area within which communication
occurs is referred to as an independent basic service set (IBSS). Figure 3.1 (b) illustrates a
group of stations communicating with one another on a peer-to-peer ad hoc basis that forms
an IBSS. An IBSS is a BSS that is formed completely by mobile stations, and there is no
connection to a wired network. The IBSS is the entire network, and only those stations
communicating with each other in the IBSS are part of the LAN. Unlike other ad hoc
networks where information packets are transmitted in a store-and-forward method from the
source to the destination, there is no relay function in an IBSS of the 802.11 WLAN
standards. If one mobile station wants to communicate with another one, they must locate in
each other’s communication range. In an ad hoc mode WLAN, the mobile stations can
 receive signals from each other, so a location system can collect RSSI information of all the

links. In an IBSS, an AP could be a member of an ad hoc LAN if it runs in ad hoc mode
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without connecting to outside wired networks. Meanwhile a mobile station in an ad hoc
WLAN can work as a gateway between ad hoc LAN and outside WAN, and all the other

mobile stations can access to outside network through it.
3.4 Received Signal Strength Indicator

3.4.1 RSSI in 802.11 Standards

RSSI is one of the parameters available from a wireless network interface card (NIC).
There are two sublayers — the higher Physical Layer Convergence Protocol (PLCP) sublayer
and the lowef Physical Media Dependent (PMD) sublayer in the physical layer of an IEEE
802.11 system. RSSI is a measure in the PMD sublayer of the energy observed at the antenna
used to receive the current PLCP protocol data unit (PPDU). RSSI is intended to be used in a
relative manner, and it is a monotonically increasing function of the received power. The
statement about RSSI in the 802.11[42] standard is

“The received signal strength indicator (RSSI) is an optional parameter that has a
value of 0 through RSSI_Max. This parameter is a measure by the PHY sublayer of the
energy observed at the antenna used to receive the ‘current PPDU. RSSI shall be measured
between the beginning of the start frame delimiter (SFD) and the end of the PLCP header
error check (HEC). RSSI is intended to be used in a relative manner. Absolute accuracy of
the RSSI reading is not specified.”

Figure 3.2 illustrates the PLCP frame format in FHSS mode [42]. RSSI shall be
measured dﬁring the reception of the PLCP preamble, between SFD and HEC (in FHSS of

802.11). ‘Absolute accuracy of the RSSI reading is not specified in the standards. There is
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nothing in the 802.11 standard that stipulates a relationship between the RSSI value and any

particular energy level, as would be measured in mW or dBm.

< Range of measuring RSSI >

SYNC SFD SIGNAL SERVICE LENGTH CRC
128 bits 18 hils 8 hifs B hity 16.bils 16 hils
FPLCP Preamble PLCP Header ,
144 bits 48 bits MEDL

\

PPDU

~ Figure 3.2 Long PLCP PPDU Format

The PMD sublayer sends out a parameter to indicate the magnitude of the energy
observed at the selected antenna. This reported value is used to generate the RSSI term in the
PLCP sublayer and might also be used by any diversity function. If networks use FHSS, the
parameter ranges from 0 to 15. Since RSSI is only used in a relative manner by the MAC
sublayer, this PMD parameter is defined to have no more than 16 values, ranging from 0
through RSSI Max which is parameter set by user. The value zero is the weakest signal
strength, while RSSI Max is the strongest signal strength. If networks use DSSS or OFDM,
the RSSI shall be a measure of the RF energy receivéd by the DSSS or OFDM physical layer. |
RSSI is represented in 8 bits, and up to 256 levels are supported. The value 0 usually refers
to the minimum level of available RF energy to the receiver circuit in an 802.11 adapter card.
The minimum level is also called “receive sensitivity”, and it is an NIC specification

measured in dBm. For example, some NIC have a receive sensitivity equal to -96dBm. The
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RSSI reported by this card will be 0 whenever the received RF energy is less than -96dBm or
0.2511E-10mW. | |

RSSI measurements will vary from 0 to 255 depending on the vendor. It consists of a
one byte integer value. A value of 1 will indicate the minimum signal strength detectable by
the wireless card, while 0 indicates no signal. The value RSSI Max is different for different
vendors. For example, Cisco Systems cards will return an RSSI of 0 to 100. In this case, the
RSSI Max is 100. The Cisco card can report 101 distinct power levels. Another popular
WLAN chipset is made by Atheros. An Atheros®-based card will return an RSSI value of 0
to 60. Figure 3.3 illustrates a circuit diagram of generating RSSI [43]. The precision of RSSI
is decided by the analog-digital-converter (ADC). Besides that, since the RSSI value ié an
integer, it must increase or decrease in integer steps. If RSSI changes by 1, it means the

power level changed by some proportion in the measured power range.

RSSI Value

Figure 3.3 Architecture of a Circuit to Measure RSSI
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3.4.2 Factors that affect RSSI

The received signal strength and the working range of -a wireless station or AP are
affected by many factors [44]. The factors include transmit power (equivalent isotropically
radiated power - EIRP at the antenna), the receive sensitivity of the wireless adapter, antenna
gain, RF propagation pattern of the stations or APs, and obstructions between the source and
reception. |

Received signal strength is usually proportional with the transmit power of thé source
station. Take propagation in free space as an example; free spécé is an ideal propagation
medium. Consider an isotropic point source fed by a transmitter of P; watts. At an arbitrary,
long distance d from the source, the radiated power is uniformly distributed over the surface
area of a sphere of radius. Thus the received signal power at distance d is given by

: G
P= (—4_% G.1)
A

where G, is the receiving antenna gain, Gy is the transmitting antenna gain, and A is the
wavelength of the electromagnetic wave. It is obvious that the received signal strength will
increase when the transmitting power increases, In addition to frequency and bandwidth
allocation, transmitting power is also a key parameter that is regﬁlated worldwide. The
maximum allowable radiated emissions for the 802.11 DSSS PHY vary from region to
region, as shown in Table 3.1. Many of the IEEE 802.11 DSSS PHY wireless products on
the market today have selected 100mW as the nominal RF transmits power level. In 802.11

standards about OFDM PHY, three levels of transmit RF power levels are specified: 40mW,

200mW, and 800mW. These three power levels are assigned to different frequency bands in
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802.11g. 800mW is for 5.725-5.825GHz, and the power level is suitable for bridging
applications. 200mW and 40mW are assigned to 5.250-5.350GHz and 5.150-5.250GHz, and
they ére suitable for short-range indoor home and small office environments [40].

In the U.S., the FCC defines power limitations for wireless LANs in FCC Part 15.247.
Part 15.247 provides details on the limitations of EIRP. EIRP represents the total effective
transmit power of the radio, including gains that the antenna provides and losses from the
antenna cable.

As one of the most important parts of an RF system, the antenna is used to both
transmit a signal as well as shape and focus a received signal. The gain of an antenna

‘represents how well it increases effective signal powef in a particular direction, with dBi1
(decibels relative to an isotropic radiator) as the unit of measure. dBi represents the gain of
an antenna as compared to an isotropic radiator, which transmits RF signals in all directions
equally. More precisely, dBi equals 10 times the logarithm (base 10) of the electromagnet
field intensity of the antenna’s favored direction divided ‘by the electromagnetic field
intensity of an isotropic antenna with measurements taken at the same distance. All the
antennas have a radiation pattern that indicates the power radiated in any direction relative to
the direction of maximum radiation. Figure 3.4 illustrates an exampie of the radiation pattern
of an antenna [61].

An isotropic antenna is defined as "a hypothetical lossless antenna having equal
radiation in all directions." Clearly, an isotropic antenna is an ideal entity, since even the
simplest antenna has some degree of directivity. Although hypotheﬁcal and not physically
realizable, an isotropic radiator is taken as a reference for expressing the directional
properties of agtual antennas. A directional antenna is one "having the property of radiating

or receiving electromagnetic waves more effectively in some directions than in others." The
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term is usually applied to an antenna whose maximum directivity is significantly greater than

that of a linear dipole antenna. The power pattern of a half-wave linear dipole is shown

below.

Dipole axis
Dipole axis

Figure 3.4 Example of an Omni-Directional Antenna Radiation Pattern

The linear dipole is an example of an omni-directional antenna -- i.e. an antenna
having a radiation pattern that is nondirectional in a plane. As the figure above indicates, a
linear dipole has uniform power flow in any plane per;ﬁendicular to the axis of the dipole, and
the maximum power flow is in the equatorial plane. Usually, a directional antenna can
transmit a higher level of signal power as well as have the ability to receive a lower level of
received signal power. However, omni-directional antennas are relatively inexpensive, and
most WLAN adapters have omni-directional antennas, which are usually embedded into the
edge of WLAN adapter cards.

Besides the antenna, the most critical item in a WLAN system is the receiver. In
particular, it is important to make clear the receiver sensitivity. The receive sensitivity is the
lowest-level signal that can be decoded by the receiver. The lower the receive sensifivity is,
the longer the coverage range is. When a signal is received in the PMD sublayer of a wireless

card, the RSSI of the received signal must be compared with a threshold value, which is
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specified in the standard as ED_THRESHOLD. If the RSSI is smaller than the threshold, the
received signal will be discarded. This threshold decides a receiver’s sensitivity.

As we mentioned earlier, the received signal strength’ at the destination is greatly
affected by the propagation env?ronment between the source and destination. The RF
communication media for home, enterprise, .and manufacturing environments are very
different, and no environments are the same. Multipath and path loss are issues to be
considered when designing an IEEE 802.11 WLAN system. The surface of furniture,
elevator shafts, walls, factory machinery, and metal-constructed buildings all contribute to
the amount of delay spread that caused by multipath. Path loss is the signal power lost as the
distance between source and destination increase. For indoor applications beyond 20 feet,
propagation loss ‘increases at about 30dB per 100 feet. This occurs because of the
combination of attenuation by walls, ceilings, and furniture. Each wall constructed with sheet
rock and wood typically attenuates the signal by 6dB, and walls constructed with cement
block attenuate the signal by 4dB. Multipath fading is another key contribution to pathvloss.
Multipath fading occurs when the reflected signal paths refract off walls, windows, furniture,
and people and scatter the transmitted signal. Sometimes just movingrthe receiver a few
inches farther from the transmitter can produce an additional multipath fading loss of signal
power in the order of 20dB or more. In Chapter 4 we will ahalyze indoor propagation

environment and its effect on RSSI reception in more detailed.

3.4.3 Application of RSSI

In the IEEE 802.11 standard, RSSI is an arbitrary integer, and it was originally

designed for internal usage by the microcode on the adapter and by the device driver. RSSI
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can be used.in an adapter to determine when the amount of radio energy in the channel is
below a certain threshold, at which point the network card is clear to send (CTS).

The media access control layer specification for 802.11 has similarities to the 802.3
Ethernet wired line standard. The protocol for 802.11 is a protocol scheme know as carrier-
sense multiple access, collision avoidance (CSMA/CA). This protocol avoids collisions
instead of detecting a collision by sensing channels before transmitting signals. The MAC
layer operates together with the physiceﬂ layer by sampling the transmitted energy over the
medium transmitting the data. The physical layer uses a clear channel assessment (CCA)
algorithm to determine whether the channel is clear. This is accomplished by measuring the
RF energy or RSSI at the antenna and determining the strength of the received signal. If the
RSSI is below a specified threshold, the “Clear Channel Threshold”, the channel is declared
clear and the MAC layer is given the clear channel status for data transmissién. A “Roaming
Threshold” in 802.11 is also based on the measurement of RSSI to determine the point when
a client should be handover to a new AP. As discussed above, the PMD PHY sublayer
measures the RSSI during the reception of the PLCP preamble, and compares the RSSI with
predefined threshold. If the RSSI is bigger than the threshold, the PMD sublayer will inform
the upper layer of the arrival of data.

Since RSSI is a parameter for the channel quality between the source station and the
destination station and is related to the distance and channel properties, RSSI is useful in
location management, routing, and RF energy distribution modeling [45][46]. For example,
SpotON [31] is a system that is used to analyze ad hoc location sensing. SpotON tags use
received radio signal strength information as an inter-tag distance estimator. The obtained
locations might not be exactly the physical location of the nodes or stations, but the distance

is described in link qualities. The location information is useful for routing. It can be used to
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form the routing table. RSSI is also useful to estimate channel properties and model a
specified channel. Together with other signal quality parameters, RSSI can also provide a

base for channel assignment [47] or intelligent channel management.

