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Abstract

Wireless Sensor Networks are nowadays becoming increasingly popular. Due
to their low cost, ease of deployment and application, they offer robust so-
lutions in a variety of fields. In this context, localization is one of the most
important functionalities that can be implemented. The analysis of exist-
ing antennas that could suit a light, small, and energy-efficient sensor and
the analysis and design of localization algorithms have been studied in this
work. Indoor localization in a smart home poses certain challenges in com-
parison with the existing and successfully implemented large scale outdoor
localization systems, due to the shadow fading effects and the notable differ-
ences among the indoor environments. This work has focused on localization
based on channel parameters estimation and received signal strength. This
offers versatility, since no previous knowledge of the indoor environment is
required, and cheap deployment. A review of existing methods in this area
is offered and two classical and robust approaches, least squares estimation
and log-likelihood maximization are combined to obtain new algorithms that
can statistically improve the performance in terms of bias and variance of
the error. The results of this work can be applied to the development of
cheap and robustly optimized algorithms. Furthermore, the analysis of the
antennas for this context sets the needs that new lines of future investigation
and development of sensor devices can address.



Sammanfattning

Nuförtiden blir Tr̊adlösa Sensornätverk populärare. P̊a grund av sin l̊aga
kostnad, enkel installation och tillämpning, erbjuder de robusta lösningar
inom olika omr̊aden. I detta sammanhang, är lokalisering en av de viktigas-
te funktionerna som kan genomföras. Analysen av befintliga antenner som
kan passa en lätt, liten och energisn̊al sensor och analysen och utformningen
av lokalisering algoritmer har studerats i detta arbete. Inomhus lokalise-
ring i ett smart hem innebär vissa utmaningar i jämförelse med befintliga
och framg̊angsrikt genomförta storskaliga utomhus system för lokalisering,
p̊a grund av blekning effekter och de anmärkningsvärda skillnaderna mellan
inomhusmiljöer. I denna mening har detta arbete fokuserat p̊a lokalisering
baserad p̊a kanal parametrar uppskattning och mottagen signalstyrka. Detta
ger m̊angsidighet, eftersom inte n̊agon tidigare kunskap om inomhusmiljön
krävs, och billig distribution. En översyn av befintliga metoder inom detta
omr̊ade erbjuds och tv̊a klassiska och robusta metoder, minsta kvadratme-
tod uppskattning och log-sannolikhet maximering kombineras för att f̊a nya
algoritmer som statistiskt kan förbättra prestanda i fr̊aga om partiskhet och
varians av felet. Resultaten av detta arbete kan tillämpas p̊a utveckling-
en av billiga och robust optimerade algoritmer. Vidare fastställer analysen
av antennerna för detta sammanhang de behov som nya linjer för framtida
undersökningar och utveckling av sensoranordningar kan hantera.
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Chapter 1

Introduction

This chapter aims to describe the problem definition and goals of this Master
Thesis. It also describes the structure that the work will follow. Finally, a
general background on the area under study is provided.

1.1 Problem Definition

This Master Thesis work will investigate localization techniques for smart
homes based on the channel parameters estimation. Smart homes are those
that gather all kinds of information and communication technologies, es-
pecially wireless, in order to simplify the common house tasks by applying
these new technologies as well as offering new services. The Master Thesis
aims to perform a theoretical characterization of the phenomena involved
in the WSNs functioning in a smart home environment, and to describe an
accurate localization algorithm. An overview on previously conducted re-
search will be provided so as to study the performance and limitations of
existing algorithms and modelings. Localization techniques are accurate and
refined as long as the systems have access to enough power and technology.
However, research has not been comprehensively conducted on localization
techniques for low power and low rate sensors in indoor environments. Smart
homes and the Internet of things are concepts that will certainly become in-
creasingly popular. The expected deployment of multiple tiny sensors with
low energy requirements will pose new challenges that are addressed in this
work. The great advantage of techniques based on channel parameter esti-
mation is that no calibration is needed, which enables high versatility and
simplicity of installation. Received Signal Strength (RSS) techniques are
also more cost efficient in comparison with other techniques such as Angle
of Arrival (AOA) or Time of Arrival (TOA) techniques, which use measure-
ments of the angle or times of arrival of the various signals, enhancing the
robustness against fading and which require more complex calibration and
equipment.
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Firstly, a literature review and an overview on antennas that suit a smart
home WSNs will be conducted. The antennas should comply with certain
requirements concerning size, weight, and shape. They should also comply
with certain requirements as for range, rate, power supply, and radiation dia-
gram. Then, the wireless channel will be studied in order to mathematically
model the behavior of WSNs in indoor environments. Existing literature
on this field will be reviewed in order to apply the most suitable simulation
methods. Furthermore, an overview on localization methods applicable to
buildings will be conducted by studying existing literature and finding ways
to adapt it to a smart home. A subsequent overview on estimation theory
will enable us to start the analysis of localization algorithms by means of
digital signal processing techniques. Finally, the experimental simulations
will provide an environment comparable to those of real operation in order
to verify the algorithm and the behavior of the whole WSNs in a smart
home.

As for the limitations of this work, it will deal with the radio channel
and the signal processing involved in WSNs for smart homes and thus its
outcomes do not apply to other environments than buildings (e.g. open
air). Moreover, the software and protocols involved are not addressed by
this Master Thesis. Finally, it is important to remark that the algorithms
presented in this Master Thesis are aimed at antennas that comply with the
mentioned requirements.

1.2 Goals

In order to provide an answer to the problem stated in this work, an ini-
tial overview on the antennas that are suitable for a smart home WSNs
environment based on low power and low rate nodes will be conducted. A
subsequent study of the wireless channel in order to mathematically model
the behavior of indoor wireless channels will be carried out. Thereafter, an
overview of localization methods for buildings is to be conducted focusing
on smart homes. A further review of estimation theory that can be applied
to this environment will be studied in order to study the localization algo-
rithms that fit this environment. Finally, experimental simulations will be
performed in order to verify the validity of the mathematical modeling.

More specifically, the questions that this Master Thesis seeks to address
are:

• What is the most suitable antenna for a smart home environment
based on WSNs?

• How can the behavior of the wireless channel of WSNs in smart homes
be modelled?
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• How can we design localization algorithms for smart homes based on
channel parameters estimation considering the existing localization
methods and their limitations, and the estimation theory?

• What is the behavior of such algorithms and the characterization in
practice using the mentioned antenna?

1.3 Background

WSNs are becoming increasingly important. Equipped with a set of sen-
sors of low power and reduced computational capabilities, these networks
show promise in a variety of fields, such as health assistance and care, sport,
or automation of industrial processes. These sensors can measure various
properties, such as temperature, pressure, or presence. WSNs have a very
important role in supporting the ‘Internet of things’, which is expected to
have a dramatic impact on the information technology in the near future.
Furthermore, WSNs contain actuators able to carry out actions, and sensor
nodes that comprise various sensors and actuators with processing and net-
working capabilities [1]. The estimation of the position of the various nodes
that comprise the network is of particular importance in several fields, such
as geographic routing, vehicular networks, and localization.

Despite their easy implementation, the existing ranging localization tech-
niques, based on radio propagation through the wireless channel, pose lim-
itations regarding their application to WSNs. The selection of small, light,
and affordable antennas together with the mathematical characterization of
their propagation mechanism become a useful tool to improve the accuracy
of the localization process.
The exploring of antennas that comply with the mentioned requirements
and that are suitable for transmission and reception concerning localiza-
tion purposes is conducted in this Master Thesis. Moreover, an analysis of
their propagation mechanisms and wireless attenuations when the transmit-
ter emits short signal bursts is performed. Furthermore, this work aims to
study and develop the mathematical algorithms for localization that suit
these conditions.

The novelty offered by this work has an impact on the localization tech-
niques, due to both the relevance of applying it to WSNs in the near devel-
opment of this information technology field and the cost-efficiency offered by
the described antennas in comparison with traditional wireless components.
Smart homes can significantly benefit from this.

1.3.1 Present Situation of Localization in WSNs

This section aims at showing the current trends in localization within WSNs.
The current localization techniques show good performance as long as long
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distances are involved and the systems are provided with enough power. This
is the case of most outdoor localization techniques. However, the accuracy
of these techniques decreases when low power and low rate antennas are
employed in small indoor spaces. There are various techniques that can be
implemented in order to localize the nodes in a WSNs and there are problems
arising when implementing these techniques. The most general methods are
proximity, positioning, and fingerprinting [1–3]. While proximity is based
on comparing with the closest references, position aims to locate the node
through measurements of angles and distances; for its part, fingerprinting
is based on the patterns associated to the signal, being these signals radio,
infrared, or ultrasound [1].

A common approach when implementing localization techniques is the
use of the RSS, which has proven to be useful for outdoor localization [4].
Despite its inaccuracy due to the high variability that the signal poses,
solutions are available in order to smooth its effects by using, for example,
the Kalman Filter [5]. The time difference of arrival can be a factor to be
considered for localization when using ultrasound and radio signals, though
its real implementation can pose issues [5–7]. An additional option is to
consider the angle of arrival of the signal in order to improve the accuracy
[5, 8].

It is also important to distinguish between dynamic and static envi-
ronments concerning the nodes, as well as considering the possibility that
a node may fail; solutions based on the entropy function have addressed
this issue [9]. Alternative proposals related to the Tikhonov regulariza-
tion method are also available in order to reduce the localization error due
to the spurious effects that arise when applying the theoretical models to
real localization environments [10]. It is precisely on error detection and
correction where comprehensive research has taken place. In this context,
localization algorithms based on collaborative scenarios to improve the per-
formance have been proposed and tested [11]. Further research on error
analysis has been conducted in order to achieve methods that are capable of
substantially removing the gross error by introducing the Dixon test [12,13]
in a cost-efficient and effective manner [14].

The already conducted research has not comprehensively focused on lo-
calization on an indoor environment with low power and low data rate nodes.
Indoor scenarios pose various differences and challenges. The antenna range
is significantly reduced due to the presence of walls and various objects and
there are also more reflections and multi-path effects. This involves that the
already developed and tested outdoor algorithms are not necessarily valid
when applied to indoor environments. In this sense, frequency diversity and
applying averaging to data that has been measured in different ways have
proven to be a successful mechanism without modification of the already
existing hardware [15]. Additional approaches focused on fingerprinting to
localize the nodes have been developed as well, with applications oriented
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to the training algorithms within a neural network [16]. The importance of
energetic considerations, treated in the next subsection, leads to the lack of
functionality regarding indicators of signal strength, as this would signifi-
cantly affect the energy life of the nodes. It is thus of particular importance
in indoor WSNs to focus on algorithms that do not necessarily need signal
strength parameters to work, such as range-free algorithms [17], as opposed
to the outdoor localization, where energy is not such an important require-
ment in many cases.

1.3.2 Present Situation of Energy Requirements in WSNs

In the working environment of WSNs, size is a very important factor, since
the nodes should not disturb the activity for which the room is intended.
Moreover, it is of vital importance to obtain nodes that are able to work with
low energy demand, owing to the fact that the users should not be required
to change the battery or pay attention to the node energy requirements too
often for the network to be successful and viable. Hence, it is essential to
focus on low power nodes. The data rates will be consequently low and the
quality of the signals worse.