3.5 Artificial Neural Networks (ANN)

Half a century has passed since the first model neural network was developed by
McCulloch and Pitts in 1943. The research and development of artificial neural networks
have gone through a rough road. And ANN has increased more and more over the last few
decades, and is being successfully applied across an extraordinary rangé of problem domains,
in areas as diverse as finance, medicine, engineering, geology, and physics. Neural networks
are widely used to solve problems of prediction, classification, or control because of the
following édvantages of ANN. First advantage is its power. Neural networks are very
sophisticated modeling techniques capable of modeling extremely complex functions. In
particular, neural networks are nonlinear. Neural networks have advantages in dealing with
‘complex nonlinear modeling problems. The second advantage is ease of use. Neural
networks learn by example. The neural network user gathers represenfative data and then
invokes training algorithms to automatically iearn the structure of the data. Although the user
does need to have some heuristic knowledge of how to select and prepare data and to select
an appropriate neural network, the level of user knowledge needed to successfully apply
neural networks is much lower than would be the case using some more traditional nonlinear

statistical methods.
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3.5.1 Fundamentals of Artificial Neural Networks

An ANN is a computing paradigm that is loosely modeled after cortical structures of
the brain. It consists of interconnected processing elements called neurons that work together
to produce an output function. The key element of this paradigm is the novel structure of the
information processing system. The output of a neural network relies on the cooperation of
the individual neurons within the network to operate. Processing of information by neural
networks is often done in parallel rather than in series or sequentially. Usually, an ANN is
configured for a specific application, such as pattern recognition or data classification,
through a learning process. Similar to biological systems, learning in ANN systems involves

adjustments to the synaptic connections that exist between the neurons.

3.5.1.1 Neurons

In biological neural systems, transmission of information between neurons is
performed by the exciting signal, which raises the receiver’s electric potential, and the
suppressing signal, which lowers the receiver’s electronic potential. The receiver neuron
decides whether to send the information or not based on the electronic potential and the
threshold of the neuron: when the electric potential exceeds the threshold, the information is
transmitted, otherwise it is not.

To capture the essence of biological neural systems, an artificial neuron can be
defined as follows:

o It receives a number of inputs either from the original data or from the output of other
neurons in the neural network. Each input comes via a connection that has a strength

or weight; these weights correspond to the synaptic efficacy ina biological neuron.
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Each neuron also has a single threshold value. The weighted sum of the input is
formed and the threshold subtracted to compose the activation of the neuron, also
known as the post-synaptic potential, or PSP, of the neuron.

« The activation signal is passed through an output function also known as a transfer
function to produce the output of the neuron.

If the step output function is used, i.c., the neuron's output is 0 if the input is less than
zero, and 1 if the input is greater than or equal to ’O, then the neuron acts just like the
biological neuron described earlier by subtracting the threshold from the weighted sum and
comparing with zero. And this is equivalent to comparing the weighted sum to the threshold.
Actually, the step function is rarely used in artificial neural networks. And weights can be

negative, which implies that the synapse has an inhibitory rather than excitatory effect on the

neuron.
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Figure 3.5 Artificial Neuron Model

The definition of an artificial neuron can be illustrated using the above figure and the

following formula:

xi(n+l)=f(iw,jxj(n)—9,.) _ (3.2)
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Where x,(n) is the ith neuron output at the time n; w; is the synapse weight from the jth
neuron to the ith neuron, the positive w, generates an exciting signal, and the negative wy
generates a suppressing signal; 8, is the threshold of the ith neuron; and f(x) is the output
function of the neuron. There are many different output functions; some of the most
commonly used are the step function and the sigmoid function. (a) uses the step function,
which can be defined as:

Lx>0
0,x<90

J(x) ={ (3.3)

The step function is used in discrete neural network models. For continuous neural network
models, to avoid mathematical difficulty in handling discontinuity, the sigmoid function is

widely used. A sigmoid function is defined as:

FO)=—— (3.4)

—-X

l+e”

where T is a positive parameter to control the slope of the function. When T is smaller, the

slope of the function becomes steeper and more approaches to the step function.

3.5.1.2 ANN Structure

ANN can be divided into feed-forward and recurrent classes according to their
connectivity. An ANN is feed forward if such a method exists, which numbers all the nodes
in the network such that there is no connection from a node with a large number to a node
with a smaller number. All the connections are from nodes with small numbers to nodes with
large numbers. An ANN is recurrent if such a numbering method does not exist. In other
words, feed-forward networks allow signals to travel one way only, from input to output.

There is no feedback or loops, so that the output of any layer does not affect that same layer
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or higher layers. Feed-forward ANNs tend to be straight-forward networks that associate
input with output. Examples of feed-forward ANNs include the multilayer perceptron (MLP),
radial based functions (RBF). Recurrent ANNSs can have signals traveling in both directions
by introducing loops in the network. Recurrent networks are very powerful and can get
extremely complicated. They are dynamic, and their state changes continuously until they
reach an equilibrium point. The networks remain at the equilibrium point until the input
changes and a new equilibrium needsi to be fouﬁd. Examples of recurrent ANNs include the
Hopfield neural network and the Boltzmann machine.

The moét common type of artificial neural network consists of three groups or layers
of units: a layer of inpﬁt units is connected to a layer of hidden units, which is connected to a
layer of output units. The activity of the input units represents the raw information that is fed
into the network. The activity of each hidden unit is determined by the activities of the input
units and the weights on the connections between the input and the hidden units. The
behavior of the output units depends on the activity of the hidden units and the weights
between the hidden and output units.’ This simple type of network is interesting because the
hidden units are free to construct their own representations of the input. The weights between
the ihput and hidden units determine when each hidden unit is active, and so by modifying
these weights, a hidden unit can choose what it represents. Based on the number of layers,
ANNSs can be divided into single-layer or multi-layer organizations. In a single-layer ANN,
all units or neurons are connected to one another. In multi-layer networks, units are often

numbered by layer instead of following a global numbering.
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3.5.1.3 Learning in ANNs

Learning in ANNSs is typically accomplished by using examples or training samples.
The learning procedure is called training because the learning is achieved by adjusting the
connection weights in an ANN iteratively so that trained ANNs can perform certain tasks.
Learning in ANN can be divided roughly into supervised, unsupervised, and reinforcement
learning.

An important part of supervised learning is an external teacher. The teacher has full
knowledge of the problem and knows the desired output given by each input signal.
Supervised learning is based on direct comparison between the desired output given by the
teacher and the actual output of an ANN. The training procedure is the process of
minimizing the error function, such as total mean square error, between the actual output and
the desired output summed over all training data. Usually, gradient decent-based
optimization algorithms such as backward propagation can be used to ‘adjust weights and
thresholds in an ANN. This adjustment or training procedure is carried out iteratively in steps
until it reaches the training goal.

Reinforcement learning is a special case of supervised learning. The deference
between reinforcement learning and common supervised learning is that the exact desired
output is not given in reinforcement learning. It is based only on the information of whether
or not the actual output is correct. Reinforcement learning is often called learning with a
critic as opposed to learning with a teacher. In reinforcement learning, it is common to think
explicitly of a network functioning in an environment. The environment supplies inputs to

the network, receives output, and then provides a reinforcement signal.
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Unsupervised Iearning does not use external teachers and is only based on local
information. It is also referred to as self-organization, in the sense that it self-organizes data
presented to the network and detects data’s emergent collective properties. Unsupervised
learning is solely based on the correlations among input data. Paradigms of unsupervised

learning include Hebbian learning and competitive learning.

3.5.2 Multilayer Perceptron (MLP)

Multilayer perceptron is by far is the most well-known and most popular neural
network among all of the existing neural network paradigms. MLP is one kind of feed-
forward neural networks. In this network, the information moves in only one direction,
forward, from the input nodes, through the hidden nodes, if any, and to the output nodes.
There are no cycles or loops in the network. In an MLP, the basic unit or neuron is called
perceptron.

The perceptron is a type of ANN invented in 1957 at the Cornell Aeronautical
Laboratory by Frank Rosenblatt. It can be seen as the simplest kind of feed-forward neural
network: a linear classifier. Similar to the neuron model introduced above, in the perceptron

model, a single neuron with a linear weighted net function and a threshold activation

function is employed. The input to this neuron is a feature vector x = {x;,j=1...n} in ann-

dimensional feature space. The net function is the sum of the weighted inputs vectors.

net(x) = iwjxj + W, (3.5)

J=l

_|Lnet(x)20 3 ; 3.6
y(x) = Onet(x) <0 y(x) = fnet(x))  (3.6)
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where w= {w,, j=1..n} is a vector of real-valued, w, and is the 'bias’, a constant term that
does not depend on any input value. The sign of y(x) is used to classify x as either a positive
or a negative instance, in the case of a binary classification problem. The bias can be thought
of as offsetting the activation function or giving the output neufon a "base" level of activity.

If w, is negative, then the weighted combination of input must produce a positive value
greater than — w, in order to push the classifier neuron over the 0 threshold. Spatially, the

bias alters the position (though not the orientation) of the decision boundary. Since the inputs
are fed directly to the output unit via the weighted connections, the perceptron can be

considered the simplest kind of feed-forward neural network.

Output Layer

Second Hidden Layer

T ______________

First Hidden Layer

Input Layer

Figure 3.6 a Four-Layer MLP Configuration

The upper figure shows a typical MLP. Each big circle in the graph represents a
neuron, and these neurons are organized into layers. There are four layers in the above MLP:
input layer, the first hidden layer, the second hidden layer, and the output laye;r. The gray
spots represent nodes in the input layer. Input nodes are not neurons, they just represent the

input vector. An MLP has to consist of at least one layer of hidden nodes. The name “hidden
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layer” refers to the fact that the output of neurons will be fed into the upper layer neurons
and therefore is hidden from the user who can only observe the output neurons in the output
layer. In an MLP, tWo consecutive layers are completely connected by weights, w = {w;;, i
=.] ...P, j = 1...Q} where P is the number of neurons in the higher layer; Q is the number of
neurons in the lower layer; w; represents the weight between ith neuron of the higher layer
and jth neuron of the lower layer. There are no weights that connect two non-consecutive
layers, and no weights that connect neurons in the same layer, and no weights that feed back

signals from the output layer to the input layer. Figure 3.6 shows an MLP with two hidden

Iayers.‘

3.5.2.1 Nonlinear Mapping of an MLP

An MLP provides nonlinear mapping between its input and output. In other words, an
MLP is a static neural model in the sense that its input-output relationship can be describéd
by a nonlinear mapping function. It has been proven that, with a sufficient numbér of hidden
nodes, an MLP with as few as two hidden layer neurons is capable of approximating an
arbitrarily complex mapping with finite support [47]. [34] and [35] also show that MLPs
with a sufficient number of nonlinear units in a single hidden layer have been established as
universal function approximators. MLPs have several significant advantages over
conventibnal approximations [33]. First, MLP basic functions — hidden unit output- change
adaptively during training, making it unnecessary for the user to choose them beforehand.
Second, the number of free parameters in the MLP can be unambiguously increased in small
increments by simply increasing the number of hidden neurons. And third, MLP basic
functions are bounded, making round-off and overflow errors unlikely [4]. However, since

the complexity of the problem varies from one application to another, the complexity of the
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applied MLP varies according to the complexity of the application. In general, the
complexity of the MLP depends on its topology, which consists of the number of hidden
neurons and the number of hidden layers. An MLP with optimal topology should be able to
provide the best approximation accuracy to the unknown model using the most appropriate
number of hidden neurons and hidden layers. In general, the common principle indicates that
the most appropriate number of hidden neurons is application-dependent and can only be
decided empirically during the early stages of topology design. However, theoretically, an
MLP is a universal approximator, and it can be applied to approximate the unknown model

to any degree of accuracy, and one or two hidden layers are all it takes to reach this arbitrary

mapping capability.

3.5.2.2 Back Propagation Learning Algorithm

Multi-layer networks use a variety of learning techniques, the most popular being
back propagation. Back propagation is a supervised learning technique. It was first desc1;ibed
by Paul Werbos in 1974 and further developed by David E. Rumelhart, Geoffrey E. Hinton ,
and Ronald J. Williams in 1986.

Back propagation requires that the transfer function or net function used by the
artificial neurons be differentiable. By presenting the training data of the desired output to
the MLP, the actual output values are compared with the desired output to compute the value
of the predefined error-function. The error is then fed back through the network from the
output layer to the input layer. Using this information, the algorithm adjusts the weights of
each connection in order to reduce the value of the error function by some small amount.
Gradient descent techniques are usually used to adjust weights to achieve non-linear

optimization. The derivative of the error function with respect to the network weights is
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calculated, and the weights are then changed such that the error can be reduced. After
repeating this process for a sufficiently large number of training cycles, the network will
usually converge to some state where the error of the calculations is small. In this case, one
says that the network has learned a certain target function. The process of back propagation
can be illustrated by the following steps:

1. Apply input vectors to input nodes and calculate the actual output values.

The output of neuron 7 in the MLP y; is

v =L, wy,) = f(net,) 3.7)

Jed,
where f; is the activation function of node i and 4, = {; : 3w, } is the set of nodes anterior to

node i. y; is the output of anterior node j. If the anterior nodes are input nodes, then y,
represents the input vector x,= (X, X, ..., Xy, Where p =1, ...P represents the patterns of
the training samples. N is the number of input nodes. The activify of the input nodes is
determined by the network's external input x. For all Aother nodes, the activity is propagated
‘forward accbrding to Formula 3.7. And ﬁnally the output of the output nodes can be
calculated. Note that, before the activity of node 7 can be calculated, the activity of all of its
anterior nodes must be known.
2. Calculate the error function.

Given the desired output to specified input vector, the error function is:

5 =0, =$Zz<f<nerp,,,)—o,,m)2 (3.8)

p=1 m=1
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The desired output of the MLP for pattern p is 0,= (Op), 0p2, ..., Ony), where M is the

number of output nodes. In the above function, Y18 the actual output value of the output

node m for input pattern p, and o, is the desired output value of the output node m for input
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pattern p. The error is summed over the neurons in the output layer and over all the training
patterns.

3. Calculate how much the weight should be adjusted.

The error E is minimized in most cases by using gradient descent, whereby weights
are adjusted in such a manner that E is always made smaller. Then the gradient of weight w;

can be written as:

OF
Aw, = —n— 3.9
w, "aw,.j (3.9

Besides gradient descent, there are several other methods, such as conjugate gradients,
which involve a search along selected directions in weight space, as opposed to simple
gradient descent. Such methods can sometimes improve the training speed, but they also add
to system complexity.

By applying the chain, we can get

ow, Onet; ow, ~ Onet, OW,; kea - Onet,

¥

OF OF Onet;, OE 0 OE
= Zwikyk = Y =5iyj (3.10)

where J, = . From the above formula, we can see that back propagation can be

Onet,

4

simplified as calculating the derivative of the error with respect to the weights.
4. Error back propagation
For hidden units, the error can be propagated from the output nodes. Again using the

chain rule, the error of a hidden node can be expanded in terms of its posterior nodes

OE onet, 0Oy, :
6, == Ll = f (net))) 5w, 3.11
’ Z@net,. dy, Onet, 7€ j)iezpj Y G-11)

iep;
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where P, = {i:3w,}is the set of nodes posterior to node j. Note that, in order to calculate the
error for node j, the error of all its posterior nodes is be given. As long as there are no cycles
in the network, there is an ordering of nodes from the output nodes back to the input that

respects this condition.
S. Update the weights and biases. And repeat the above steps to keep updating

weights and biases until the error E is small enough and no modification of weights is made.

Then the training is over,
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4. WLAN Indoor Propagation Environment

Although the neural network-based location calculation method does not rely on
priori knowledge of any environment parameters such as location of access points and
building characteristics, it is necessary to analyze the propagation pattern of WLAN RF
signal strength. The propertieé of the propagation pattern, such as resolution, accuracy, and
precision, determine the performance of all propagaﬁon map-based WLAN location systems.
By analyzing the RF signal propagation model in an indoor environment, we can find out the
rules for RSSI distribution, which is a dominant factor that affects the signal signature ina
propagation map. After we understand these basic rules, a better way to create the
propagation map or the setup training data set for neural networks can be achieved. In this
chapter, we will discuss the basic mechanisms of radiowave propagation first. And then two
types of RF signal fading -- large-scale fading and small-scale fading -- are discussed, and
several fading-@bdéls to describe the fading are also presented. Analysis of field-measured
data Bas provén the effectiveness of those models. Based on the indoor propagation models
of path loss, we will discuss issues of how to create the propagation map in the third section.
In the first part of the third section, we will discuss the effect of RSSI quantization on the
RSSI propagation pattern. Then a concept, “RSSI resolution” over space, is introduced, and
the relationship of RSSI resolution with the distance to the transmitter, the path loss exponent,
and RSSI granularity is analyzed. And in the end, based on the analysis and simulation

results, basic rules of creating a propagation map are proposed.
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4.1 Propagation Physics Mechanism

Radio wavé propagation generally means the movement of elecfromagnetic waves
from a transmitting antenna to a receiving antenna in the presence of one or more types of
ground, troposphere, ionosphere, terrain, man-made obstacles, etc. As we discussed in
Chapter 3, the exact mechanism of propagation depends on the frequency used, the gains of
the antenna, the proximity of the antennas to the ground, the electrical characteristics of the
atmosphere, terrain features, building structures and materials, etc. Maxwell’s equations
govern the behavior of electromagnetic waves in space and time. Plane waves are the
solution to Maxwell’s equations in the Cartesian coordinate system, where the position
vector is specified by its distance (x, y, z) along the coordinate axes. The following are

Maxwell’s equations [50].

é(x,y, z;-t) =Re[E(x, y,2z)e’™ ] | 4.1
h(x,y,z;6) =Re[H(x, y,2)e’] (4.2)
VB =—joufl - 5 | 4.3)
Vx H=jocE+okE +J | (4.4)

é(x,y,z;t) and h(x,y,z;t) are the electric and magnetic field intensities of a plane wave,

and t here is the time variable. =27 f is the radian frequency of the oscillating wave. (4.3)

and (4.4) are simplified notions when the propagation media has constitutive parameters,
including permittivity & permeability u, and conductivity o. M and J denote the phasor
magnetic and electric current densities respectively. ¢, 4, and ¢ can, in general, change with

position as well as frequency.
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When a radio wave propagates in an environment with obstacles, based on the
difference of the obstacle’s surface roughness, materials, shape, size, and quantities, the radio
wave could be absorbed, reflected, or diffracted. The radio wave’s propagation behavior or
mechanisms can generally be categorized into three basic propagation mechanisms:
reflection, diffraction, and scattering [51]. An importart factor that affects the radio wave’s
propagation is the obstacle’s size. When the obstacle’s dimension is much bigger than the
wave length of the radio wave, reﬂectio’né could occur when the radio wave impinges upon
the surface of the obstacle. Diffraction is also called “shadowing”. It happens when a bigger-
than-wavelength-size impenetrable obstacle blocks the line-of-sight (LOS) between the
transmitter and receiver. When multiple obstacles in the radio_ propagation channel have sizes
on the order of wavelengths or less, scattering could happen. The radio wave diffracts among

the obstacles and is finally radiated in many different directions. Figure 4.1 illustrates the

above three propagation mechanisms.

Reflection
RS h <
SRSy SoAd
Transmitter § \ \»\ Scattering
Diffraction .

\.

&

Receiver

Figure 4.1 Three Radiowave Propagation Mechanisms

The effects of diffraction and scattering have been studied for many years. Scattering,
which follows the same physical principles as diffraction, is proven to be the most difficult
of the three propagation mechanisms to predict. It is well known that objects whose

dimensions are small compared to a wavelength act as weak scattering centers, with effective
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scattering cross-section proportional to the fourth power of the impinging wavelength. Since
the wavelength of a WLAN is 12cm in the 2.4 to 2.5GHz ISM band and around 5.5cm in the
5.2 and 5.8 GHz UNII band, the dominant scattering obstacles in an indoor WLAN
environment usually have sizes from 2 to 3 c¢m to human dimensions of 2 to 3 meters. So
most scatterings that happen in indoor environments fall into the regime of Mie scattering
[52], which is a complete analytical solution to Maxwell's equations for the scattering of
electromagnetic radiation by spherical particles whose dimension is one to ten times bigger
than wavelengths.

All of the three propagation mechanisms contribute to the instantaneous received
signal strength at the receiver. However, in different propagation environments, each
propagation mechanism contributes differently. For example, when the receiver is located in
a wide-open area with a clear LOS to the transmitter, the effect of diffusion and scattering
can usually be ignored. In the indoor environment without an open areca, where there is
usually no LOS reception, diffraction and scattering are most likely to dominate the
propagation.

Reflection, diffraction, and scattering result in multiple paths for a signal transmitted
from the transmitter to the receiver. Thus, at the receiver, the received signal should be the
sum of all of these multipath signals. Because the paths traversed by these signals are
different, these signals interact with each other. The effects of multipath include constructive
and destructive interference and phase shifting of the signal. And this causes multipath
fading, such as Rayleigh fading or Rician fading. Multipath fading is often referred to as
small-scale fading, which is used to describe local effects on the rapid fluctuations of the
instantaneously received power. Besides of this local effective small-scale fading, the large-

scale effects of path losses cause the received power to vary gradually relative to the distance
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between the transmitter and receiver. In the following section, we will discuss analytical

models that can describe large-scale and small-scale fading.

4.2 Indoor Propagation Modeling

Propagation models are usually aimed to predict the average received signal strength
at a given distance from the transmitter, as well as the variability of the signal sfrength in
- close spatial proximity to a particular location [53]. Propagation models can be divided into
two categories based on the scale they are describing. Large-scale propagation models
predict the mean signal strength for an arbitrary transmitter-receiver (T-R) separation
distance. They usually describe the signal characteristics over large T-R distances and
determine a power level averaged over an area of tens or hundreds of meters, therefore called
the “area-mean” power. On the other hand, small-scale propagation models describe the
rapid fluctuations of received signal strength over very short travel distances, usually less

than a few wavelengths, or short time durations in the order of seconds.

4.2.1 Large-Scale Propagation Models -- Path Loss

As we can see, modeling radio wave propagation is a difficult task, especially when
the pfopagation environment is complicated with unknown variance in ¢ u and 0. To
account for the effects of various environmental factors, people always compare the actual
received signal to the signal one would receive under free-space conditions, as the Friis

transmission equation (equation 3.1) describes.

‘ A
P. =G.G P (--)? 3.1
, =G, ,‘,(4m,) . (3.1)
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In a non-free-space environment, the effects of various mechanisms can be lumped

into a single parameter, and the Friis transmission equation is modified as

F*,
P =G,GP(— 4.5
. e,,(PL) 4.5)

0

where F is known as the propagation factor, and PL, = (47d / A)*is the free-space path loss

defined as the ratio of P, to P, when the antennas have unit gains. Many propagation
“problems are aimed to determine F for a given environment.

In both indoor and outdoor environments, the average large-scale path loss for an
arbitrary T-R Separation distance is expressed as ar function of distance. Theoretical analysis
‘and field measurements have proven that the average received signal power decreases
logarithmically with distance. The path loss at distance d to the transmitter caﬁ be expressed

as the following equation, which is also referred as log-distance path loss model [53].
PL(dB) = PL(d,) +10nlog(d / d,) (4.6)
where 7 is the path loss exponent, d,is the reference distance, and ﬁ(do) is the average

received signal power at reference distanced,. This value » is dependent on the specific

propagation environment, i.e. type of construction material, architecture, and location within
a building. The smaller # is the lower the signal path loss. The value of n ranges from 1.2 to

8 [54]. In free space, n is equal to 2. If the shadowing fading is included, the above equation
can be written as: |

PL(dB) = PL(dy) +10nlog(d / dy) + X, (4.7)
where X is a zero-mean Gaussiaﬁ distributed random variable in dB with a standard

deviation of 6. The random variable indicates the shadowing effect. Shadowing, also referred
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as log-normal shadowing, represents the effect of different travel paths on the different
locations that have the same distance to the transmitter.

Many empirical outdoor path-loss models have a similar form to the log-distance path
loss model. These models vary widely in their approach, complexity, and accuracy. And
most of them are based on a systematic interpretation of measurement data obtained in
several areas. However, applications of these models are not restricted to the environmehts in
which the model was made. Many wircless systems use these models as a basis for
performance analysis. Commonly used outdoor path-loss models include the Okumura model,
the Hata Model, the Walfisch and Bertoni Model, etc.

The log-distance path loss model can also apply in indoor environments. Many

researchers have shown that indoor path loss obeys the following equation:
PL(dB) = PL(d,) +10nlog(d / d,) +7, (4.8)
The above equation has the same form to the log-normal shadowing model of

equation 4.7. Y_ is a normal random variable in dB having a standard deviation of ¢ dB. The

pass value of ¢ and loss exponent » depends on the surroundings and building type. Table
4.1 shows some typical values for various indoor environments [51]. In the table, hard
partitions refer to the fixed walls or aisles in office buildings. And soft partitions refer to the
moveable obstructions such as wall panels or furniture panels that are lower than the ceiling.
The value of ¢ implies how accurate a path loss model predicts the actual loss in a building.