Thus, the efforts to achieve a better operation of the system are to be
conducted in the improvement of the propagation mechanisms and models,
and in the development of more refined algorithms that are able to work
in adverse and hostile conditions. The lifetime of the sensors and their en-
ergy demands can thereby be optimized not only by using and developing
new energy efficiency techniques, but also by optimizing the already avail-
able resources to take full advantage of the received information. Models
of energy efficiency have been proposed covering all layers, by optimizing
the time slots devoted the the communication [18]. An important concept
concerning energy efficiency is to minimize the time that those components
of the node that require energy are on so that they can be switched off to a
sleep mode when possible.

Of particular interest are the mechanisms of energy harvesting from the
existing environmental conditions. Such mechanisms aim to obtain a sus-
tainable communication network that does not require external energy to be
active. Examples of sources for harvesting are the light, the movement and
vibrations, the temperature, the wind, and electromagnetic radiations [1].
Despite the fact that many of these harvesting mechanisms need optimiza-
tion, research has shown that harvesting techniques are viable nowadays in
some real environments [19]. The requirements of a node whose source power
is based on harvesting are necessarily low power consumption and thus low
data rates, highlighting the importance of localization algorithms aimed at
low power nodes.On the other hand, ultracapacitors have also emerged as
an alternative to conventional batteries in order to obtain energy in a more
sustainable way [1, 20].
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Notwithstanding, the development of these techniques still needs much
refinement. Hence, in spite of some working models available in the market,
the conventional batteries are preferred when manufacturers and companies
are looking for reliability and trustworthiness for solid projects where se-
curity is pursued. In a smart home environment, the potential of energy
harvesting is immense, as the nodes are generally low power and low rate
oriented. Energy solutions based on a variety of techniques, such as tem-
perature changes, can lead to a revolution in the WSNs for smart homes.

1.3.3 Main Standards and Specifications

One of the common reasons underlying the success of technologies in the
electronic and wireless market is the standardization. Owing to the existing
standards, the market can significantly benefit from real competition that
enhances the development of new techniques and the reduction of costs.
Furthermore, efforts are being made in order to achieve an agreement on
the used frequencies that involves the whole world.

The Institute of Electrical and Electronics Engineers (IEEE) [21] is a
professional association that has significantly contributed to the standard-
ization of previous fields, being a top reference on this matter. The Task
Group 4 of the IEEE 802.15 [22] has developed a family of standards that
constitutes the IEEE 802.15.4. Interesting research about the family can
be found in [23]. The Task Group 4 was assigned the investigation of a
standard based on low data rates and low power in order to achieve various
years of life for the elements involved that has become the de facto radio
interface for WSNs [1, 22].

On the other hand, it is important to highlight the work conducted by
the Zigbee Alliance [24] that has expanded the physical and Media Access
Control (MAC) layers specified by the IEEE to all the upper levels in order
to create a standard that has become notably successful [1]. A wide range
of devices of all kinds from refrigerators to thermometers follow the ZigBee
specifications allowing easy integration in WSNs, which has led to rapid
grow and innovation within the networks. As for the range of frequencies
used by the present WSNs, this technology has pursued the implementation
on unlicensed bands. These bands are typically 433 MHz, 868 MHz, 915
MHz, and 2.4 GHz [1].

The main reason for which these frequency ranges have been chosen are
the fact that that they are unlicensed, this is, the International Telecommu-
nication Union [25] has not assigned a public and reserved use for them. Due
to local restrictions applied on different frequency ranges by some countries,
the 2.4 GHz band is preferred in some cases where more interoperability is
required. Finally, RFID can be regarded as an alternative to complement
WSNs. RFID is developed in accordance with a variety of standards by the
International Organization for Standardization (ISO) [26]. The advantage
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of RFID for WSNs is that it offers cheap low power passive antennas that
could be considered for operation in smart home environments.
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Chapter 2

Overview on Suitable
Antennas

This chapter aims to elaborate a comparative analysis of the various com-
mercially available antenna models. The antennas should comply with cer-
tain requirements in order to be suitable for a smart home localization en-
vironment. Firstly, the requirements are listed, and then the possibilities
for the various available frequencies are described. Finally, a comparison is
conducted.

2.1 Antenna Requirements

The purpose of this chapter is to find a suitable antenna for the smart home
environment that we are pursuing. This antenna should have low power
consumption, since it would be a nuisance for the user to change batteries
regularly. In the future, a model of energy harvesting is desired, where the
antenna is fed by a battery that would be in a sleep mode until an event trig-
gers the localization node, which would start transmitting temporarily. This
battery would be in turn fed by a harvester ideally, though this technology
is not readily available at cheap prices. It is therefore of vital importance
that the energy is neither wasted on the antenna, which should be adapted
to very low power and data rates, nor on the everyday operation of the
localization node, but on the transmission when this events occurs.

Moreover, they should not affect the home environment. This involves
that they should be aesthetically discrete and pleasant. They should adapt
easily to walls, which implies that they should have a rather flat shape. Fur-
thermore, they should be small. There are some parameters of importance
that have been considered:

Voltage Standing Wave Ratio (VSWR). This ratio is defined as

VSWR =
Vmax

Vmin
, (2.1)
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where Vmax and Vmin are, respectively, the maximum and minimum
voltage amplitudes of the wave. It shows the efficiency to which the
power is transferred to the antenna, and ideally it should be VSWR =
1 for maximum efficiency [27]. Although the VSWR is very important
in microwave engineering, for our purpose, since this parameter is
optimized for the working frequencies and it is similar on the different
antennas, it is not determining.

Frequency. The frequency of operation of the antenna is on of the most
important parameters. The antenna should work in the Industrial,
Scientific, and Medical (ISM) bands, which are unlicensed, in order to
allow flexibility and reduce costs.

Radiation Pattern. The radiation pattern shows how the electromagnetic
radiation is spread throughout the space from the antenna concerning
power. It is an important factor that has been considered when choos-
ing the antenna. For WSNs application, the antenna should be fully
omnidirectional or 180◦ omnidirectional to be placed on a wall.

Polarization. Polarization is defined as “the figure that the instantaneous
electric field vector traces observed along the direction of propaga-
tion” [28]. If the vector’s trace follows a vertical or horizontal line, the
polarization is linear, whereas if the vector’s trace follows a circle, the
polarization is circular [28]; mixtures of both lead to elliptical polar-
ization. While circular localization is often used for the access points
due to its higher versatility [29], linear polarization has traditionally
been preferred for the nodes. Vertical polarization has shown better
results than horizontal in various scenarios and frequencies [30,31].

Impedance and Gain. These two parameters are often of high impor-
tance in the design of antennas. For our WSNs purpose, the common
impedance is 50 Ω. As for the gain of the antennas, all the antennas
that are suitable for a smart home WSNs have a gain around 1.5 dBi
and 2 dBi.

Type of antenna. The antennas can be implemented in different technolo-
gies, like ceramic or chip, dipole or baluns [1]. Ceramic antennas need
very small space, and are hence commonly used for WSNs. For their
part, the dipole antennas can also use little space if designed properly.

Size, weight and shape. Finally, these characteristics are taken into ac-
count. Due to the high similarities among the studied antennas con-
cerning the electric parameters, these features have been determining
in the election of the antenna.

Range. The range is important for smart home localization. The distance
that the antennas are able to reach depends on the transceiver used
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with them and is therefore not a parameter that belongs to the an-
tenna. However, all the antennas presented are able to reach the dis-
tances required in a smart home.

2.2 Comparative Study

This section aims to offer a comparative perspective of the various antennas
considered for the work. The study focuses on the 2.4 GHz antennas and the
Ultra High Frequency (UHF) antennas operating in the 860 MHz and 960
MHz bands. The antennas operating on lower frequency intervals belonging
to the ISM band were discarded owing to the fact that their range was not
long enough for the purpose of this work. The technical parameters of the
antennas are compared and described in Table 2.1 [32–38].

2.2.1 2.4 GHz Antennas

The antennas that operate on the 2.4 GHz band can be used for a variety
of purposes. One of them is WSNs. It is possible to find antennas in the
market which are optimized for this frequency and which support the typical
traffic patterns of a WSNs. This subsection presents the most highlighted
models that could best suit the requirements of a smart home localization
environment.

Siretta Echo 1 [33]. It is an antenna designed for various 2.4 GHz ap-
plications where space is important including WSNs by the British
manufacturer Siretta [39]. It is based on a tuned element in order to
cover other frequency bands and aimed at small space requirements
and is ground plane independent [33].

Siretta Echo 11 [32]. It is an antenna specifically designed for WSNs by
the British manufacturer Siretta [39]. The features are thought for
WSNs and all the common related standards and is ground plane
independent. Unlike the Siretta Echo 2, this antenna is specifically
focused on the 2.4 GHz band. Space is also a design criterium for the
antenna.

Antenova Rufa [34]. Designed by the British manufacturer Antenova [40],
it is a ground plane dependent small antenna intended for integration
in electronic circuits. The manufacturer offers various similar antennas
for integration of low power and low size.

Fractus Micro [35]. It is designed by the Spanish manufacturer Fractus
[41]. Similarly to the Antenova Rufa, the Fractus Micro offers an
extremely small size and low power antenna to be integrated into an
electronic circuit. The manufacturer also has similar antennas for this
purpose.
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Embedded printed antennas. Finally, the use of embedded antennas can
be considered. These antennas offer extremely small spaces and low
powers. An example of low power embedded printed antenna is that
of the Memsic TelosB mote [36].

2.2.2 UHF RFID Antennas

The UHF antennas operate in the 860 MHz and 960 MHz bands. Al-
though there are existing designs for these antennas complying with the
IEEE 802.15.4 and ZigBee standards, the focus in this section is set on
RFID tags and labels, as they use low power and low rates, which makes
them attractive for a smart home environment.

The RFID tags can be classified into active and passive. Whereas active
tags need a battery, passive tags use the Radio Frequency (RF) energy that
comes from a reader in order to work. The interest of these antennas lies
in the possibility of using low power batteries that would wake up when an
event occurs, feeding these tags. Passive tags can reach shorter distances
than 2.4 GHz antennas, but if the reader is powerful enough they can cover
from 5 to 12 meters. These readers are however very expensive, which makes
them unsuitable for WSNs application.

The offer of UHF passive tags and labels is very broad. There are dif-
ferent standards, but two of the most common standardized labels used in
UHF RFID are:

Electronic Product Code (EPC) C1G2 standard. An example of a la-
bel that follows this ISO/International Electrotechnical Comission (IEC)
18000-6C standard [42] is the Alien ALN-9640 “Squiggle” [38]. This
label is apt for various sources and can be used in many applications.

Philips UCODE EPC 1.19 standard. A standard [43] that is alterna-
tive to the EPC C1G2, offering similar read ranges and characteristics.