The smaller o is, the more accurate the model is.
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Table 4.1 Path Loss Exponent and Standard Deviation in Different Indoor

Environments for Log-Distance Path Loss Model

Environment Frequency (MHz) n ¢ (dB)
“Retail store 914 2.2 8.7
Office, hard partition 1500 3.0 7.0
Office, soft partition 1900 2.6 14.1
Chemical factory (obstructed) 4000 2.1 9.7
Chemical factory (LOS) 4000 2.1 7.0
Suburban home ; 900 3.0 7.0

4.2.2 Attenuation Factor Model

The attenuation factor model is a more accurate model than the log-distance model.
The log-distance model can be applied to most kinds of indoor environments by selecting a
different path loss exponent » and standard deviation o. But standard deviation between
measured and predicted path loss By the log-distance model can reach 13 dB. The attenuation
factor model [54] ‘increases this accuracy by introducing site-specific factors. It has been
proven that the attenuation factor model can reduce the standard deviation between measured

and predicted values to 4 dB. The attenuation factor mode-l can be expressed as
PL(dB) = PL(d,) +10n, log(d / d,) + FAF[dB]+ Y PAF[dB] (4.9)
where n, is the path loss exponent for one floor, and FAF is a floor attenuation factor that

represents the losses between the floors of a building, and PAF is a partition attenuation
factor that refers to the loss caused by the obstruction located on the path from the
transmitter to the receiver. The total path loss is the summary of the log-distance factor, the
path loss caused by different floors, and all the obstructions in the propagation path. It has

been shown that this model can yield excellent accuracy while offering big computational
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efficiency [55]. n, can be selected from Table 4.1 according to the type of the environment.

Tables 4.2 and 4.3 give some typical values of FAF and PAF [54] [53].

Table 4.2 Average Floor Attenuation Factors in dB in Two Buildings

Buildings (Office Building) FAF(dB) Building 1 FAF(dB) Building 2
Through one floor 16.2 12.9
Through two floor 27.5 18.7
Through three floor 31.6 24.4

Table 4.3 Average Signal Loss for Different Obstructions

Obstruction (Materials Type) PAF (dB) Frequency(MHz)
All metal | 26 815
Concrete block wall 13-20 1300
Metal catwalk/stairs 5 1300
0.6m square reinforced concrete pillar 12-14 1300
Concrete floor ' 10 1300
Dry plywood (3/4 inch)- 1 sheet 1 | 9600
Dry plywood (3/4 inch)- 2 sheet 4 9600
Wet plywood (3/4 inch) - 1 sheet 19 9600
Wet plywood (3/4 inch) - 2 sheet 39 9600
Aluminum (1/8 inch) — 1 sheet 47 9600
Light textile 3-5 1300
Heéwy textile 8-11 1300
General Machine (10-20 sq ft) 5-10 1300
Metal blanket -12 sq ft 4-7 1300

Based on the attenuation factor model, we can predict the received signal strength at a
given location by predicting the path loss from the transmitter to the receiver in a specific
propagation environment. In the application of indoor location technology, a signal strength

map can be generated based on these predictions. The predicted sigrial strength map is as
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accurate as the field-measured one, but it is more convenient and efficient in time and cost.
Even though the predicted received signal strength might not be able to be used to train a
neural network, we still can use propagation models to qualitatively and quantitatively
analyze the signal propagation pattern, which will help us pick up a training dgta set in return.

Figure 4.2 illustrates a predicted RF signal propagation pattern based on the
attenuation factor model. The selected location is lab office 5026 (12m x 17.5m) on the 50
floor of the SITE building at the university of Ottawa. Figure 4.2 (a) shows tﬁe structure of
the lab. There are five small enclosed offices located in a row in the lab, and the rest area is a
big open area. An access point is located in the first small office, and its transmitting power
is 100mw or 20dBm. Since thersmall offices have concfete walls, according to table 4.3, the
PAF is set to 13dB. And according to Table 4.2, the path loss exponent is 3.0. The Matlab®

simulation result is shown in Figure 4.2 (b).
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(a) Office Structure of SITE 5026 in University of Ottawa
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(b) Predicted RF Propagation Pattern
Figure 4.2 Propagation Pattern Prediction Based on the Attenuation Factor Model

Empirical measurements of path loss usually include the effect of path loss,
shadowing, and multipath. In order to remove multipath effects, empirical measurements for
path loss typically average their received power measurements and the corresponding path
loss at a given distance over several wavelengths. This average path loss is called the local
mean attenuation (LMA) at distance d. The benefits of using LMA are the elimination of
uncertainty in the measurement and making the propagation models more applicable to
various environments. However, to utilize the received signal strength in the location system,
techniques must be taken to deal with the multipath effects in the real-time field
measurements. The following sections we will give a detailed analysis of multipath effects or

small-scale fading in indoor environments.
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4.2.3 Small-Scale Fading — Multipath

Smali-scale fading is a characteristic of radio propagation.at the receiver. It is the
result of the presence of reflectors and scatters that cause multiple versions of the transmitted
signal to arrive at the receiver. Each version has a distorted amplitude, phase, and angle of
arrival. All of these multiple versions of signal waves, called multipath waves, combine at
the receiver antenna and result in a signal with random variation in amplitude, phase, and
even in frequency. Because of the random characteristics of the multiple waves, sometimes
these waves add constructively, producing a received signal with a large amplitude or RSS,
while at other times they add destructively, resulting in a very low RSS. The range of RSS
variation can be up to 60 to 70 dB. Figure 4.3 shows a field measurement of small-scale
fading in lab office 5026 on the 5™ floor of SITE building on November 29, 2005. The figure

shows 2500 seconds of signal strength variation at a fixed position.
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Figure 4.3 Small-Scale Fading on Received Signal Strength at Fixed Location
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Small-scale fading has the following three major effects. First, it causes rapid change
in RSS over a small travel distance or time interval. This effect is very important to indoor
location systems. Because of small-scale fading, the real-time RSS detected by the receiver
varies greatly. Methods have to be taken to eliminate the variation in the RSS samples before
the application of location methods, or the performance of location system will be
compromised. The second and third effects are random frequency modulation due to varying
Doppler shifts and time dispersions due to multipath propagation delays. Since frequency
shifts and signal delay measurements are not supported in the WLAN standard, information
about frequency and signal delay cannot be utilized in our WLAN location systems. In the
following sections, we will focus on the small-scale fading on signal strength.

There are many physical factors in the radio propagation channel that can influence
small-scale fading. The most important factors include the speed of the mobile device, the
speed of the surrounding objects, the transmission bandwidth of the signal, and the multipath
propagation [53]. The movement of the mobile device and the surrounding objects in the
propagation channel results in random Doppler shifts on multipath waves. If the objects in
the propagation channel are static and the motion is considered to be due only to that mobile
device, then fading is purely a spatial phenomenon. However, as Figure 4.3 showed, due to
the dynamic nature of the indoor environment, small-scale fading in indoor environments
usually varies with time. The bandwidth of the channel can be quantified by the coherence
bandwidth, which is related to the specific multipath structure of the channel. If the
transmitted signal bandwidth signal is greater than the coherence bandwidth of the multipath
channel, the small-scale fading will not be significant even the received signal will be
distorted. On the other hand, if the transmitted signal has a narrow bandwidth compared to

the channel, the amplitude of the signal will change rapidly, but the signal will not be
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distorted in time. Multipath propagation is very normal in indoor environments or dense
urban areas because these propagation environments are full of Variance objects, obstacles in
various materials and motions. Multipath propagation introduces small-scale fading, signal
distortion, or both. As a result, the statistics of small-scale signal strength over small
distances is related to the specific amplitudes, the delays of the multipath channel, and the
bandwidth of the transmitted signal. In Figure 4.3, We can see that, even at the same locaftion,
the small-scale effect from different access points varies. In this case, the RSSI detected from
the AP2 experience more small-scale effects than AP1.

Many researchers have worked in the area of studying small-scale fading in different
propagation channels [53] [56] [57] [58]. One type of method to evaluate multipath
propagation in a channel is using special hardware to measure the parameters of the channel,
such as time dispersion parameters, coherence bandwidth, Doppler spread, and coherence
time. A number of wideband channel sounding techniques have been developed for this
purpose, including direct pulse measurements, spread spectrum sliding correlator
measurements, and swept frequency measuremehts. The other type of method is using
theoretical propagation modeling to analyse the propagation channel. Due to its random
unpredictable nature, small-scale fading is always studied as a stochastic process. Numerous
researchers have focused on models of measuring and analyzing the first-order statistics of
these processes, which involves the characterization of small-scale fading with a probability
density function (PDF), or the autocorrelation statistics of fading processes. The second
order of statistics‘ such as power spectral density (PSD), level-crossing rate, and average fade
duration, have also been studied. However, in our case, what we can access in the WLAN
infrastructure and what the location system needs are only the small-scale effects on RSS. In

the next section, we will discuss in detail two major multipath fadings, Rayleigh fading and
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Rician fading, which have been proven effectively describe the distribution of RSS in the

multipath propagation channel.

4.2.4 Rayleigh and Rician Fading

Rician distributions and Rayleigh distributions are used to model small-scale fading
introduced by scattered or multipath signals at the receiver. Depending on the density of the
scatter, the signal will display different fading characteristics. Rayleigh distributions are used
to model dense scatters without an LOS component, while Rician distributions model small-
scale fading with a stronger LOS component. As shown in Figure 4.4, the small-scale fading

at receiver 1 follows Rician distribution, and small-scale fading at receiver 2 follows

Rayleigh distribution.
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Figure 4.4 Scattering With and Without LOS

Rayleigh fading is a reasonable model when there are many objects in the
environment that scatter the radio signal before it arrives at the receiver. It is well known that
the envelope of the sum of two quadrature Gaussian noise signals follows a Rayleigh
distribution. When multipath waves arrive at the receiver’s antenna, the in-phase and the
quadrature-phase component of the total received signals can be treated as two random

variables. According to the central limit theorem, if there is sufficient scatter, the channel
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impulse response will be well-modeled as a Gaussian process, irrespective of the distribution
of the individual components. This makes the in-phase and quadrature-phase component
independent Gaussian random process. If there is no dominant component td the scatter, then
such a process will have zero mean and with phase evenly distributed between 0 and 2n
radians. The envelope of the channel response will therefore be Rayleigh distributed.

Supposing that the envelope variable is r, the Rayleigh probability density function is given

by

o r?
p(r)= ?exf’[‘zazj (0<r<o) (4.10)
0 (r<0)

where o is the rms value of the received voltage signal, and ¢ is the time average power of

the received signal. The mean value r,, and variance of the Rayleigh distribution

o, which represents the AC power in the signal envelope, and the median valued Vedian 1S

given by
T
r = E[4]= 0'\/_—; =1.2533¢ @.11)
o} = E[r?]- E}r]l=0(2 -7 /2) = 0.42920 4.12)
o =1.177c | (4.13)

median
The instantaneously received power P, with P=r* /2, which is averaged over one

RF-cycle, has the following exponential probability density function:

dP 1 P
—|=—exp| —— 4.14
dr' o? p( azj (14

Py (P)= p(\/2r)

Simulations have shown that the Rayleigh probability density function appropriately

describes the fading of the amplitude if the number of multipath waves is larger than six.
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Measurements over non-line-of-sight paths at UHF frequencies in urban environments

confirm the accuracy of the Rayleigh probability density function.

Rician fading distribution is used to describe the situation that there is a dominant
stationary signal component present besides the random multipath waves at the receiver. In
such a case, the random multipath components are superimposed on the dominant signal. As

a result, a dc component is added to the random multipath signal envelope. The Rician

distribution is indicated

o r?+ A7 4
pir)=1g2 P '?Jo(lj (420,720) (4.15)
0 (r<0)

where 4 is the peak amplitude of the dominant signal and 7,( ) is the modified Bessel

function of the first kind and zero-order. A modified form of Rician distribution with a
parameter K which is defined as the ratio between the deterministic signal power and the

variance of the multipath is more commonly used. K is called the Rice factor, and is

indicated by K = 4’ /20 or the form of dB:

K(dB)=20log A-20logo —10log?2 (4.16) -

The Rice factor X in the Rician distribution is used to characterize the ratio of the
LOS components and the NLOS components. When the Rice factor K is zero, the Rician
distribution reduces to Rayleigh distribution. In other words, Réylei gh fading distribution is a
special case of Rician fading distribution. Expressed in terms of the local-mean power and

the Rice factor X, the probability density function of the signal power becomes

1 -K P2
pP(P):ﬁ_“Li{F)e_exp[— (H? )[0(,/4]{(}; K)PJ 4.17)
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where P is the total local-mean power, which is the sum of the power in the LOS and the
local-mean scattered power and P = (K +1)c*. Figures 4.4 and 4.5 show the probability
density function of a signal envelope in Rayleigh fading and the probability density function

of the received power in Rician fading with variant K.
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From Figure 4.6, we can see that the RSS probability density function of Rician
fading is significantly affected by Rice factor K. When K is small, it means the LOS
component at the receiver is not significant. As a result, Rician fading is approaching to
Rayleigh fading (where K = 0), and the probability density of RSS decreases exponentially.
As K becomes larger, the effect of the LOS component increases, and when K=20dB, the
LOS component at the receiver becomes the dominant factor for RSS distribution. For the
WLAN indoor propagation channel, it is very common that there is no LOS path between the
AP and a mobile station, and in this case Rayleigh fading is appropriate. However, since the
distance between them is very short, a dominant component could exist besides other random
multipath waves. In this case, Rician fading is a better way to describe it.

One example is the two sets of RSSI shown in Figure 4.3. The signal received from
AP1 is Rician fading Witﬁ a larger K, and signal received from AP2 is close to Rayleigh
fading or Rician fading with smaller X. The distribution of RSSI for the two access points are
illustrated in Figure 4.7. As we can see, the RSSI distribution of AP1 is more concentrated to
the mean median value than that of AP2. The standard deviation of AP1 is 0.43 dB and
4.20dB for AP2. The reason for the difference is that the propagation chémnel between AP
and the réceiver has an LOS path, which contributes significantly to the RSSI distribution of
AP1. On the contrary, the propagation channel between AP2 and the receiver is blocked by |

several concentrated walls; the distribution of detected RSSI disperses.
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Large-scale fading and small-scale fading are both important fading models, and both
types of fading must be considéred when analyzing the indoor propagation channels. Figure
4.7 illustrates the detected RSSI from an access point by a laptop computer while moving
office SITE 5026. 4.7(b) shows the detected RSSI at eight different locations along the line
in 4.7(a), and each location is 1.5 m apart. From 4.7(b), we can see that, because of the large-
scale fading, while the mobile device moves away from the a;:céss point, the detected RSSI
gradually decreases. Meanwhile, at each sensing location, the RSSI varies greatly because of
the small-scale fading. In the application of the location syétem, large-scale fading analysis
| can help to deploy access points to maximize the effective range and build the signal
propagation map. Analysis of small-scale fading helps us preprocess or calibrate the training
data set and the real-time measurements. In the next chapter, a preprocess algorithm based on

the analysis of small-scale fading to remove random noise is proposed.
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4.3 Propagation Map Creation in a WLAN Environment

The propagation patternOmatching method determines a mobile device location by
comparing the detected signal signature, such as RSSI in WLAN, with a pre-defined
propagation pattern or propagation map. The creation of a propagation pattern is critical for
WLAN indoor location systems. The performance of a WLAN indoor location system
depends on the accuracy and precision of the propagation pattern and the accuracy of RSSI
measurements. So it is important to understand the underlying working principle of RSSI
measurements and the properties of RSSI distribution in indoor environments.

In the previous chapter, we discussed RSSI in WLAN standards, how RSSI is
obtained and possible physical factors in WLAN environments that have a direct effect on
RSSI. In this section, we will analysis how RSSI is d.istributed in an indoor WLAN

environment based on the indoor RF propagation models discussed above. But before that,



76

let us review how RSSI is generated. As we mentioned in Chapter 3, the RF energy
measured by the circuitry on an IEEE 802.11 WLAN card is quantified to numeric values
from 0 to RSSI_Max. And different vendors use different RSSI Max values in their chipsets.
Because RSSI is intended to be used in a relative manner and absolute accuracy is not
required in the standard, each vendor made their own definition about the relationship
between the RSSI value and the RF energy level detected by the circuits. As a result,
individual vendors have chosen to provide tﬁeir own levels of accuracy, granularity and

range of actual power, and range of RSSI values.

4.3.1 Quantified RSS — RSSI Granularity

Since the RSSI value is an integer, it must increase or decrease in integer steps, and

- granularity in RSSI measurements must be Qonsidered when matching RSSI values to the RF
energy levels. RSSI granularity depends on two factors. One is the range of energy the circuit
actually measures. Second is how the detected energy levels converge to RSSI values and
finally transfer to the dBm values reported to the upper-level applications. One thing to note
here is that not all possible energy levels can be represented by the integer set of RSSI values.
According to the relationship between dBm and mW, when the energy level is bigger

than 5SmW, its dBm value changes little as the mW change greatly. For example, 200mW
equal 23dBm while 100mW is 20dBm; 100mW difference means only 3dB changes in dBm

value. So WLAN chip manufacturers do not measure signal strength bigger than SmW. A

typical maximum measured energy value for RSSI is -10dBm, which is 0.1mW. Any
received energy bigger than 0.ImW will be treated as -10dBm, and RSSI will be the

RSSI Max value. On the other hand, the minimum level of RF energy RSSI can represent is
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determined by the physical limitation of the circuit on the WLAN card. The received signal
energy must on a higher level than the background noise so that the circuit can extract a bit-
stream. The minimum signal energy a WLAN card can detect is receive sensitivity and is a
specification for each WLAN card. For example, the Intel® Pro/Wirele;ss 2011 LAN PC
Card has a receive sensitivity of ;87dBm at IMbps. When the received signal energy is less
than -87dBm, the card is not able o differentiate signal and noise. And as a result, RSSI is
set to zero in such case. In general, the range of received signal energy that a WLAN card
can measure is from its receive sensitivity (i.e. -87dBm) to about -10dBm.

To map the RSSI values with detected signal strength (dBm) values, different
methods are taken by different vendors. Due to the logarithmic natl‘lre of the dBm
measurement and the quantification of RSSI values, many WLAN chipset vendors, such as
Cisco®, map the RSSI value to the dBm using tables. These mapping tables allow for
adjustments to accommodate the logarithmic nature of the curve. Because the RSSI Max
value is different for each vendor, different chipset manufacturers have different mapping
tables. One thing to be noted is that, because of the limited number of RSSI values, the
values in the tables do not always increase in a linear manner. Some chipset manufacturers
use formulas to map RSSI with dBm values. For example, Atheros® uses the following
formula

RSS(dBm) = —(RSSI —95) (4. 18)
where RSSI is an integer number from 0 to RSSI_Max. Since RSSI _Max is set to 60 for
’Atheros chips, the possible detected dBm range for an' Atheros® WLAN card is from -
35dBm to -95dBm. Symbol® uses a very simple table to convert between RSSI and dBm.

The following is the converting table of Symbol® [66 ].
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Table 4.4 RSSI and dBm Converting Table of Symbol® WLAN Chip

RSSI Value dBm Value
0-4 ~-100
5-8 -90
9-14 -80
15-20 -70
21-26 - -60
27-60 : -50

The Symbol® dBm value has a range of -50dBm to -100dBm within 10 dBm steps
and only six values are given. Compared with the above simple relationship between RSSI
and dBm, Cisco® provides a more accurate and complex table for its product. For a detailed
converting table please refer to the appendix. Cisco® provides a dBm range from -10 to -113.
But the Cisco® card usually has a receive sensitivity of '-96dBrn at its lowest, which is
corresponds to RSSI = 16, so it is not possible to detect an RSSI value lower than 16 or -
96dBm. And according to the table, RSSI values greater than 93 are assigned -10dBm. So
the actual detected range for a Cisco® card is -10dBm to -96dBm.

Comparing the mapping tables between Symbol® and Cisco® we can see that the
RSSI (dBm) value from Cisco has less granularity and a higher level of accuracy. The bigger
value space it provides, the more accurate RSSI 1s Since the performance of the location
system is based only on the RSSI values, the RSSI granularity is very important for it. To
increase the system’s performance, higher RSSI granularity should be selected. Besides that,
the sélection of a training set and creation of a propagation map are also strongly affected by

the RSSI granularity. A detailed analysis about the effect of RSSI granularity on the RSSI

pattern is given in the following sections.
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4.3.2 RSSI Pattern Analysis

4.3.2.1 Free Space Propagation Channel

Small-scale fading is random signal variance in a small space or time difference.
Because of its random nature, it can hardly provide any reliable signal signatures to build the
propagation map. Usually, only large-scale fading is used to build a propagation pattern map
because it is much more stable with distance and time. If we ignore the small-scale fading
and shadowing, according to the attenuation factor model, the distribution of RSS should Be
continuous over space, except in the place where an obstacle is located, which introduces a
sudden drop. Howevér, as we discussed above, because the RSSI cannot present all of the
RSS values and RSSI (dBm) is converted from integer values, the RSSI propagation pattern
is cut into “steps” even without any obstacles in the propagation path. For higher-level
applications such as the location system here, the RSS information converted from RSSI has
been quantified, and the relationship between distance and detected signal strength is not

continuous.
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- Figure 4.9 Relationship Between RSS with Distance
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Figure 4.9 (a) illustrates the relationship between the predicted RSS value (dBm) and
distance (meter) based on the log-distance path loss model. In the example, the reference

distance is d, =1m , the average received signal power at reference distance d,

is ﬁ(do) = 0dBm , and the path loss exponent is #=2.0, which means free space propagation.

The relationship between distance and RSS is not linear; the RSS changes logarithms with
distance. In other words, in a free space propagation channel, each dBm change in RSS
represents a different distance variance. Figure 4.9 (b) shows the relationship with each RSS
dBm value changing with its corresponding distance variance. We define the RSSI resolution
as the required T-R separation distance variation for RSSI (dBm) to éhénge (increasé or
decrease) one dBm. The RSSI resolution represents the effect of distance on RSSI
distributions. From Figure 4.9 (b), it is clear to see that, when the RSS is strong, the RSSI
resolution is high, and RSSI is very sensitive to the distance changes. When the RSS is
bigger than -20dBm or the distance between transmitter and receiver is less than eight meters,
as the distance increases one meter, the RSS will decease more than one dBm. However,
when the RSS is weak, the RSSI resolution increases, and the change in distance has less
effect on the change of RSS. When the RSS is less than -40dBm or the distance is bigger
than 100 meters, the RSS will not change 1 dBm until the distance changes more than 10
meters, and when the RSS is less than -50dBm, the RSS will barely change within a 35-
‘meters change in distance. This means that if the indoor propagation channel is a free
propagation channel and the RSS is less than -40 dBm, then the RSS will only have slight
changes everywhere in a typical office-size room, which is a disadvantage for WLAN indoor

location systems, because the RSS propagation pattern will not have significant differences
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in identifying locations, and the system performance will decrease. From the above
discussion, we can conclude the following principle for WLAN indoor location systems.
Principle a: If the effect of obstacles in a WLAN propagation channel is not

considered, the precision and accuracy of RSS to represent location difference decrease as

the RSS decreases.

4.3.2.2 The Effect of Path Loss Exponent n

Fortunately, almost all indoor propagation channels are not free-space propagation
channels and signals fade much mofe quickly in complex indoér environments. In the log-
distance path loss model, the effect of indoor structures and Qbstacles is expressed by
different path loss exponent n. As #n increases, signals fade more quickly. The following
ﬁgurgs show the effect of path loss exponent » on relationship between RSSI and distance.

As n increase, the distance needed to change the RSSI decreases from 35m/dBm to

22m/dBm.
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The effect of path loss exponent n on the relationship between RSS and distance can -
be concluded as:
Principle b: For the same T-R separation, as the path loss exponent # in the WLAN

propagation channel increases, the precision and accuracy of RSS to represent location

differences increase.

4.3.2.3 The Effect of RSSI Granularity

One important thing need to be considered when analyzing RSSI distribution and
RSSI resolution is RSSI granularity. As we discussed above, RSSI granularity depends on
the received signal energy range that a card circuit can detect and the mapping relationship
between RSSI (integer number) and the RSSI dBm values. Different WLAN chip vendors
have different ways to achieve RSSI granularity. As a result, the detected RSSI pattern at thev

receivers will be different if the receivers have WLAN cards using different chipsets, even
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on the same WLAN network and connecting to the same AP. Understanding the effect of
RSSI granularity on the RSSI propagation pattern is important for system hardware design
and the creation of the RSSI propagation pattern.