2.2.3 Antennas Comparison

This subsection shows a comparison of all the antennas that have been
covered throughout this chapter. The main features are described in Ta-
ble 2.1 [32–38]. It is important to highlight that the range of the 2.4 GHz
antennas depends on the transceiver and therefore can be variable. The
range of the RFID tags has on the other hand and upper limit of 12 m with
the powerful and expensive readers. The ranges provided are for indoor.
As for the VSWR and the impedance for both an embedded antenna such
as the TelosB ’s and the antenna of a UHF tag, this parameter depends on
the exact design, but it should not diverge considerably from the rest of the
values on the table. Concerning the sizes, the smallest antennas are the 2.4
GHz chip antennas, aimed at being integrated. The power depends on the
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Table 2.1: Comparison of suitable antennas for a smart home environment

Antenna Echo 1 Echo 11 Rufa Micro Embedded UHF tag

VSWR < 2.5 : 1 < 1.6 : 1 1.8 : 1 < 2 : 1 Design Design
Frequency 2.4G-868 MHz 2.4 GHz 2.4 GHz 2.4 GHz 2.4 GHz 868 MHz
Pattern omnidir. omnidir. omnidir. omnidir. omnidir. directional

Polarization vertical vertical linear linear linear linear
Impedance 50 Ω 50 Ω 50 Ω 50 Ω Design Design

Range 30 m 30 m 30 m 30 m 30 m up to 12 m
Type 1/4 dipole 1/4 dipole SMD chip SMD chip PIFA label/tag

Table 2.2: Comparison of antenna size in mm for a smart home environment

Echo 1 Echo 11 Rufa Micro Embedded UHF tag

35× 6× 0.8 45× 10× 1 12.8× 3.9× 1.1 4.1× 2× 1 few mm 94.80× 8.15× 0.25

transceiver and not on the antenna, but all of them would be comparable
in range for the same transceiver, being the RFID antennas limited to their
upper limit.

As for the lives of the antennas, the RFID UHF tag presents a shelf life
of 2 years [38]. However it is possible to find tags with longer lives of up
to 10 years depending on the read range and the model. In the case of the
2.4 GHz antennas, the indoor localization sensors would be limited by the
processor or transceiver life, rather than the antenna. Therefore the life of
the antenna is not determining for this group since it will last longer than
the rest of the electronic components of the localization sensor. For its part,
Table 2.2 [32–38] shows a comparison among the sizes of the antennas. The
size of an embedded antenna such as the TelosB ’s depends on the exact
design, however, this antenna’s size is as small as that of the rest of the
compared ones or even smaller.

The conclusion for the aim of this work is that an embedded printed
antenna is the ideal solution for WSNs application. Its size is comparatively
smaller than its competitor and its price is extremely low when produced in
line. There are multiple microelectronic manufacturers specialized on anten-
nas that can offer personalized designs. Therefore, it is feasible that a sensor
with minimal functionality and a printed antenna is the optimal solution.
These antennas can be optimized for different purposes in agreement with
the appropriate manufacturer.

2.2.4 Harvesters

Harvesting energy has become very popular over the last years. It involves
a cost efficient and sustainable way to get power. The variety of sources for
harvesting is enormous, however, not all the techniques are optimized and
ready to be implemented in commercial applications yet. Since the energy
obtained from harvesting for indoor WSNs is not too high yet, significant
efforts are being conducted in optimizing existing techniques. In this con-
text, it is of special interest the ambient light harvesting, where trade-offs
between throughput and performance are crucial in order to obtain a sus-
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tainable network [44].
Notwithstanding, the most common sources of harvested energy that

could be applied in a smart home localization environment are the RF har-
vesting and the solar harvesting. Whereas the RF harvesting is specially
indicated for indoor, the solar harvesting could be used in the outer part of
a home, such as external walls, balconies or gardens. The size of the RF
harvesters is still far from being optimal, whereas the solar harvesters offer
better integration and space consumption. While the energy obtention and
storage efficiency techniques develops, it is interesting to consider these two
commercially available sources in order to foresee future trends.

RF harvesters. RF Harvesters use the electromagnetic energy available in
the ambience in order to feed a battery or capacitor where they store
the harvested energy. There is also a possibility of using no energy
storage device and directly transmitting the collected energy to the
transceiver of the localization sensor. In the last case, the energy
requirements of the localiztion sensor should be minimum and the
service would not be guaranteed in all situations.

In order to feed a RF harvester, there are two techniques. The first one
consists of using a powerful RF reader that sends an electromagnetic
signal that is scattered throughout the indoor environment. This sig-
nal feeds the harvesters that would provide the localization node with
energy or store for future use if they are provided with the appropri-
ate device. An energy efficient approach could involve only activating
the RF reader when an event occurs. The reader must however be
connected to the electric grid. On the other hand, if the existing elec-
tromagnetic energy available in the ambience is enough in order to
feed the localization sensors, this energy can be used. This is not a
common situation in a smart home localization environment, since the
available RF power in the air is not too high.

A representative commercial model of an RF harvester is the Powercast
P2110 [45], which receives the RF power in the 850 MHz - 950 MHz
band and is able to feed 2.4 GHz transceivers. The harvester can be
used to feed a battery or, if the collected power is strong enough, to
directly provide a transceiver with power.

Solar harvesters. These devices use the power obtained from solar radia-
tion in order to generate the power. There are several manufacturers
of solar panels of various kinds. The panels should be adapted to the
needs of the specific sensor. Depending on the location of the har-
vester, it can provide enough power for a localization sensor to work.
Nevertheless, the availability of the power is a problem, since it de-
pends on external factors. Storage devices are needed when the sun
power is not available.
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Chapter 3

Modelling of the Indoor
Wireless Radio Channels

The interest in the ISM bands has progressively grown. These bands offer
unlicensed operation meaning that no authorization needs to be issued, but
it does not involve lack of regulation, since certain technical requirements
must be followed. This section aims to study the propagation models for the
865 MHz and 2.4 GHz bands, which are the most suitable for the design of
a localization network for smart homes. In order to characterize a channel,
a first approach can be measuring its impulse response. A channel sounder
can be used for this purpose [46].

Since the existing indoor propagation models are applicable to different
frequencies, most of them can provide an estimation for both band ranges.
That is the reason for why this chapter begins with an introduction to
indoor propagation models that are analytically developed together with a
semi-empirical approach and then proceeds to review the statistic analysis
available for the more specific band ranges.

3.1 General Indoor Path Loss Propagation Models

Indoor environments differ significantly from outdoor environments in that
multipath has a stronger influence and objects and movement have stronger
consequences on the propagation. This section presents the general ana-
lytical semi-empirical methods for indoor. The models work for various
frequencies and are therefore suitable for both of the frequency ranges that
we are considering for the smart home environment.
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3.1.1 The ITU Indoor Path Loss Model

The ITU model describes the loss [47–49] that a signal experiences in the
radio link as

L = 20 log (f) +N log (d) + Lf (n)− 28 dB, (3.1)

where
N is the distance power loss coefficient
f is the frequency in MHz
d is the distance in meters (> 1)
Lf (n) is the floor penetration loss factor
n represents the number of floors between transmitter and receiver

ITU provides values for the factors in different environments and fre-
quencies. This model takes into account the presence of objects and the
effects of the walls.

3.1.2 The Log-Distance Path Loss Model

This model describes the loss [47,49] as

L = B + 10A log (d/d0) dB (3.2)

B = PL(d0) +XσB (3.3)

Xσ ∼ N (0, σB) (3.4)

where
PL(d0) is the path loss at the reference distance d0 (normally 1 m)
A is the Path Loss Exponent (PLE) which depends on the environment and
type of building that we are considering
XσB is a Gaussian random variable of mean 0 and standard deviation of
σB dB which models the shadow fading effects

The values for these parameters are also available in tables in order to
adapt it to every environment and different frequencies. This model includes
the effects of shadow fading in its random variable.

3.1.3 Indoor Attenuation Factors

The various partitions that we can find in an indoor environment and their
effects on the attenuation can be merged in the following model: [50]

Pr dBm = Pt dBm− PL(d)−
Nf∑
i=1

FAFi −
Np∑
i=1

PAFi, (3.5)
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where
Pr and Pt are respectively the received and transmitted powers
PL(d) is the path loss obtained analytically or experimentally
FAFi is the Floor Attenuation Factor for each floor
PAFi is the Partition Attenuation Factor for each partition

The measurements for the partition and floor losses are available in var-
ious sources.

3.1.4 Simplified Path Loss Model

This model aims to provide a more general view rather than focusing on
precise experimental studies for each case expressing the attenuation as [50]

Pr dBm = Pt dBm +K dB− 10A log (d/d0), (3.6)

where
Pr and Pt are respectively the received and transmitted powers
K depends on the antenna characteristics and channel attenuation
A is the power decay index or PLE
d0 is the reference distance

As noted by Goldsmith [50], K, A, and d0 can be obtained through
approximations of existing models. Equivalently, the one-slope model can
be described as [51]

L = PL(d0) + 10A log (d) dB, (3.7)

where
PL(d0) is the path loss at d0 = 1 meter
A is the PLE
d is the distance

3.1.5 Motley-Keenan Model

According to this model, the loss can be described as [46,52]

L = PL(d0) + 10A log (d/d0) + Fwall + Ffloor dB, (3.8)

where, as noted by Molisch [46], Fwall and Ffloor are the attenuations of
respectively the walls and floors encountered and depend on the material.
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3.1.6 Multi-Wall-and-Floor

The multi-wall-and-floor model [53], takes into account penetration factors
more accurately

L = PL(d0) + 10A log (d) +

I∑
i=1

Kwi∑
k=1

Lwik +

J∑
j=1

Kfj∑
k=1

Lfjk dB, (3.9)

where
Lwik is the attenuation due to the kth wall type i
Lfjk is the attenuation due to the kth floor type j
I and J are respectively the number of walls and floors
Kwi and Kfj are respectively the number of traversed walls and floors of a
certain category

3.1.7 Shadow Fading

In order to model the fading cause by shadowing, the log-normal shadowing
model can be used, being the log-normal distribution that models ratio
between the transmit and receive power [50,54,55]

p(ψ) =
ξ√

2πσψdB
ψ
e
−

(10 logψ−µψ dB
)2

2σ2
ψdB , ψ > 0, (3.10)

where
ξ = 10/ ln 10
µψdB

is the mean of ψdB = 10 logψ and σψdN
its standard deviation

3.1.8 Other Indoor Path Loss Models

The Ericsson Multiple Breakpoint Model [47, 49, 56] can be used for esti-
mation of the worst case attenuation in an indoor environment. For their
part, the partition losses models [49] for one floor or between floors offer a
compilation of data collected by different researchers about the attenuation
caused by the different partitions and obstacles found in buildings.

Additionally, the attenuation factor model [49, 57] describes the loss in
an indoor environment for 915 MHz. The model was improved by the mea-
surements of Devasirvatham [58].

3.2 General Indoor Fading Models

Fading occurs when various signals are being transmitted simultaneously
interfering and can be caused by shadowing, blockage and multipath [47].

17



Whereas the path loss models the effects of the channel on a high scale,
the fading models the small scale effects [49]. There are various fading
models both for outdoor and indoor. This section focuses on the indoor
fading models that could be applied to a smart home environment. Unlike
the previous case, fading models follow statistic patterns, since their exact
characterization is inviable due to the high number of reflections involved.

The signal envelope of a multipath component is commonly modelled
with a Rayleigh distribution of variance σ2 [49, 50]

pZ(z) =
2z

Pr
e(−z2/Pr) =

z

σ2
e−z

2/(2σ2), z ≥ 0. (3.11)

However, if the line-of-sight component is fixed, the quadrature and in-
phase components do not have a null mean and the signal envelope follows
a Ricean distribution [49,50,59]

pZ(z) =
z

σ2
e
−(z2+s2)

2σ2 I0

( zs
σ2

)
, z ≥ 0, (3.12)

Finally a more complete distribution that adapts better to the real en-
vironments is the Nakagami distribution [50, 60]. It is often more practical
to use alternative models that offer better performance for simulation and
will be described throughout this section. Goldsmith [50] also describes the
finite state Markov channel as an alternative for the modelling that offers a
simpler outline. The approximation of such a model has been performed for
a variety of environments, including indoor [61].