In previous sections, we discussed three types of WLAN chips: Atheros®, Cisco®,
and Symbol®. In this section, we will illustrate how the RSSI patterns differ from each other
for these three and how RSSI granularity affects the RSSI pattern. Figure 4.11 illustrates the
relationship between RSSI and the distance for WLAN cards from Cisco®, Atheros®, and

Symbol® in the same propagation channel where path loss exponent equals 3.2 and there are

no other obstacles.
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Figure 4.11 Effect of RSSI Granularity on RSSI Distribution

Because the definition of RSSI Max is different, the RSSI granularities for the three

types of cards vary greatly, especially for the Symbol® chipset. Since the Symbol® chipset



84

uses an RSSI Max value of 31 and a rough RSSI conversion table, it can provide only an
RSSI with 6 values. Based on the log-distance path loss model, in a clear channel with n =
3.2, the minimum distance for the detected RSSI to change in a Symbol card is around 60

meters, as shown in Figure 4.12. It is obvious that coarse RSSI granularity will damage the

performance of a WLAN location system.
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Figure 4.12 Distance Changes vs. RSSI Variation (Symbol ® WLAN chipset)

In contrast, WLAN cards with larger RSSI Max values, such as Cisco and Atheros®
chipsets, can provide much more refined RSSI granularity, and in result the variation of
RSSI is much more sensitive to changes in distance between the transmitter and the receiver.
Figure 4.13 illustrates the relationship between RSSI and the distance for Cisco® and
Atheros® WLAN cards. The relationship is estimated based on the log-distance path loss

model, given n = 3.2 and not considering the effect of obstacles located between the

transmitter and the receiver,
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Notice that the effect of RSSI granularity on RSSI distribution is not only from the
resolution of RSSI values, but also from the measuring range of the received signal energy
level, especially the highest defectable RSSI value. For cards that have a larger RSSI Max
value, such as Cisco’s RSSI Max = 100, it can measure a higher level of energy. The
resolution of RSSI varies greatly around values for the Cisco® card because these RSSI dBm

values are not represented in its conversion table. Compared with Cisco®, some vendors’
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RSSI Max is smaller and their chips’ measuring ability in a high-energy region is reduced to
keep the measuring ability at a lower-energy region. For example, Atheros® vhas an
RSSI Max = 60 to make sure there is a high resolution of RSSI measurement at the lower
level; it cannot measure signal strength over -35 dBm. As a result, for WLAN location
systems that using WLAN card with Atheros® chipsets, it will be difficult to achieve high
performance in closing AP areas. According to our simulation results, in a propagation
channel where n = 3.2, the detected RSSI for the Atheros® card will remain -35dBm if the
receiver is less than about 10 meters away form the AP. Compared with high-receiving
energy regions, the effect of measuring an energy range is not significant in a lower
receiving energy region. Both Cisco and Atheros cards’ measuring abilities are limited by
their hardware. They are not able to detect signal energy lower than their receive sensitivity.
The relationship between RSSI granularity and RSSI distribution can be concluded as:
Principle ¢: For the same WLAN propagation channel, the precision and accuracy
of RSS to represent location differences increase as RSSI granularity becomes more refined.
The above discussion about RSSI distribution does not take consideration the effect
of obstacles in propagation channels,' such as walls and furniture, which are very common in
an indoor environment. However, by replacing the log-distance path loss model with the
attenuation factor model, the effect of obstacles can be evaluated. The above three principles
hold even obstacles are taken into account, because according to the attenuation factor model,
the obstacles in the propagation channel only add constant factors to the path loss; they do
not change the logarithm relationship between RSS and distance and have no effect on the

detecting mechanism of a WLAN card.
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4.3.3 RSSI Propagation Map Creation Rules

The performance of a WLAN location system, such as accuracy, effective fange, and
precision, is theoretically limited by the accuracy and precision of the signal propagation
map. The signal signature associated with a location can be identified correctly if it is
adequately different from other signatures. For a WLAN-based location system, the signal
signature is RSSI-detected by WLAN cards. In order to obtain a signal propagation map, we
need to estimate the expected signal strengths as measured by the mobile device to be
localized for the various locations in a target area. There are two types of approaches to
create such a map. One type of approach is using propagation prediction or cell-planning
tools to estimate the signal strength over a target area with a detailed floor plan. The other
type of approach is empirical approach. In such approaches, signal strength distribution is
estimated based on the measured data, or training data, collected at different locations in the
target area. Experimental studies suggest that the first type of approaches are not competitive
against’ empirical models in terms of accﬁracy due to the insufficient precision of RF
propagation models [16][22].

One critical step for the empirical method in creating a propagation map is to decide
the way to collect training data or select sampling locations where training data sets are
collected. There are ways to select sampling locations. Roos al. [23] used a grid methéd,
dividing the target area into cells of the same size, e.g. Im x 1m or 2m x 2m, and collected a
sufficient number of RSST samples at each cell. Another way to collect data is measuring
while walking. In this way, only one data set is collected at each location, and lots of
locations are involved. To form the propagation map, those locations are grouped into

clusters [21]. Each cluster consists of a sufficient number of locations to supply a good
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estimation of average RSSI over its area. The experiment results in [16] [23] [21] have
_ shown that the above methods can give acceptable outcomes. However, the above methods
failed to take into account the effect of RSSI distribution in the process of creating of the
map, and all the locations in the target area are treated equally. But in fact, as we discussed in
previous sections, the RSSI distributions varies at different locations. And the variation in
RSSI distribution determines the variation of accuracy in the propagation map. So it is

necessary to analyze the relationship between RSSI distribution and accuracy and - the

precision of the propagation map.
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Figure 4.14 RSSI Resolution Variation (n=3.0)

Theoretically, the resolution of RSSI detected by a WLAN card over space is
determined by its distance to the receiver, the local propagation environment, and the RSSI
granularity of the WLAN card. For a given target area and location system, the local
propagation environment and RSSI granularity are fixed. The RSSI resolution over space is a
function of T-R separation distance. According to Table 4.1, a typical office environment

with hard partitions has a path loss exponential equal to 3.0. If the WLAN card has the most
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refined RSSI granularity, such as the Cisco® or Athenros® card, then the RSSI resolution
over space can be predicted by the log-distance path loss model, and the result is illustrated
in Figure 4.14.

The simulation result in Figure 4.14 shows that the RSSI resolution over its detecting
range varies greatly. At a high-energy level, for example over -40dBm, the resolution is
about 1 to 2 meter. On the other hand, when RSSI ié lower than -70dBm, the resolution is
bigger than 15 meters. Obviously, there is no need to increase the data collection density to
one meter over these areas, because there are no significant signal variations among the
adjacent sampling points to create location signatures in the propagation map. Meanwhile, it
is appropriate to increase the data collection density at areas with a high RSSI resolution. To
simplify, we can divide the RSSI distribution area into two categories: a high resolution area
and a low resolution area. The separation of these two areas is bz;sed on resolution threshold
| m meters. For example, we can select m=5 meters. According to the attenuation factor
model and the simulation results in Figure 4.14, in a propagation channel with n=3.0, higher
resolution areas are areas with RSSI larger than -53dBm. When the RSSI is less than -
53dBm, the corresponding location falls into low resolution category. Then the cdverage area
of an AP can be represented by the circles and circle bands in Figure 4.15 (a). The inner
circles around AP form a high resolution area, and the outer circle band forms a low
resolution area. These two areas are separated by the circle of RSSI = -53dBm. Note, that -

53dBm here is just a predicted RSSI threshold value for a typical office environment (with

n=3.0) based on the attenuation factor model and the assumption that other random features
in RSSI, such as small-scale fading or shadowing, have been removed from the signals. The
number 1s the threshold by which the RSSI resolution over space is bigger than 5 meters. It

varies as the requirements or the environment change.
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The resolution of a propagation map is determined by the resolution of RSSI
distribution over the target area. For areas with low RSSI resolution, the signal signatures for
adjacent locations in the propagation map will have very small distances, and it will be

difficult for any location calculation method to identify the desired location from its adjacent
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locations, thus reducing the performance of the whole location system. We define the areas
with the same signal signature in the propagation map as “uncertain areas”. Clearly, the
resolution of a propagation area at a specific location is determined to be the size of the
uncertain area around it. Usually, in the WLAN location system, a signal signature in a
propagation map is a vector composed by the RSSI values from several APs. The resolution
of this signature is determined by the highest RSSI resolution of those APs at the specific
location.

Figure 4.15 (b) illustrates the propagation map over an open area with n=3.0. There
are two APs in these areas, and they are 100 meters away from each other, and the RSS at ]
meter away from each AP is 0dBm. As shown in the figure, the coverage area of these two
APs overlaps. The area where the receiver can detect both APs’ RSSI forms the effective
coverage area of the propagation map. And the resolution of the propagétion map varies
greatly at different locations. The gray area in Figure 4.15 (c) is an uncertain area with a
RSSI signature {-74dBm, -74dBm}, which means that the detected RSSI from both APs
within the gray area will b¢ {-74dBm, -74dBm}. The uncertain area is covered by the low |
RSSI resolution area of both APs, and the RSSI resolution of both APs over there is bigger
than 25 meters/dBm. As a result, the uncertain area becomes a rhombus area over 100 meters
| long and 20 meters wide. In comparison with this, Figure 4.15(d) illustrates an uncertain area
within the high resolution area of AP1, and the signal signature over this area is {-52dBm, -
60dBm}. Even though it is located in the low resolution area of AP2, the high RSSI
resolution from AP2 makes the uncertain area only a 4m x 8m rectangular area. In other
words, the map resolution around this area is about 4 meters, because there is enough signal

signature difference to identify different locations for every 4 meters distance.
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Obviously, the resolution of the above propagation map can hardly satisfy the
requirements of an indoor location system. The most efficient way to increase the resolution
is to introduce more signal signatures into the map. In other words, the best way to increase
the performance of a WLAN location system is to add more APs to the target area. The RSSI
distribution of the new AP will cut the above uncertain area into small parts and thus
dramatically increase the resolution of whole pfopagation map. Notice that, just as it is
difficult to locate a position in GPS system with only two satellites, the coverage area of two
APs is usually symmetric along the direct line between them. A WLAN location system will
not be able to judge which side a location belongs to based solely on the symmetric signal
signatures. Adding one additional AP (not on the extension line of those two APs) will
theoretically eliminate the symmetry in the propagation map, thus increasing the resolution
to at least twice as high as before.

According to Figure 4.14, given path loss exponent n, the RSSI resolution decreases -
with the RSSI value. Because of the logarithm relationship between RSSI value and distance,
we can judge the RSSI resolution over a place by measuring its RSSI value. And since the
dominant factor for resolution of the propagation map is the highest RSSI resolution of the
signal signature over a location, we can determine the propagation map resolution around the
specific location by measuring the highest RSSI values from different APs. And the
sampling locations and density can be determined in the same way.

The variation of path loss exponent » could also affect the RSSI resolution. As
shown in Figure 4.10 (b), the RSSI resolution increases as » increases. Typical values of n
are estimated by averaging measured data over all the locations in the target area. However,
in a real indoor environment, path loss exponvent n varies with different environments or

locations. For example, in areas with LOS to the transmitter in a building, the typical value
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of nis 1.6 to 1.8; on the other hand, for areas with complex obstructions, the typical values
of n change from 4 to 6. Given the same RSSI value, the RSSI resolution and propagation
map resolution in an open space with LOS is smaller than those of in obstructed office
without LOS. When we select the sampling location and create the propagation map, the
effect of path loss exponent n or complexity of environment must be taken into consideration.

The above discussion is based on the assumption that small-scale fading and

.shadowing would not affect the creation of signal signatures and the propagation map.
However, in the real world with complex indoor environments, the predicted RSSI resolution
may vary in some ways from the field-measured one. The spatial small-scale fading
introduced by reflection and diffraction from walls and furniture and the random shadowing
caused by radio range irregularity can briﬁg RSSI variations into an uncertain area. It is good
for location systems; because the spatial small-scale fading usually is stable with time, but
they varies with space, and thus they increase the density of signal signafures over space,
thus increasing the resolutioh of the propagation map.

In conclusion, the performance of a WLAN indoor location system is theofetically
limited by the resolution of its signal propagation map, wﬁich varies over the target area and
is determined by the RSSvI resolution. The resolution of propagation is determined by the
RSSI resolution and the manner of selecting sampling points. Research in [62] illustrates that
the size of the grid will affect the accuracy of the estimated locations, and the higher density
of sampling points or smallér grid sizes do not mean better performance. The density of
sampling points should vary with the RSSI resolution. High density is in higher resolution
areas and low density is in lower resolution areas.‘ As we discussed, the RSSI resolution

changes with RSSI values, path loss exponent n, and the complexity of the propagation
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environment. Based on our analysis above, to increase the resolution of the propagation map
and meanwhile decrease the efforts to create it, we propose the following map creation rules.
®  Based on the RSSI value, the target area can be divided into a high RSSI resolution
area with a higher ’RSSI value and a low RSSI resolution area with a lower RSSI
value by comparing the detected RSSI values with a RSSI threshold. A theoretical
threshold value for typical office environment is -53dBm.
®  The resolution of ovefall RSSI or of a propagation map is mainly determined by the
RSSI resolution with the highest RSSI value in the signal signature.
®  Compared with equally grid method, the density of sampling points should increase
in high RSSI resolution areas to increase prbpagation map resolution; in the
‘meantime, the density of sampling points in low RSSI resolution areas should
decrease to save costs.
®  Considering tile effect of a complex environment on the path loss exponent, the
density of the sampling rate should increase in obstructed offices, and should
decrease in open areas with LOS.
®  Considering the RSSI variation introduced by spatial small-scale fading and
shadowing, the density of the sampling rate should increase in areas with complex
structures and furniture and should decreasé in open area with fewer obstacles.
®  Adding more AP will effectively increase the fesolution of the propagation map.
The above rules apply to all the methods for RSSI sampling when creating the
propagation map. For the grid method, the size of the grid should change with the resolution
of thé propagation pattern. The size of the grids should increase as the resolution decreases.

For the clustering method, the measuring density should be higher in a high resolution area

than in a lower one.
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4.4 Summary

For indoor loéation systems using the propagation pattern-based locétion estimation
method, the properties of the propagation pattefn, such as resolution, accuracy and precision,
determine the performance of all of the systems. By analyzing the properties of the process
of RSSI creation, the underlying relationship between the WLAN RSSI parameter and space
or the RSSI resolution over space is obtained by applying the log-distance path loss model.
We find out the rules about RSSI distribution, which is a dominant factor that affects the
signal signature in a propagation map. Based on thes¢ basic rules, a better way to create the
propagation map or to setup the training data set for neural networks can be found.

In this chapter, we analyze the two basic types of indoor RF signal fading: large-scale
fading and small-scale fading. Large-scale fading models: the log-distance path loss model
and fhe attenuation factor model are introduced; small-scale fading models: Rayleigh fading
and Rician fading are discussed; and field-measured WLAN RSSI data also shows that
severe small-scale fading exists in indoor office environments, and thus measures such as
data smoothing or filtering must be applied in the process of training or location computing
to eliminate the effect of small-scale fading. Besides small-scale fading, the distribution of
RSSI is affected by many factors. RSSI granularity and propagation environment determines
the resolution of the propagation map. Based on‘the indoor propagation models, we analyze
the effect of RSSI granularity and the path loss exponent on RSSI distribution. The concept
of “RSSI resolution” is introduced, and the relation of RSSI resolution with distance, the
path loss exponent and RSSI granularity is analyzed. Based on the analysis and simulation

results, basic rules of creating a propagation map are proposed.



96

5: Neural N etwork-Based WLAN Indoor

Location System Design

In previous" chapters, we have discussed the propagation map-based location
calculation method and the neural network method. In this chapter, we propose a system
structure for the propagation map-based WLAN location system using neural networks. The
first section will introduce issues of design for a NN-based WLAN location system. And in
the second part, we present a system structure for a NN-based WLAN location system. And

the third part of this chapter is focused on introducing the detailed system design and

development of each part of a WLAN location system.

5.1 Issues of Neural Network-Based WLAN Location

System Designs

Several issues must be considered before designing and implementing a neural
network-based WLAN location system. As we discussed in Chapter 2, there are four general
issues for an indoor location system: performance, cost, application, security, and privacy, as
Krishnamurthy introduced in [1]. All the above issues exist in our NN-based WLAN location
system. Performance is the most important aspect to be addressed in WLAN location system
design. Performance metrics include accuracy, precision, delay, coverage or effective area,
scalability, and cabacity. In the following part of this section, we will discuss in detail the

issues of design for a WLAN-based location system.



97

Accuracy: The accuracy of the location system is determined by several factors. The
accuracy and resolution of the propagation map put a limitation on the accuracy of the
location system. Obviously, the accuracy of the location system cannot be higher than the
accuracy of its propagation map. The resolution of the propagation map is determined by the
resolution of the RSSI distribution and the method of creating the map.

There are several ways to increase the RSSI distribution resolution. The most
effective way is to increase the APs’ density or add more AP into the system. Increasing the
APs’ density wiH decrease the size of an uncertain area of RSSI distribution. However, it will
also decrease the coverage range of the system. Theoretically, adding one AP will dividc the
uncertain area into two smaller ones and increase the accuracy. However, since the highest
RSSI resolution from a WLAN card is only around one meter, taking into consideration the
small-scale fading and randomness contribution of the environment, the system accuracy will
hardly increase in the high-resolution area by adding more APs when the accuracy already
reaches around one to two meters. It can increase the accuracy only in a low-resolution area.
[63] and [62] show that the highest accuracy a location system can achieve is around 1.5
meters for 25 percent of data. Experiments in [23] also proved that systems using 10 APs
have the highest accuracy, of around two meters with 90% of location estimation error, while
system using three APs has the highest éccuracy, of three meters in the same condition. So
the performance does not increase linearly with the number of APs, even when the overall
accuracy increases. Besides that, increasing more APs will increase the cost and also increase
communication interference, which will decrease the performance of WLAN.

Coverage Area: Coverage area refers to the effective area of a WLAN location
system where it is covered by several APs and effective location estimation can be given.

The size of the coverage area is different than the coverage area of a WLAN network,
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because an effective area of a location system should be covered by at least three APs, while
WLAN only needs one. Similar to accuracy, coverage area is the direct result of AP density
and the number of APs. Note that the accuracy within a coverage area usually is not the same;
the edge of a coverage area has low accuracy, and an area with more AP coverage has high
accuracy.

‘Security and Privacy: The security requirement is one important factor in
determining the infrastructure of a location system. For a network-based sysfem in which the
location estimationiis performed in a location server, security methods such as authentication,
authorization and encryption for communication, etc., need to be considered to protect the
user’s credentials. For mobile-based systems in which the location estimation is done by the
mobile device itself, privacy is easier to be kept. However, considering the higher-layer
appHcation in which the location information of more than one mobile user is needed,
security and privacy is still an issue to be addressed. A detailed discussion of security and
privacy methods in a location system is out of the range of this paper.

Cost: A WLAN-based location system does not need special hardware to be
implemented. The existing infrastructure is enough to build a system. However, to achieve
the specific performance requirements, some systems may need more investment in
hardware, such as increasing the number of APs to increase accuracy or the coverage area.
Cost is also an important factor in deciding the system infrastructure. Networked-based
systems require an additional location server, which will add additional costs. In contrasf,
mobile-based systems can be created using solely software on a laptop, a PDA, a pocket PC,

or another intelligent mobile device. However, mobile-based systems have higher

requirements for the computing ability of the mobile device.
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Besides the above issues, a higher-layer application is also a factor that will affect

system design. Different applications have different requirements for performance, update

frequency, stability, and system infrastructure. For example, some applications may need the

user to share their location information, and then a network-based system will be desired. To

address all of the above issues, a system designer must consider the following problems.

Number of APs: Increasing the number of APs can increase the effective range
and accuracy of the location system. However, it causes more interference in
WLAN communications, and the cost increases.

Location of APs: The principle for selecting a location for APs is to provide the
biggest coverage area and meet the accuracy requirements in target areas. The
best AP location for a location system is different from the best AP location for
a WLAN system, because the target area should be covered by two APs’ high-
resolution area, and WLAN coverage only needs one.

Sampling location and density: Given the propagation pattern, using
inappropriate sampling locations or density can dramatically decrease the
accuracy of the propagation map. Especially for a neural network-based system,
the propagation map is compfessed into the neural network, and its performance
is totally determined by its training data set. Inappropriate sampling will lead to
overtraining (too many samples) or not converging (not enough samples).
Hardware selection: Different WLAN cards will have different RSSI
granularity, which result in different performance of the location system.
System infrastructure: Mobile-based systems have an advantage in security and
privacy, however, network-based systems have the advantage in system

management and maintenance.
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Using propagation models to analyze the propagation environment of the target area
is an effective and efficient way to solve the above problems. Based on the floor print, the
attenuation factor model, and RSSI granularity, we can estimate thé RSSI distribution over a
target area for a given configuration of APs. And the sampling density and locations can also
be determined by applying the propagatién map creation rules. Even though the predicted
RSSI distribution and resolution over the target area may not be accurate due to the
inaccuracy of the propagation model, analyzing the environment using propagation models

can still help decide the configurations of APs and is important for the selection of sampling

locations.
5.2 System Structure

NN-based WLAN location systems include two major subsystems: the propagation
map creation system and the location estimation system. The function of the former system is
collecting sampling data from sampling points, which are selected based on the map creation
rules introduced in Chapter 4. The function of the location estimation system is estimating
the user’s location according to real-time measured RSSI values and trained neural networks.
The propagation map must have been created before the location estimation system can
output correct locations. And the propagation map creation is usually an off-line process
while the location estimation process is online.

Figure 5.1 illustrates the system structure of an NN-based WLAN location system.
The two subsystems have a similar structure. The propagation map creation subsystem has

three basic modules: RSSI collection, the pre-process model, and the NN training model.
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Figure 5.1 System Structure of an NN-based WLAN Location Systerri

The RSSI collection module collects RSSI values from the WLAN card. Depending
on the system infrastructure and application requirements, a location system can collect RSSI
from a local machine or from other machines via a communication link. The pre-process
model is necessary to remove the effect of small-scale fading on the RSSI information. By
eliminating the randomness in RSSI information, the large-scale fading effect will dominate
in RSSI information. Then this RSSI information is fed into an NN training model to train
the neural networks. The location estimation éubsystem has the same RSSI collection and
pre-process modules. The difference is that the online location estimation subsystem has an
NN ’cornputing module and interface instead of NN training module. NN computing
computes the location, given the pre-processed RSSI and trained neural networks. The
interface module transfers the output of neural network computing into location information
that the upper layer application needs. Trained neural networks contain propagation maps,

and the propagation map module is responsible for neural network storage and management.
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For network-based systems, this module runs on the location server, and it contains measures

to protect privacy and security.

5.3 System Design and Implementation

5.3.1 RSSI Sample Collection

The process of RSSI sample collection includes three basic steps: floor print or
propagation environment analysis, sampling point selection, and RSSI collection. The first
step analyzes the propagation environment using propagation models to predict the RF
propagation péttern over the target area. The second step is selecting locations for collecting
RSSI sample values baéed on the analysis results of the floor print and the propagation map
creation rules proposed in the previous chapter. And finally, the last step is to collect RSSI
values at each sampling point. Floor print analysis and selecting sampling points are not
necessary for RSSI sample collection, but they are important for optimizing system
performance and saving costs.

The main purpose of a floor print analysis is/ to predict the RSSI distribution over a
target area for specific RF configurations. As discussed in the previous chapter, the number
and location of APs can dramatically affect the performance of a WLAN 104cati0n system.
Sampling points are also defined based on the predicted propagation pattern. The key for
RSSI sample collection is the selection of sampling points. For neural network-based WLAN
location systems, the sample locations determine the training data set of the Neural Network.
Appropriate RSSI sample collection is the guarantee of achieving the best performance of a
WLAN location system. The density of sampling points is determined using the properties of

the specific location, such as the highest predicted RSSI, complexity of the surrounding
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environment, or LOS or NLOS. Figure 5.3 shows an example of the selection of sampling
points in the SITE 5026 of University of Ottawa. As shown in Figure 4.2(b), the RSSI
propagation pattern for the AP is predicted based on the attenuation factor model for a
typical office environment. Two types of sampling density are provided, 3m x 3m for low-
resolution areas, and Im x 1m for high-resolution areas, and the definition of the high and
low reéolution area is based on the propagation map creation rules. Figure 5.3(a) illustrates

the high-resolution area and low-resolution area given the threshold as -53dBm.