A further alternative is to use a channel sounder [46] in order to obtain
information about the indoor environment that is going to be modelled. The
sounder emits radiofrequency radiation and analyzes the reflected signals in
order to model the impulse response of the indoor space. The disadvantage
is that, despite their accuracy, the results cannot be generalized to the rest
of the environments.

3.2.1 Various Characteristics

Another option in order to characterize the channel in a small scale is to
separately measure the important factors that define the channel. This can
be done for every new indoor environment or use approximations based on
the results previously obtained.

An important factor is the power delay profile Ac(τ), which is the au-
tocorrelation of the channel impulse response c(τ, t), when ∆t = 0 and rep-
resents “the average power associated with a given multipath delay” [50].
The average delay spread and the root mean square delay spread can be
defined [50]

µTm =

∫∞
0 τAc(τ)dτ∫∞
0 Ac(τ)dτ

, (3.13)
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σTm =

√∫∞
0 (τ − µTm)2Ac(τ)dτ∫∞

0 Ac(τ)dτ
. (3.14)

Moreover, the mean excess delay can alternatively be used to describe
the root mean square (rms) delay spread [49]

τ̄ =

∑
k

P (τk)τk∑
k

P (τk)
. (3.15)

στ =

√
τ̄2 − (τ̄)2 (3.16)

Finally, a last important parameter to characterize the channel is the
coherence bandwidth Bc, which is the “frequency where AC(∆f) ≈ 0 for
all ∆f > Bc” [50], being AC(∆f) the Fourier transform of the power delay
profile

AC(∆f) =

∫ ∞
−∞

Ac(τ)e−j2π∆fτdτ. (3.17)

3.2.2 Saleh and Valenzuela Indoor Statistical Model

The Saleh and Valenzuela model is specifically designed for indoor environ-
ments and is based on clusters with multipath components that follow a
Poisson distribution for their arrival [46,62], being the impulse response

h(τ) =
L∑
l=0

K∑
k=0

ckl(τ)δ(τ − Tl − τkl), (3.18)

and the distribution of arrival of clusters and rays

p(Tl|Tl−1) = Λe−Λ(Tl−Tl−1), l > 0, (3.19)

p(τkl|τ(k−1),l) = λe−λ(τkl−τ(k−1),l), k > 0, (3.20)

where Tl is the arrival time of the first path of of the cluster l and τkl is the
delay of the kth path in the cluster l [46, 62]. Λ and λ are respectively the
cluster and ray arrival rates.

3.2.3 ∆-K

Like the Saleh and Valenzuela model, the ∆-K model [63, 64] supposes the
arrival or multipath components in clusters. There are two states whose
respective arrival rates are λ0(t) and Kλ0(t); the process is normally in the
first state and switches for ∆ units of time to the second state, switching
back to the first if no new multipath components arrive [65]. With different
combinations of ∆ and K, the model can be adjusted to different environ-
ments.
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3.2.4 Wide-Sense Stationary and Uncorrelated Scatterers

In order to simplify the correlation function, the wide-sense stationary as-
sumption and the uncorrelated scatterers assumpation can be used [46] in
order to obtain the conditions that are easier to be fulfilled. If we represent
the Wide-Sense Stationary and Uncorrelated Scatterers as a tapped delay
line, the impulse response is [46]

h(t, τ) =
N∑
i=1

ci(t)δ(τ − τi), (3.21)

where
N is the number of taps
ci(t) are the coefficients for the taps
τi is the delay for each tap

Molisch [46] describes further adaptations to the model supposing that
certain conditions are fulfilled.

3.3 The 2.4 GHz Band

One of the most commonly used bands is the one that spans the range 2.4
GHz - 2.4835 GHz, hereafter referred to as the 2.4 GHz band. The models
that have already been described are generally applicable to this range,
however, this section presents specific results for it.

The 2.4 GHz band offers a broad spectrum range with relative unifica-
tion concerning the standardization performed by the different bodies in the
various countries and continents. This fact has implied that many manufac-
turers and enterprises have chosen this band for the operation of a variety
of devices that do not need to operate in a licensed band. Microwave ovens
and standards such as WiFi or Bluetooth are examples of operation in this
band, where the WSNs have also been developed. The agency in charge of
the standardization of the WSNs in Europe is the European Telecommu-
nications Standards Institute (ETSI) in its European Telecommunications
Standard (ETS) 300 328 [66], where the equipment and transmission systems
are harmonized. For its part, it is the Federal Communications Commis-
sion [67] that rules the ISM bands including the 2.4 GHz band in the United
States.

3.3.1 Path Loss Models’ Results in the 2.4 GHz Band

All the proposed path loss models include verification stages where their
accuracy has been tested prior to their validation. However, this section
presents additional external results on path loss focusing on the 2.4 GHz
band.
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Souza et al. proposed a new model for 2.4 GHz and performed a com-
parative analysis of various models, including the ITU model and the log-
distance model in [68], finding root mean square deviation errors between 3
and 8 dB for these models and confirming their validity for this frequency
band. An additional comparative analysis between the ITU, the one-slope,
and the multi wall models in a smart home environment can be found in [69],
showing that the multi wall model is the most accurate, and that the ITU
model can be adjusted with the information gathered by the one-slope model
in order to increase its accuracy.

For its part, a comprehensive analysis of the multipath parameters for
various frequencies has been conducted in [70], which studies the path loss
for 2.4 GHz. Writing the loss as

L = PL(d0) + 10A log (d) + b, (3.22)

the values found for A and b in [70] at 2.4 GHz were respectively between
1.86 and 3.33, and −1.6 and −5.4 dB, being the rms error σL = 1.6-3.6 dB.
Moreover, with people inside the room, the attenuation variation was found
to be between −0.33 and 4.84 dB depending on the antenna height and the
line of sight [70].

Alternatively, the linear attenuation expressed following the model [58]

L = PL(d0) + 10A log (d) + ad dB, (3.23)

was analyzed in [71], finding for a smart home environment, values of A = 1.8
and a = 2.25-6.11 dB/m depending on whether it is a same floor or a
multifloor scheme. Further experimental results from the 2.4 GHz band
are shown in [72], where the log-distance path loss model, the log-normal
shadowing, and fading effects are characterized and presented for an indoor
environment.

In [73], the one-slope, and multi wall models are evaluated for 2.4 GHz;
after simulations in software and subsequent testing of their accuracy in the
real environment, the multi-wall models were found to offer better accuracy,
being the mean error around 5.5 dB for the linear and one-slope models and
4 dB for multi wall, whereas the standard deviation was around 4 dB for
the linear and one-slope models and 2.8 dB for the multi wall ones.

Finally, the research conducted in [74] found that the texture of the
surfaces and the presence of small objects influences significantly the es-
timations. These are, however, not possible to predict unless the indoor
environment is known beforehand. A new propagation model based on em-
pirical measurements is proposed in [75] and tested with the IEEE 802.15.4
standard for localization, showing better performance than other existing
models. Finally, the Matrix Pencil algorithm has provided a successful su-
perresolution approach [76].

21



3.3.2 Fading Models’ Results in the 2.4 GHz Band

The basic parameters for the small scale modelling of the channel, the mean
delay spreads τ̄rms has been found to range between 5.4 and 23.1 ns at 2.4
GHz depending on the presence of people, the line of sight and the antenna
heights [70]. Regarding the rms delay spread στrms standard deviation, it
has been found to range between 0.5-17.0 ns at 2.4 GHz [70]. For its part,
the coherence bandwidth has been found to range around 250 MHz in line
of sight and much less in obstructed direct path [70]. Finally, the power
delay profile has been found to range between −90 and −65 dB, with peaks
of −105 dB between 0-250 MHz at 2.4 GHz [70].

Complementary results concerning these parameters can be found in
[77], where several measurements in different indoor environments (gym,
office, etc.) were performed, obtaining mean delay spreads τ̄rms between
12 and 43ns and rms delay spreads στrms between 45 and 420ns depending
on the location; the coherence bandwidth was for its part between 3-55
MHz. Further research conducted in [78] has provided values of the mean
delay spread τ̄rms between 43 and 57ns, rms delay spread στrms between
22 and 30ns, and coherence bandwidths between 654-901 kHz (with older
equipment).

For its part, a comprehensive research is conducted on shadowing in [79]
validating again the accuracy of the multi wall model with errors between
0% and 5%. The shadowing deviation calculated and applicable to the log-
distance path loss model was found to be between σ = 0-21.97 dB depending
on no floor to two floors differences [79]. Further research on fading has
determined the Ricean k = z2

max/(2σ
2) factor between 1.3 and 8.7, and

the rate of crossings of envelope levels from 6 to 12 dB between 3.183 and
0.051 s−1 [80].

As for the Saleh-Valenzuela and ∆-K models, their performance was
analyzed (in ultra wideband) in [81], resulting in Λ = 0.0223 ns−1, λ =
2.5 ns−1. Substantial differences were found between two models, being
the Saleh-Valenzuela more accurate and the clustered arrival of multipath
components was confirmed for most cases [81].

3.4 The UHF Band

The UHF range also belongs to the ISM bands, inheriting all the benefits
of being unlicensed. This band, however, presents more problems as far as
agreement on the unlicensed ranges among the various agencies throughout
the world. Whereas in Europe the 865-868 MHz band is unlicensed and
commonly used for WSNs and RFID, in America it is the 902-928 MHz
band that is not subject to licensing [1]. This can create multiple problems
with standards when commercial products are launched. Comparatively, the
UHF band presents a narrower bandwidth than the previously described 2.4
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GHz band, but has been on the other hand less intensively used so far.
However, RFID has found in this band a useful range of frequencies to
develop passive tags, described in Chapter 2. This section analyzes the
findings on both the European and American ranges for the UHF band.

3.4.1 Path Loss Models’ Results in the UHF Band

Analogously, the general path loss models that have been published include
testing batteries to certify their validity. This section aims however to pro-
vide data on research that has been particularly conducted on the UHF
band.

It has been shown [82] that for a linear model expressing the loss as

Pr = P − 10A log (d), (3.24)

the value of A ranges between 2 and 3. Complementary studies on path loss
have shown n ranging from 2 to 5 in various indoor locations [57], confirming
the validity of the results. As for the Floor Attenuation Factor (FAF), it
has been found to range between 12 and 30 dB. Furthermore, Cheung et al.
present a new model for indoor propagation prediction in [83], where the
conventional path loss models errors are also analyzed at UHF, resulting in
a mean error of 14.8 dB, and a deviation error σ of 20.8 dB.

3.4.2 Fading Models’ Results in the UHF Band

The mean delay spread τ̄rms has been found to be between 24 and 28 ns, rms
delay spread στrms between 4.5 and 6 ns, and coherence bandwidths between
5.35-8 MHz [82]. Further research on rms delay spread at UHF can be found
in [84], where this parameter is analyzed in a variety of indoor environments
with multiple walls and floors, resulting in values between 20 and 250 ns
depending on the exact environment.

As for the Nakagami and Ricean k factor, it has been found to range
between −5.2 and 36.7 dB depending on the line of sight and the particular
indoor distribution [85]. For its part, the log-normal distribution has been
found the best candidate to model RFID tags for multiple indoor environ-
ments at UHF bands [86].

3.5 Comparison between the Bands

The empirical results obtained in the various measurements described along
this chapter show that both the 2.4 GHz band and the UHF band present
similar features and characteristics. The 2.4 GHz band presents broader
bandwidth to deploy systems and applications, but offers a more intensively
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used environment where more devices are normally operating. Notwith-
standing, the techniques against interference are more refined in the 2.4
GHz band.

The comparison between both bands performed in this chapter is sup-
ported by the data collected in [87], where large and small-effects’ parame-
ters prove to be comparable in both ranges. Finally, a detailed comparison is
conducted in [88], stating the lower noise in the UHF band due to the smaller
amount of applications and the smaller bandwidth as well as the problems
with the variations in performance that the UHF on the other hand poses.
For the scope of this work, both bands are suitable and it should be other
factors, such as the best available hardware, that will affect the election.
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Chapter 4

Overview on Estimation and
Localization Techniques

This chapter aims to provide an overview on the estimation theory that
can be applied in order to make a decision on the characteristics of the
received signal. Interesting research in this area can be found in [89–91]. The
alternative models that can be considered in order to estimate an unknown
received parameter are presented here. The idea is to estimate an unknown
parameter that can be corrupted by noise by measuring a received signal that
may also be noisy. All the models described throughout this chapter have
alternative representation under the assumption of a linear model, which is
developed in [92].

4.1 Classical Estimation

The classical estimators are based on the idea that the unknown parameters
to be observed and estimated are deterministic [92]. This section provides
an insight into the most common classical estimators.

4.1.1 Best Linear Unbiased Estimator

One of the most commonly used classical estimator is the Best Linear Un-
biased Estimator (BLUE), based on the Gauss-Markov theorem, which cal-
culates the estimation θ̂ of the p× 1 vector θ from the received data x with
covariance matrix C as [92]

θ̂ = (HTC−1H)−1HTC−1x, (4.1)

where x = Hθ+w, where is H an n×n known matrix, and w a noise vector
of zero mean and covariance matrix Cw = C, under the assumption that the
expected value E[x] = Hθ.
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4.1.2 Least Squares Estimator

Another useful estimator is the Least Squares Estimator (LSE), which esti-
mates θ̂ as the value of θ that minimizes the function [92]

J(θ) = (x− (s(θ))T (x− s(θ)) =
N−1∑
n=0

(x[n]− s[n; θ])2, (4.2)

where x[n] = s(n; θ) + w[n], n = 0, 1, . . . N − 1, where s is a known signal.

4.1.3 Other Classical Estimators

A third classical estimator is the Maximum Likelihood Estimator (MLE),
which assumes that the estimated value θ̂ is obtained as the value θ that min-
imizes the Probability Density Function (PDF) f(x; θ), which is supposed
to be known [92]. Additional classical estimators are the Rao-Blackwell-
Lehmann-Scheffe, and the method of moment estimator, whose description
can be found in [92].

4.2 Bayesian Estimation

The Bayesian estimation differs from the classical approach in that the pa-
rameter θ to be estimated is not deterministic, but a random variable of
which a realization will be estimated [92]. This section provides an overview
on the most common Bayesian estimators.

4.2.1 Minimum Mean Square Error

One of the most popular estimators of this kind is the Minimum Mean
Square Error (MMSE) Estimator, where the estimation θ̂ = E[θ|x], where
the expectation with respect to the PDF is [92]

f(θ|x) =
f(x|θ)f(θ)∫
f(x|θ)f(θ)dθ

. (4.3)

A particular case is x and θ being jointly Gaussian, then θ̂ = E[θ] +
CθxC

−1
xx (x − E[x]) [92]. Finally, the Bayesian Mean Square Error (MSE)

is defined as [92]

Bmse(θ̂i) = E
[
(θi − θ̂i)2

]
(4.4)

4.2.2 Kalman Filter

The Kalman filter is a particular case of linear MMSE. However, due to
its importance, it is described separately in this subsection. In its scalar
definition, for n ≥ 0, the prediction is described [92,93]

ŝ[n|n− 1] = aŝ[n− 1|n− 1], (4.5)
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where ŝ[n|n − 1] denotes the prediction of s in time n based on all the
previous measurements. For its part, the minimum prediction MSE [92,93]

M [n|n− 1] = a2M [n− 1|n− 1] + σ2
u, (4.6)

where σ2
u the variance of the driving noise, and a the filter parameter. The

Kalman Gain is [92,93]

K[n] =
M [n|n− 1]

σ2
n +M [n|n− 1]

, (4.7)

where σ2
n is the variance of the noise w[n] from the observation ecuation

x[n] = s[n] + w[n]. Finally, the minimum MSE is calculated [92,93]

M [n|n] = (1−K[n])M [n|n− 1]. (4.8)

The results are easily translated to a vector definition and there are
extensions of the filter described in [92]. The Kalman filter has been exten-
sively used in estimation for WSNs.

4.3 Cramer-Rao bound

The Cramer-Rao bound defines the lower bound of the goodness of the
estimation of an unknown parameter given a number of observations and
noise and it is given, in its form for a deterministic parameter, by [94]

Var[θ̂(x)− θ] ≥
{
−E

[
∂2

∂θ2
ln f(x|θ)

]}−1

. (4.9)

In its form for a random parameter, the lower bound is [94]

E
[
(θ̂(x)− θ)2

]
≥

{
E
[
∂
∂θ ln f(x|θ)2

]}−1

=
{
−E

[
∂2

∂θ2 ln f(x|θ)
]}−1 (4.10)

4.4 Channel Model Parameters Estimation and Lo-
calization

The environments where WSNs will work are normally not known before-
hand. It is important to be able to estimate the parameters of the wireless
channel where the WSNs is going to operate. A possible approach is to
perform an initial stage with various measurements knowing the nodes lo-
cation in order to calibrate the channel propagation parameters and adapt
them to the working environment. Alternative approaches are estimating
the channel model parameters and the unknown location of target nodes
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by analyzing the received power, knowing only the location of some anchor
nodes. This section describes both the approach of only estimating the
channel parameters, which could allow to estimate the distance in a further
step, once they are known, and the approach of estimating the location and
channel parameters together.

4.4.1 Channel Parameters Estimation

This section presents the existing methods for the estimation of the pa-
rameters of the wireless channel. The distance is not estimated through
this methodologies, though it can certainly be estimated subsequently by
applying the known propagation models.

Method 1.1

This method, proposed in [95], enables us to estimate the path loss parame-
ters in any point of an indoor environment by using the measurements from
a node that knows its distance and path loss to three anchor nodes. It pro-
vides two approaches, a non-parametric and a optimum linear estimation
algorithm (provided that the path loss parameters are known). The method
uses the path loss model [54,96]:

L(dB) = B + 10A log(d/d0) d ≥ d0, (4.11)

B = PL(d0) +XσB , (4.12)

XσB ∼ N (0, σB) (4.13)

where B and A are respectively the path loss intercept and path loss ex-
ponent, d0 is assumed to be 1 meter as it is common [49], and XσB is a
zero mean Gaussian random variable of standard deviation σB (dB) and its
spatial variability is characterized in [95].

The non-parametric approach is described here [95]; 1)the node that
wants to localize a point in the room measures the path losses to the three
anchor nodes L1, L2, L3; 2)let the functional approximations be L′i = B′ +
10A′ log (di) for i = 1, 2, 3 and using LSE find B′ and A′ that minimize
the mean square difference between Li and L′i; 3)calculate ∆i = Li − B′ −
10A′ log (di); 4)calculate for the unknown point to be localized ∆0 = k1∆1 +
k2∆2 + k3∆3, where

ki =
d−ν0i

d−ν01 + d−ν02 + d−ν03

,

where di are the distances from the node that wants to localize a point in
the room to the anchor nodes, and ν is taken 1 in [95] after measurements
that show the differences in error to be small; finally, 5)estimate the path
loss to the unknown point L0e = B′ + 10A′ log (d0) + ∆0.
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The optimum linear estimation approach [95] assumes that A and α are
known and calculates the shadow fadings si = Li−PL(d0)−10A log (di/d0);
then s0 can be estimated s0e = a1s1 + a2s2 + a3s3. The expressions for ai
can be found in [95].

Method 1.2

This method is proposed in [97] and uses linear-square-fitting. It consists
of 1)various anchor nodes whose position is known that receive packets in
a scheduled way, 2)estimation of the RSS indicator between anchor nodes,
3)computation of the distance between anchor nodes, 4)local computation
of the 2 channel parameters via linear square fitting, 5)sending of the pa-
rameters to the nodes whose position is unknown [97].

Method 1.3

This method, described in [98, 99], enables us to estimate the PLE by only
using measurements of the received power and the planarity geometric con-
straints, without needing to rely on distance measurements. It offers three
scenarios: estimation based on the probability distribution of distances
among sensors being known, more general estimation using only the re-
ceived power and the geometric constraints based on the Cayley-Menger
determinant, and a last one based on pattern matching. This method uses
the commonly employed log-normal model of the form [49,98]

Pij [dBm] ∼ N (Pij [dBm], σ2
dB), (4.14)

Pij [dBm] = P0(d0)[dBm]− 10A log(dij), (4.15)

where the reference power at distance d0 (commonly taken as 1 meter for
indoor [49]), P0(d0), is assumed to be known from a priori calibration.
Moreover, the power is supposed to be symmetrically distributed between
both nodes Pij = Pji, noting that the average value could be taken if it were
asymmetric. For its part, α is the PLE. The variance of the shadowing σ2

dB

does not need to be known either for the application of this model.
The first approach, supposing a known node-distance probability distri-

bution, enables us to obtain α by solving the equation [98]

E(Pij [dBm]) =

∫ b

a
P0[dBm]− 10A log (x)dx = E(Pr), (4.16)

where E(Pr) is the sample mean of the received power. Alternatively, if
the transmitter power is known, a more general estimate of A comes from
minimizing the function f(Â), based on a set of quantile points uniformly
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distributed whose distances di are known, since this is a hypothesis in this
first approach [98]

f(Â) =

N∑
i=1

(Pi[dBm]− P0[dBm]), (4.17)

Â =

−
N∑
i=1

(Pi[dBm]− P0[dBm]) log di

N∑
i=1

10(log di)2

(4.18)

A second approach does not require knowledge of the distance probability
distribution, only the received power and geometrical constraints; it uses the
MLE to obtain the likelihood function of a quadrilateral of sensors that will
constitute the four anchor nodes [98]:

L(d12, d13, d14, d23, d24, d34, A) =

=
1

(
√

2πσdB)6

∏
1≤i<j≤4

exp

(
−(Pij − P0 + 10A log(dij))

2

σ2
dB

)
(4.19)

After mathematical development of this equation and using the Cayley-
Menger determinant [100,101], A can be obtained by numerically solving [98]

h(A) =

∣∣∣∣∣∣∣∣∣∣∣

0 C
−2/A
12 C

−2/A
13 C

−2/A
14 1

C
−2/A
12 0 C

−2/A
23 C

−2/A
24 1

C
−2/A
13 C

−2/A
23 0 C

−2/A
34 1

C
−2/A
14 C

−2/A
24 C

−2/A
34 0 1

1 1 1 1 0

∣∣∣∣∣∣∣∣∣∣∣
= 0, (4.20)

where Cij = Pij/P0, 1 ≤ i < j ≤ 4 are known. It is important to remark
that this method presents a high bias [98].