140 X (10cm)
160

y (10cm) (b)
Figure 5.2 Selection of Sampling Points in SITE 5026 for One AP

180 120
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Figure 5.2(b) shows the selection of sampling points based on the separation of the
resolution area and map creation rules. Note that, even in some small offices, the RSSI
resolution should be low, but the sampling density is still high because these small offices
usually have more complex decorations and hence more complicated propagation channels.
The above example is the sampling point selection for one AP. When there are multiple APs,
the high-resolution area of the location system is the sum of the high-resolution area of all of
the APs. And clearly, the high-density area of sampling points in the target area is the sum of

the high-density area of each AP too.

5.3.2 Pre-Process Module Design

The pre-process module is the function of removing randomness in detected RSSI
information. It is important because randomness in RSSI can dramatically decrease the
performance of the whole location system. The pre-process module consists of filters which
cancel out the small-scale fading or shadowing effects. There are two important criteria for
pre-process filter design: the ability to remove randomness and the speed of doing it (or the
number of required samples to remove randomness) or filter delay. These two criteria are not
independent; they are tradeoffs. For the same digital filter, to increase the performance of
eliminating réndom noise, it needs more sample windows, which will decrease the response
time or the processing speed.

| One of the most important parts of random effects in detected RSSI is caused by
small-scale fading, which is either Rician or Rayleigh distributed, depending on the LOS
conditions. Signal smoothing techniques are used to remove small-scale fading effects in the

detected RSSI. The basic idea of signal smoothing is get the median value of the detected
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RSSI signals over a small area and period or average the data to get the mean value. This is
accomplished by adding all the signals in mW and dividing the sum by the number of
samples to get the median value or by sorting all of the samples and taking the value of the
sample in the middle as the median value. [64][65][60] and [48]‘introduced three small-scale

fading eliminating methods: the mean value methods, the median value method, and the

optimized method.

, %ﬁlog(RSS] P
® Mean method [65] (over mW): RSSI, . =-10"" (5.1)
Mean method (over dBm): RSSI,,,,, = mean| RSSI ]7: . (5.2)
® Median method [48]: RSST iin = mea’ian[1’3&»15”1_/.]j\.’=1 (5.3)

N
® Optimized method [60]: RSST,, =10 10g(ZlOR551 ,110 )

J=l

In the above formulas, RSSI; is the detected RSSI value and N is the number of
samples or the size of sampling windows for the filter to produce an effective output value.
Usually, the bigger N is, the closer the output is to the desired value, and the more time it-
needs to produce an output. It has been [65] proven that mean over the power in mW has the
same effect as mean over the decibel values, and thus 5.1 and 5.2 has the same effect. The
optimized method was proposed in [60] by Wong and Cox, and it has been proven that this
method has a faster convergence speed than other methods in a Rayleigh fading environment.
To compare the effect of small-scale removal of the above methods, a group of field-
measured RSSI data was filtered by each method. The RSSI data was measured at 10 fixed
locations in the open area of an office environment. All of the filtered data shows similar

results. Two typical results are shown in Figure 5.3.
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Figure 5.3 Small-Scale Fading Removal of Detected RSSIs

Figures 5.3 (a) and (b) are the measured RSSI of two fixed locations in the open
areas of SITE 5026, and these data are processed by the mean, median, and optimized
methods. The optimized method has the advantages of faster converges in a Rayleigh fading
environment. However, our experiment shows that it does not work well in our typical office
WLAN environment, and it does not converge as the number of RSSI samples increases,
probably because the fading environment is Rician. On the contrary, both the mean method
and the median method can converge to the desired values, but the speed of converge or the
number of samples needed by each method to reach to the desired values is different. In
Figure 5.2(a), it takes 30 samples for the median method to reach the total median value of
the data set, and 65 samples for the mean method to reach an overall mean value. In Figure
5.2 (b), the median method needs 10 samples, and the mean method needs 60 samples. It is
clear that the median method is faster at outputting the right value than the mean method in

both cases. It is because the RF signal fading channel has a deep fading structure, and mean
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values are more easily to be affected by those transient peak values. As we illustrated in the
above figures, peak values, such as -30dBm in the detected RSSI are very common in our
~ test environment. These peak values make the output of the mean method unstable even at
fixed locations. On the other hand, the median method can provide faster converges and a
more accurate output, given the same number of samples in our ofﬁc¢ propagation
environment. Thus, compared with other methods, the median method has an advantage in
the ability and speed of small-scale fading removal. Our field tests also find out that the
number of sarﬁples for a median method to converge in our tested environment is between 10
and 30. For a WLAN location system in a different environment, a similar simulation can be

performed to evaluate the effectiveness of each method and decide the sampling window size

N for the desired method.

5.3.3 Neural Network Module

There are two major functions of the neural netwofk module: one is the storage of
the propagation map and the other is the estimation of locations. The process of neural
network training is also the process of creating the propagation map. And the process of
neural network computing is the process of extracting locations from the propagation map.v
As introduced in Chapter 3, the most commonly used artificial neural network is MLP and
the training algorithm for MLP is backward propagation. MLP is powerful enough for any
WLAN location system.

There are several issues that need to be éonsidered when designing or implementing a
WLAN location MLP. The most important one is determining the architecture of the MLP.

Battiti [24][32] and Wassi [62] proved that a three-layer MLP can provide good performance
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for location estimation. More hidden layers lead to more complexity and a bigger computing
burden. The input nodes and output nodes of an MLP are determined by the applications.
The primary input of the MLP is the RSSIs of each AP at the target location. However,
different applications have different requirements about the operation procedure and
performance metric, which results in different metrics for the input and output nodes of an
MLP. For example, as Figure 5.4 shows, in a WLAN location systein in a multi-floor
environment, the input to the MLP could include the floor number or other information that

is not from the AP directly but can greatly improve the performance of the MLP.

x coordinate y coordinate

Output Layer

Hidden Layer

RSSLip1 RSSLip; RSSILiy Floor Input Layer

Figure 5.4 MLP Architecture for a WLAN Location System

The most intuitionistic outputs are the coordinates of the target location, but if the
WLAN location system needs only to identify the room in which the device is located, the
output of the MLP can be simplified to just room numbers, and thus one output node is
enough in this case. Compared with input and output nodes, the number of hidden nodes is
more difficult to determine. The experiment in [24] and [32] tests the performance of MLPs
for different number of hidden nodes, and the architecture with 16 hidden nodes achieves the

best performance. However, this architecture is limited to this case, where only three APs are
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applied and the target area is their specific experimental area. For other applications, where
the number of APs, the propagation environment, and the performance requirements are
dramatically different from the above experiment, the optimum number of hidden nodes will
change. The best way to determine the number of hidden nodes is still trial-and-error. Since
this process can be done online, and the architecture is determined except for a number of
hidden nodes, even the trial-and-error method is very practical.

Another issue for MLP computing is the availability of RSSI information for input
nodes. In an indoor WLAN propagation environment, the mobile device can not always
~ detect all of the RSSI information from all 0f the APs, because in some areas, the RSS of
some APs is lower than the receive sensitivity of the WLAN card. And this results in an
inconstant number of inputs for the MLP and thus introduces more complexity in MLP
training and computing. Since the missing RSSI is caused by low RSS, it is reasonable to set
receive sensitivity as the default input value for the input node. When the input RSSI from

one AP is not available, the input value is set to receive sensitivity (i.e. -87 dBm for the

Intel® Pro/Wireless 2011 LAN PC Card).

5.4 Summary

In this chapter, we discuss issues of design for an NN-based WLAN location system,
including accuracy, coverage area, cost, security, and privacy. Based on the analysis and
simulation results and the propagation map creation rules, the effect of AP configuration, the
number of APs, the creation of training data set, hardware selection, and system
infrastructure selection for ihe above issues are discussed. We proposed a system structure of

a propagation map-based WLAN location system using a neural network. Then we proposed
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the design of major moduleé in the structure: the sampling collection or creation of a training
data set, the pro-process module, and the architecture of MLP. The sampling point selection
is determined by the propagation map resolution. A propagation resolution-based dynamic
grid method for sampling point selections is proposed. To eliminate the small-scale effects
on the detected RSSI information, a different filtering method is presented. And field tests
show that the median method can provide better performance. And finally, the way to

determine the architecture of an MLP for location estimation is also proposed.
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6 Conclusions

This thesis researches the location problems of a neural network-based WLAN
location system. WLAN-based location systems make use of the RSSI information provided
by the standard WLAN NIC card to estimate a mobile device’s location. While empirical
results and performance studies of different location estimation methods in WLAN
environments have been presented in literature, all of the existing research focuses on data
analysis of collected signal information, but not on the underlying relationship b@twecn
WLAN RSSI distribution and system performance. In this thesis, we defined a concept called
“RSSI resolution” over space for an IEEE 802.11 WLAN environment. And based on the
log-distance path loss model and the WLAN RSSI granularity properties over space, we
found that RSSI distribution over space is affected by the distance between the receiver and
the AP, the path loss exponent, and the quantification properties of the RSSI collection
circuit. The following principles of RSSI resolution are proposed:

Principle a: If the effect of the obstacles in a WLAN propagation channel is not
considered, the precision and accuracy of RSS to represent location differences decrease as
the RSS decreases.

Principle b: For the same T-R separation, as path loss expoﬁent n in the WLAN
propagation channel increases, the precision and accuracy of RSS to represent location

differences increases.

Principle ¢: For the same WLAN propagation channel, the precision and accuracy

of RSS to represent location differences increase as RSSI granularity becomes more refined.
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Given the above principles and the simulation and analysis results, the following

basic rules of creating a prdpagation map in a WLAN environment is proposed:

Based on the RSSI value, the target area can be divided into a high RSSI resolution
area with a higher RSSI value and a low RSSI resolution area with a lower RSSI
value by comparing the detected RSSI values with a RSSI threshold. A theoretical
threshold value for typical office environment is -53dBm.

The resolution of overall RSSI or of a propagation map is’mainly determined by the
RSSI resolution with the highest RSSI value in the signal signature.

Compared with equally grid method, the density of sampling points should increase
in high RSSI resolution areas to increase propagation map resolution; in the
meantime, the density of sampling points in low RSSI resolution areas should
decrease to save costs.

Considering the effect of a complex environment on the path loss exponent, the
density of the sampling rate should increase in obstructed offices, and should
decrease in open areas with LOS.

Considering the RSSI Variafion introduced by spatial small-scale fading and
shadowing, the density of the sampling rate should increase in areas with complex
structures and furniture and should decrease in open area with fewer obstacles.
Adding more AP will effectively increase the resolution of the propagation map.

Given the above analysis, we proposed a system structure of a propagation map-

based WLAN location system using a neural network. The structure includes two phases: the

off-line training phase and the online location estimating phase. There are three major

modules in the structure, the RSSI collection module, the pro-process module, and the neural

network module. For the RSSI sampling point selection, a propagation resolution-based
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dynamic grid method for sampling point selection is proposed. To eliminate the small-scale
effects in the detected RSSI information, a different filtering method is presented. And field
tests shows that the median method can provide better performance. And finally, the way to

determine the architecture of an MLP for location estimation is also proposed.
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Appendix A. RSSI conversion Table of the

Cisco® WLAN card

RSSI dBm Value | RSSI dBm Value | RSSI dBm Value
0 -113 Y -78 68 -41
1 -112 35 -77 69 - -40
2 -111 36 -75 70 -39
3 -110 37 -74 171 -38
4 -109 38 -73 72 -37
5 -108 39 =72 73 -35
6 -107 40 -70 74 -34
7 -106 41 -69 75 -33
8 -105 42 -68 76 -32
9 -104 43 -67 77 -30
10 -103 44 -65 78 -29
11 -102 45 -64 79 -28
12 -101 46 -63 - | 80 =27
13 -99 47 -62 81 -25
14 | -98 48 -60 82 -24
15 -97 49 -59 83 -23
16 -96 50 -58 84 -22
17 -95 51 -56 85 -20
18 -94 52 -55 86 -19
19 -93 53 -53 87 -18
20 -92 54 -52 88 -17
21 -91 55 -50 89 -16
22 -90 56 -50 90 -15
23 -89 57 -49 91 -14
24 -88 58 -48 92 -13
25 -87 59 -48 93 -12
26 -86 60 -47 94 -10
27 -85 61 -46 95 -10
28 -84 62 -45 96 -10
29 -83 63 -44 97 -10
30 -82 64 -44 98 -10
31 -81 65 -43 99 -10
32 -80 66 -42 100 -10
33 ~79 67 -42
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