Finally, a third approach is proposed in [98] in order to correct the bias of
the second one, based on pattern matching for various quadrilaterals within
the WSNs; σ2

dB,j+1 − σ2
dB,j = ∆σ2

dB, and Ai+1 − Ai = ∆A. The algorithm
that must be followed involves [98]: 1) identify a set of quadrilaterals in the
network, 2) add Gaussian noise with variance ∆σ2

dB into the measurement, 3)

for each quadrilateral solve Â with the second approach used above and aver-
age E(Â)1, repeat 2) and 3) using M∆σ2

dB,M = 0, 1, . . . ,m where M = 0 is

the original data set, obtaining (0,E(Â0)), (∆σ2
dB,E(Â1)), . . . , (m∆σ2

dB,E(Âm)),
find values of i and j in a database such that

{i, j} = arg min
{i,j}

m∑
N=0

(E(Â)N − E(Â)Ai,σ2
dB,j+N

)2, (4.21)
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(m ≥ 500), and 6)once obtained i and j, improved estimates are Â = Ai
and σ̂dB = σdB,j .

This last technique can be improved using data fusion, denoting the
estimate from σÂ (instead of E(Â)), σdB, and A by σ̂s and the estimate

from E(Â), σdB, and A by σ̂b, ~A = [ÂsÂb]
T , the new estimation using fusion

techniques is Â = W T ~A [98], where W = C−1DT (DC−1DT )−1 [102], where

C = E

{[
Âs −A
Âb −A

] [
Âs −A
Âb −A

]T}
, D =

[
1 1

]
.

Method 1.4

This method is proposed in [103] and aimed at homogeneous planar Poisson
point distributed nodes, considering Nakagami-m fading and interference.
The method also describes three different algorithms. It does not require to
know the location of the nodes.

The first technique assumes a known distribution density of the nodes
and uses the mean value of the interference [103]. The mean received power
is µR = µI +N0 [103], where N0 is the Additive White Gaussian noise mean
power and

µI = 2πλp
R2−A

0

A− 2
,

is the mean theoretical interference [104], where R0 the near-field radius of
the antenna, p is the ALOHA contention probability, λ is the node distribu-
tion density, and A is the PLE. The algorithm then saves the received powers
R1, . . . , RN , whose mean converges, during an N interval, and equates µR
to the observed mean value in order to obtain A through a look-up table
and the rest known parameters.

The second technique does not require knowledge of the Nakagami pa-
rameter or the node distribution density. The Signal to Interference plus
Noise Ratio (SINR) is required, but the nodes can virtually compute it
as if the received powers were realizations of an exponential random vari-
able [103]. Therefore, the nodes should record the powers R1, . . . , RN and
take the signal powers Si as realizations and obtain the corresponding SINR,
then evaluate the success probability in the Poisson network ps at two SINR
thresholds Θj [103]

ps,j =
1

N

N∑
i=1

1Si/Ri>Θj , j = 1, 2,

where 1 is added when the condition Si/Ri > Θj is met. The estimate can
be proved to be [103]

Â =
2 ln(Θ1/Θ2)

ln((ln ps,1 +N0Θ2)/(ln ps,2 +N0Θ2))
, (4.22)
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independently from λ and m.
Finally, the third algorithm is based on the proposition that the trans-

mitting set of a node (“group of transmitting nodes whom it receives a
packet from”), namely N̄T , is proportional to Θ−2/A if m ∈ N and N0 � I
[103]. The the algorithm is as it follows [103]: 1)for a known Θ1 ≥ 1, set
NT,1(i) = 1, at time slot 1 ≤ i ≤ N if the node can decode a packet or 0
otherwise, the mean N̄T,1 will converge, 2)proceed analogously with N̄T,2,
3)the estimation can be proved to be

Â =
2 ln(Θ2/Θ1)

ln(N̄T,1/N̄T,2)
. (4.23)

As noted by the authors of the method [103], this algorithm is also biased,
though measures are proposed to address it.

4.4.2 Joint Channel Parameters and Distance Estimation

This subsection reviews the existing methods that allow an estimation of
the parameters and the distance. The results are presented below.

Method 2.1

This method offers a non linear least square estimation. Described in [105],
it notes the equation

PLi = gi(θ) +B, 1 ≤ i ≤ n, (4.24)

where PLi = P0 − Pri is the path loss observation, being P0 known; gi(θ) =
10A log (di); θ = [θ1, θ2, θ3]T = [x, y,A]T ; and B ∼ N (0, σ2

B) due to shadow
fading. This leads to the vector form P = g(θ) +B, where the components
are P = [PL1 , . . . 0, PLn ]T ; g(θ) = [g1(θ), . . . 0, gn(θ)]T ; B = [B1, . . . , Bn]T

[105]. Thus, the function ξ(θ) = (p−g(θ))T (p−g(θ)) needs to be minimized,
and by applying a Taylor expansion to g(θ) and using the Jacobian matrix,
the solution is [92,105]

θ̂ = θ(0) + ((J (0))TJ (0))−1(J (0))T (p− g(θ(0))), (4.25)

where

[J (0)]ij =
∂gi(θ)

∂θj

∣∣∣∣
θ=θ(0)

.

As noted by the authors of the algorithm [105], a further improvement can
be done to reduce the error by using the Gauss-Newton algorithm.

32



Method 2.2

This method, proposed in [106], uses a propagation model such as

P̄ (d) = bd−a (mw), (4.26)

where in this occasion b is the channel constant attenuation and a is the PLE
in linear format. The PDF p(P |d, b, a) is defined, where P = [P 1

11, . . . , P
N
OM ],

being P kij the kth received power at the jth anchor node from the ith target
node; for their part O is the number of target nodes and d = [d11, . . . , dOM ]
are the distances dij between the ith target node and the jth anchor node
[106]

dij =
√

(Xi − xj)2 + (Yi − yj)2 + (Zi − zj)2, (4.27)

where Zi is assumed to be known for simplicity, though it is easily transpos-
able to three dimensions. If P kij are independent, then [106]

p(P |d, b, a) =

O∏
i=1

M∏
j=1

N∏
k=1

p(P kij |dij , b, a), (4.28)

p(P kij |dij , b, a) =
1

bd−aij
exp

(
−
P kij

bd−aij

)
, (4.29)

and the log-likelihood function is L(d, b, a) = ln p(P |d, b, a) [106]. Then,
the algorithm proceeds with two stages. In the first one, the locations
Xn = [X1, . . . , XO] and Yn = [Y1, . . . , YO], where n is the iteration cy-
cle, are estimated to then obtain the estimates X̂n, Ŷn by maximizing the
log-likelihood function of the first stage L1(dn, bn−1, an−1) [106]:[

∂L1(dn, bn−1, an−1)

∂Xi

]
Xi=X̂i

=

=

 O∑
i

∂

∂Xi

M∑
j

N

{
ln

(
1

bn−1d
−an−1

ijn

)
−
∑N

k P
k
ij/N

bn−1d
−an−1

ijn

}
Xi=X̂i

= 0, (4.30)

and analogously for Yi = Ŷi.
Once obtained the target node locations X̂n, Ŷn and the distance d̂n, in

the second stage, the ML estimates b̂n, ân are obtained by maximizing the
log-likelihood function L2(d̂n, bn, an) with respect to bn and an [106]:[

∂L2(d̂n, bn, an)

∂bn

]
bn=b̂n

=

=

 ∂

∂bn

O∑
i

M∑
j

N

{
ln

(
1

bnd̂
−an
ijn

)
−
∑N

k P
k
ij/N

bnd̂
−an
ijn

}
bn=b̂n

= 0, (4.31)
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and analogously for an = ân. Then further iterations take place until |b̂n −
b̂n−1| <tolerance b and |ân − ân−1| <tolerance a [106].

Method 2.3

This method, described in [107], is based on a particle filter [108] and it aims
to recursively obtain the PDF p(si(t)|z(t), where si(t) = {xi, yi, Ai1, . . . , AiK}
is the state of the ith particle being xi, yi the coordinates, Aij the estimated
path loss exponents of the log-normal model, and z(t) the observation. Fur-
thermore, a weight wi(t) is associated to the samples in t− 1 [107,109].

The algorithm begins with a prediction where the parameters can only
vary between ALOS = 1.8 and ANLOS = 0 [107]:

xi(t) = xi(t− 1) + nx∆t

yi(t) = yi(t− 1) + ny∆t

Aij(t) =

{
ALOS if (nn ≤ pchange&&nij(t− 1) == ANLOS)

ANLOS if (nn ≤ pchange&&nij(t− 1) == ALOS) ,

where nx ∼ N (0, σposition), ny ∼ N (0, σposition), nn ∼ U(0, 1), ∆t is the
interval between iterations. Then, in a second stage, the update is [107]

wi(t) = w̄i(t− 1)p(z(t)|xi(t))

w̄i(t) =
wi(t)∑Np
j=1wj(t)

,

where Np is the number of particles of the filter. The expression for the jth

node is [107]

p(zj(t)|si(t)) =
1

σL
√

(2π)
exp

(
−

(zj(t)− P̄L,ij(d))2

2σ2
L

)
, (4.32)

and

P̄L,ij(d)[dB] = PL(d0) + 10Aij log

(
d

d0

)
,

which for the K anchor nodes results

p(z(t)|si(t)) =
K∏
j=1

p(zj(t)|si(t)). (4.33)

If an effective number of samples Neff = 1/(
∑Np

i=1(wi(t))
2) < Nthreshold,

resampling is performed [107]. Finally, the estimations can be computed
as [107]

x(t) =

Np∑
i=1

w̄i(t)xi(t)
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y(t) =

Np∑
i=1

w̄i(t)yi(t)

Aj(t) =

Np∑
i=1

w̄i(t)Aij(t), j = 1, . . . ,K.

Method 2.4

This method, described in [110], describes the received power as P = CA+
N , where C = diag([−10 log (d1), . . . ,−10 log (dn)]T );A = [A1, . . . , AN ]T is
the path loss exponent and N = [N1, . . . , NN ]T is the vector of uncertainties,
being N the number of beacons. The distances d = [d1, . . . , dN ]T and pN ∝
exp{−(p−CA)TQ−1(p−CA)/2}, being Q the diagonal covariance matrix,
and (p− CA)T the estimation error vector, being C and A unknown [110].
Using the Newton-Raphson method [110,111]

Ak = Ak−1 −∇Af(A)H(A)−1, (4.34)

where H(A) = 2CTQ−1C and ∇Af(A) = −2(p − CA)TCTQ−1 are the
Hessian and the gradient of f . The algorithm makes 1)initialization of α0,
2)update C; for k ≥ 1 uses the estimates Ak−1 to compute C, 3)update A
with C, 4)alternate steps 2) and 3) [110]. The path loss estimation error at
the sensor i is ∆A

i = Aei −Ai, being Aei the estimated path loss factor [110].
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Chapter 5

Localization Algorithm

This chapter describes the various approaches to improve the existing solu-
tions. There are two main approaches: considering different path losses due
to shadow fading or considering a common path loss general to all paths
acting as a ‘balancing parameter.’

5.1 Analyzing the Path Losses separately

There are various approaches that can be followed if the localization is based
on considering different path losses. The problem that arises is that we find
more unknowns than equations, which leads to the problem behaving as an
identity in many cases or losing accuracy. However, these methods provide
a good mechanism of discovering Non Line of Sight (NLOS) paths that can
be discarded when using alternative methods, such as Time Difference of
Arrival (TDOA), which are not considered as an option in this work due to
their high synchronization requirements.

The problem that we want to address considers this equation:

PLi = Bi +A10 log(di) + vi, (5.1)

where the path loss at distance d0, namely PL0, is included in Bi. The
shadow fading and noise vi are modelled as

Bi ∼ N (µB, σB); vi ∼ N (0, σn). (5.2)

The following subsections present different alternatives to approach this
problem. The challenging part of this modelling is that both Bi and di
need to be estimated simultaneously.

5.1.1 Minimum Variance Unbiased Estimator

The minimum variance estimator can often not be obtained, due to its prac-
tical difficulty when dealing with non linear systems [92]. A common ap-
proach is to work with a linear version of the system, for which a standard
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minimum variance estimator can be found. In order to obtain the minimum
variance estimator, the problem is expressed linearly in the form

P = Hθ + V, (5.3)

where P is the vector of measured losses, θ = [B1, . . . , BN , A] is the vector
of unknowns, V is the vector of shadow fading, and H is a known matrix
that defines the channel.

The minimum variance estimator θ̂ = [B̂1, . . . , B̂N , Â] of this problem
is [92]

θ̂ = (HTH)−1HTP. (5.4)

In order to solve this equation, the distances di need to be either an
unknown in the vector θ or known and then be included in the matrix H.
Both cases are disclosed below supposing 4 anchor nodes for simplicity:

• di known: If we suppose the distances di to the target node can be
known by other methods, then the matrix H is

H =


1 0 0 0 10 log(d1)
0 1 0 0 10 log(d2)
0 0 1 0 10 log(d3)
0 0 0 1 10 log(d4)

 ,

which implies that

det (HTH) = 0 ⇒ @(HTH)−1 ⇒ @θ̂,

• di unknown: In this case, the distances are included in the θ =
[B1, . . . , B4, A10 log(d1), . . . , A10 log(d4)] vector and the matrix H is

H =


1 0 0 0 1 0 0 0
0 1 0 0 0 1 0 0
0 0 1 0 0 0 1 0
0 0 0 1 0 0 0 1

 ,

once again

det (HTH) = 0 ⇒ @(HTH)−1 ⇒ @θ̂,

It can be observed that in both cases the minimum variance unbiased estima-
tor does not exist. A final approach is to consider A and di known by other
methods. A can be known via one of the methods described in section 4.4
whereas di could be known via an alternative method that provides a rough
estimation. The idea here is to find an iterative method that progressively
improves the accuracy. In this case, the term A log(di) is moved to the P
vector, which includes now certain error that depends on the goodness of
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the rough estimate of A and di. The equations that describe the system
result now

P̃ = Hθ + V, (5.5)

where P̃ includes A log(di) and the possible error derived from it plus the
path loss measurements and H is

H =


1 0 0 0
0 1 0 0
0 0 1 0
0 0 0 1

 . (5.6)

The system behaves now as an identity, which completely depends on the
initial guess of di. As an identity, the system will estimate B̂i such that
the equations are satisfied to fit the initially provided rough di. It will not
improve the performance and it will not be possible to use it in an iterative
method, since in the best case it will maintain the error, but never decrease
it.

Finally, we can consider that:

• di are known by using another method and that

• Bi = B ∀i.

In this case

H =


1 10 log(d1)
1 10 log(d2)
1 10 log(d3)
1 10 log(d4)

 ,

and a solution θ̂ exists. However, the solution θ̂ does not really improve the
variance of the existing methods described in section 4.4. An improvement to
the minimum variance estimator is proposed in [112], where a correction to
the minimum variance estimation θ is proposed provided that the covariance
matrix C = σ(HTH)−1 is known and that θ : ||θ||2 ≤ θ2

0, where θ0 is known.
Noting θb as the new biased estimator and θu the former unbiased estimator,
the new estimator would be [112]

θ̂b =
θ2

0

θ2
0 + Tr((HTC−1H)−1)

θ̂u. (5.7)

However, the problems previously described in this section are inherited and
it is thus not possible to apply this improvement.

It can be observed that the bias bBi in this kind of approaches mainly
depends on the relative position of the anchor and unknown nodes

bBi = f(x, y, xi, yi). (5.8)
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Figure 5.1: Relative bias in % of the path loss with the sixth anchor node B6 in the
minimum variance estimator depending on the coordinates of the unknown node, measured
in decimeters. The peak corresponds to the coordinates of the anchor node 6. Similar
figures can be obtained for each anchor node. A clear dependence with the coordinates
can be observed.

An example of this can be observed in Figure 5.1, which is taken from a
Matlab simulation with eight anchor nodes.

The alternative approaches that will be described in section 5.2 assume a
common Bi = B balancing the errors of the different paths and offer better
results.

5.1.2 Minimum Mean Square Estimator

In the case of a MMSE estimator, it is possible to find a non linear esti-
mator that adapts to our purpose, enabling us to estimate Bi, A, and the
coordinates (x, y). In order to adapt the MMSE estimator to our problem,
a Kalman filter needs to be implemented; the model as presented in [92]
consists of:
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Prediction:

ŝ[n|n− 1] = a(ŝ[n− 1|n− 1]) (5.9)

Minimum Prediction Matrix:

M [n|n− 1] = A[n− 1]M [n− 1|n− 1]AT [n− 1] +BQBT (5.10)

Kalman gain Matrix:

K[n] = M [n|n− 1]HT [n](C[n] +H[n]M [n|n− 1]HT [n])−1 (5.11)

Correction:

ŝ[n|n] = ŝ[n|n− 1] +K[n](x[n]− h(ŝ[n|n− 1])) (5.12)

Minimum MSE Matrix:

M [n|n] = (I −K[n]H[n])M [n|n− 1], (5.13)

where:
s = [B1, . . . , BN , A, x, y], and ŝ is the estimation of s
a(·) and h(·) are functions that need to be adjusted to the problem
s[n] = a(s[n− 1]) +Bu[n]
x[n] = h(s[n]) + w[n],where w[n] is the noise ni

A[n− 1] = ∂a
∂s[n−1]

∣∣∣∣
s[n−1]=ŝ[n−1|n−1]

H[n] = ∂h
∂s[n]

∣∣∣∣
s[n]=ŝ[n|n−1]

C and Q are the covariance matrices of the shadow fading and the noise.

Adapting the theory to our problem, we must consider that our un-
knowns are not evolving with time. Therefore, even though the extended
Kalman Filter allows time evolving systems, we will define the functions in
such a way that the system is static. Supposing for simplicity an unknown
node of coordinates (x, y) in the plane (although it can easily be extended to
three dimensions) and 8 anchor nodes whose known coordinates are (xi, yi),
the algorithm for our problem is

a(s[n]) = s[n] (5.14)

h(s[n]) =

B1 +A10 log(
√

(x− x1)2 + (y − y1)2)
...

B8 +A10 log(
√

(x− x8)2 + (y − y8)2)

 (5.15)

A = B = 1, (identity matrix) (5.16)
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C =


σB 0 . . . 0 0
0 σB . . . 0 0

. . .

0 0 . . . σB 0
0 0 . . . 0 σB

 (5.17)

Q =


σn 0 . . . 0 0
0 σn . . . 0 0

. . .

0 0 . . . σn 0
0 0 . . . 0 σn

 , (5.18)

where σB and σn are the standard deviations of the shadow fading and the
noise respectively. This estimator is useful in detecting NLOS paths that can
subsequently be discarded in a localization algorithm of any kind, improving
its performance.

5.1.3 Bayesian Estimator

A further estimator used for localization can be implemented. This model is
based on the theorem of the posterior PDF of the Bayesian General Linear
Model [92], which states that if the received signal is modelled as

P = Hθ + V, (5.19)

θ = [B1, . . . , BN , A] ∼ N (µθ, Cθ)

V ∼ N (0, CV )

where P is the observation vector, H models the channel, θ is the vector of
unknowns with mean and covariance matrices respectively µθ and Cθ, and V
is the noise, with mean and covariance matrices respectively 0 and CV then,
the posterior PDF p(θ|P ) is Gaussian with mean and covariance matrices
respectively [92]

E(θ|P ) = µθ + CθH
T (HCθH

T + CV )−1(P −Hµθ) (5.20)

Cθ|P = Cθ − CθHT (HCθH
T + CV )−1HCθ. (5.21)

In order to model our problem, we take:

Cθ =


σB 0 . . . 0 0
0 σB . . . 0 0

. . .

0 0 . . . σB 0
0 0 . . . 0 σB

 ,
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µθ = [Bini
1 , . . . , Bini

N , Aini],

where σB can be taken as 1 if the standard deviation of the shadow fading
is unknown without affecting significantly the performance and Bini

i and A
can be taken as their typical values, for example 50 dB and 3. Analogously
to the extended Kalman filter, this method allows estimation of the different
path loss intercepts based on an initial rough estimation of the distances di.

5.1.4 Extension of Methods 2.1 and 2.2

Finally, the methods 2.1 and 2.2 described in section 4.4 can be adapted to
the multiple path loss intercept situation. The least squares problem pre-
sented in Method 2.1 can be adapted by extending the system of equations
to multiple Bi and solving them in a least-squares sense. For its part, the
equations of Method 2.2 described in section 4.4 can now be rewritten as[

∂L1(dn, b
1
n−1, . . . , b

N
n−1, an−1)

∂Xi

]
Xi=X̂i

=

=

 O∑
i

∂

∂Xi

M∑
j

N

{
ln

(
1

bin−1d
−an−1

ijn

)
−
∑N

k P
k
ij/N

bin−1d
−an−1

ijn

}
Xi=X̂i

= 0, (5.22)

and analogously for Yi = Ŷi, and:[
∂L2(d̂n, b

1
n, . . . , b

N
n , an)

∂bin

]
bin=b̂in

=

=

 ∂

∂bin

O∑
i

M∑
j

N

{
ln

(
1

bind̂
−an
ijn

)
−
∑N

k P
k
ij/N

bind̂
−an
ijn

}
bin=b̂in

= 0, (5.23)

and analogously for an = ân.
This is, the log-likelihood function is now maximized for the different

path loss intercepts, which complicates the algorithm and leads to more
instability. This technique has the advantage that we obtain information
about the different path losses. However, for strict localization purposes,
working with a single Bi = B ∀i as a balancing parameter improves the
performance as shown in section 5.2.

5.2 Merging the Path Loss Effects

Due to that the final aim of this work is the localization of a target node in
an environment of unknown channel parameters at a low cost, the methods
that use only one shadow fading path loss intercept instead of different show
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better performance in this respect. This can be due to the non linearities
involved in the problem that is being addressed. This parameter could act as
a balancing parameter, adding simplicity and robustness similarly to other
areas based on ranging measurements [113]. Even though the estimates
of the path loss intercept and exponent are not accurate, they adapt to the
resolution of the problem so that the final estimation of the position (x, y, z)
is more accurate.

If we analyze the various methods presented in section 4.4, we can ob-
serve that methods 1.1-1.4 only allow estimation of the path loss parameters.
This can be useful in environments with LOS or low shadow fading, since
these parameters should remain considerably constant. If we apply the lo-
calization equations using the parameters estimated by these methods in
presence of NLOS, the results will not be accurate, due to that they basi-
cally rely on LOS conditions. Thus, since we are seeking a more general
localization method, we focus our attention on methods 2.1-2.4, where the
path loss exponent and intercept adapt to the problem in order to provide a
more accurate estimation of the position. Taking into account the concepts
of robustness, stability, ease of implementation, and accuracy, methods 2.1
and 2.2 offer the results that adapt better to the purpose of this work. In
this context, considering these variables, method 2.2 can be directly adapted
to our problem whereas a slight modification on the function g(θ) leads to
the second method that will be used in this reasoning.

Hence, two methods are the basis on which the algorithms presented
in this subsection are based, a log-likelihood function maximization, and a
system of equations solved in a least squares sense. These methods offer
different biases and variances and it can be shown through simulations that
the bias and variance depend on the position and on the shadow fading con-
ditions. The methods happen to offer complementary bias in many cases
that enables us to combine them into more balanced algorithms. The new
algorithms come from combining the methods in three possible ways. A pos-
sible combinations is a weighted combination of the path loss intercept and
path loss exponent of the methods followed by a maximization of the log-
likelihood function that results from this weighted combination. A second
approach comes from the weighted combination of the estimated positions
via the least squares system and the log-likelihood maximization into a more
balanced method. Finally, a fifth method comes from the weighted combina-
tion of the path loss intercept and path loss exponent that are subsequently
provided to a non linear system solved in least squares sense. In short, the
proposed methods that are compared and contrasted in this work are:

Method 1. Solving in a least squares sense the system of equations adapt-
ing the idea presented in [105]

PLi = B + 10A log(
√

(x− xi)2 + (y − yi)2 + (z − zi)2) (5.24)
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Method 2. Iterative maximization of the log-likelihood functions following
the philosophy described in [106] and using the functions described in
section ??.

Method 3. Weighted combination of the path loss intercepts and expo-
nents obtained via the first and second methods described in this sub-
section and subsequent provision of these values to the log-likelihood
function described in equation ?? for its maximization.

Method 4. Weighted combination of the positions obtained via the first
and second method described here.

Method 5. Weighted combination of the path loss intercepts and expo-
nents obtained via the first and second methods described in this sub-
section and subsequent provision of these values to a nonlinear system
analogous as the one described in equation 5.24 to be solved in a least
squares sense.

Hence, two traditional approaches such as least squares estimation and
log-likelihood maximization pose the basis on which the work is developed.
Combining these approaches can yield improvements on the performance.
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Chapter 6

Performance Evaluation

This section contains the results of the tests conducted in order to measure
the performance and reliability of the various algorithms. Two kinds of tests
have been implemented. On the one hand, empirical experiments have been
conducted in order to measure the real values of the path loss exponent
and intercept in indoor environments. On the other hand, comprehensive
software simulations have been conducted in Matlab used these measured
values in order to cover the complex casuistry that has an influence on the
performance of the different algorithms.

6.1 Measurements in Real Indoor Scenarios

The existing literature offers a wide variety of values for the path loss in-
tercept and exponent, namely B and A, ranging from 30-70 dB and 1 to 6,
respectively. These values are of vital importance for the validity of the al-
gorithms covered in this work. That is the reason for which a comprehensive
campaign of measurements for these values has been conducted in different
indoor environments.

The procedure that has been followed in order to obtain the values con-
sists in a linear regression of the modes of a set of 100 measured values that
should fit to the line

PLi = B + 10A log(d). (6.1)

The mode has been preferred to the mean in order to avoid spurious mea-
surements due to prompt and sudden phenomena. An example of the linear
regression of the modes can be observed in figure 6.1. The transmitter was
configured with an output power of -25 dBm for all the measurements. The
reader should note that the slope of the presented graph is m = 10A and
hence A is obtained A = m/10. As can be observed in the figure, the
obtained values in this case are B = 40.9 dB, and A = 29.67/10 = 3.0.

The same procedure has been applied in different environments that are
described in table 6.1. The results are summarized in table 6.2.
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Figure 6.1: Linear regression of the mode values in an room of dimensions 3.50×3.50×2.50
meters in LOS conditions. Equipped with two wooden tables with metal frames, wooden
chairs with metal frames, a bed, a sofa, a television, and two laptops.

Table 6.1: Description of the scenarios used in the measurement campaign.

Scenario Dimensions Description

Office room 3.70× 2.85× 2.70 (m3) Line of Sight (LOS) conditions.
Equipped with a wooden table with
metal frames, wooden chairs with
metal frames, and a laptop.

Corridor 1 96 × 5.80 × 2.90 (m3), mea-
sured along 12 meter.

LOS conditions. Corridor in a sec-
ond floor open on one side as a bal-
cony to a central area in the build-
ing. Equipped with plastic tables
and chairs.

Corridor 2 26.25 × 7.65 × 2.70 (m3),
measured along 12 meter.

LOS conditions. Hallway with
wooden tables and chairs, rather ir-
regular contour, with diversions on
its sides.

Bungalow
kitchenette

2.75× 2.40× 2.20 (m3) LOS conditions. Equipped with a
small sofa along the wall, and a
wooden table. Kitchen set with
faucet, sink, fridge, cooking set, and
microwave. Wooden walls.

House room 3.50× 3.50× 2.50 (m3) LOS conditions. Equipped with
two wooden tables with metal
frames, wooden chairs with metal
frames, a bed, a sofa, a television,
and two laptops.
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Table 6.2: Empirically obtained values of the path loss intercept and exponents B and A.

Scenario Obtained value of B Obtained value of A

Office 50.4 dB 2.8

Corridor 1 48.6 dB 1.3

Corridor 2 44.1 dB 1.6

Kitchenette (LOS) 40.5 dB 2.7

Kitchenette (NLOS) 41.7 dB 4.3

Room 40.9 dB 3.0

The obtained values aim to provide the Matlab simulations in section 6.2
with real parameters in order to be reliable. The values of the parameters
measured in this campaign are in accordance with previous work. For exam-
ple, the authors in [99] work with values of the path loss exponent between
A = 2-4 and values of the path loss intercept B = −37.46 dBm. For their
part, in [106] values of A between 1.16 and 3.51 are measured and values of
B between −61 and −56 dBm are presented. Additionally, [107] present a
value of A = 1.8. Andersen, Rappaport and Yoshida [114] present values of
A between 1.8 and 3.3. It is possible to find further literature with similar
values. Taking into account the the original results of this work and the al-
ready existing results concerning the values of the parameters and due to the
fact that most measurements in the literature have been conducted in LOS
conditions (for example, in NLOS conditions in the kitchenette B = 41.7 dB
and A = 4.3), a value of A = 3 and B = 50 dB have been chosen as stan-
dard values to conduct the simulations presented in section 6.2, which will
statistically show the performance of the studied algorithms.

In order to start addressing the performance of the algorithms, measure-
ments were conducted in real environments, in particular, the kitchenette
and the house room. The distribution of the nodes for both environments
are indicated in table 6.3. The used nodes were motes from the models
‘tmote Sky’ and ‘MTM-CM5000MSP’ and the transmit power was set to
−25 dBm. The nodes were programmed using ‘TinyOS’ and the received
power was measured using the RSS functionality that these motes have. The
target node was placed in different positions along the indoor space trying
to have an omnidirectional behaviour in its transmitter. The results for the
kitchenette are shown in figure 6.2 and the results for the room are shown
in figure 6.3, which shows the relative error using the maximum dimensions
(x, y, z) of each of the two analyzed indoor spaces as reference distances.

An important effect that can also be contrasted empirically is the high
variance that RSSI measurements involve and hence the high variance that
the localization results present. The bias of the algorithms is acceptable
and accurate as long as the antennas are behaving as omnidirectional trans-
mitters, which was intended during the experimental setup. However, the
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Table 6.3: Coordinates of the anchor nodes in the real environments.

Coordinates (x, y, z) (m) kitchenette (x, y, z) (m) house room
Node 1 (0.35, 0.40, 2.20) (0.70, 0.50, 2.50)
Node 2 (0.40, 1.20, 2.20) (2.10, 0.45, 2.50)
Node 3 (0.40, 2.00, 2.20) (3.10, 0.60, 2.50)
Node 4 (1.55, 0.40, 2.20) (0.70, 2.60, 2.50)
Node 5 (1.55, 1.20, 2.20) (1.80, 2.35, 2.50)
Node 6 (1.55, 2.00, 2.20) (3.10, 2.35, 2.50)
Node 7 (1.20, 1.75, 0.00) (1.84, 1.76, 0.00)

variance of the results has a greater impact on the performance. A trustwor-
thy value of the variance needs a reasonably high number of samples to be
obtained. This variance also has an effect on the bias. Since this can only
be estimated statistically, the real performance, comparison, and ranking of
the different methods will be studied in section 6.2.
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Figure 6.2: Relative error of the coordinates (x, y, z) of the target node for different target
node locations in the kitchenette. Each row shows the error for x, y, and z for a given
target node location. The errors are expressed in absolute value, but in the process of
calculation of the error both negative and positive biases have been considered.
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Figure 6.3: Relative error of the coordinates (x, y, z) of the target node for different target
node locations in the room. Each row shows the error for x, y, and z for a given target
node location. The errors are expressed in absolute value, but in the process of calculation
of the error both negative and positive biases have been considered.
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6.2 Simulations

In the previous section, it has been shown that the real performance of the
algorithms and their comparison can only be conducted in a statistical with
enough samples. In this section, simulations will be performed in different
rooms of dimensions xmax × ymax × zmax (m3). The values of the path loss
exponent and intercept are chosen to be, respectively A = 3, B = 50 dB, as
justified in section 6.1 based on empirical measurements and previous work.

As already mentioned in this work, the shadow fading is modelled as
a normal random variable in dB, N (µB = 50 dB, σB), which includes the
noises related to transmitter and receiver, since these are despicable in com-
parison with the shadow fading. In order to justify the values chosen for the
standard deviation of the shadow fading, σB, values measured in previous
work are considered, which are in accordance with the empirically measured
deviations. In general, the literature offers values of σB between 3 dB and
12 dB. As an example, according to [114], the standard deviation for indoor
propagation ranges from 3 dB to 14.1 dB depending on the environment
and the channel. However, some of the analyzed environments in that pa-
per are out of the scope of a smart home environment. In [115] it is stated
that σB = 7 dB corresponds to an obstructed office environment. For their
part, [116] use values between 0.5 dB and 5 dB. Based on these results, the
values chosen for the simulation are σB = {3, 6, 12} dB, corresponding to an
unobstructed, obstructed and highly obstructed environment, respectively.
The number of iterations of method 2 is limited since a high number of iter-
ations in a shadow fading environment would lead to accumulating the error
and obtaining results whose error would follow the same pattern as method
1, which involves neither error balance nor performance improvement. As
for the initialization values, several preliminary simulations have been con-
ducted to establish balanced values among the different methods, testing
both reasonably inferior and superior starting values to the real one in order
to be as neutral as possible in the implementation of the algorithms.

Having justified and empirically contrasted the values used in the simu-
lations, table 6.4 shows the different environments that have been considered
in the simulations. The dimensions of the simulation rooms are consistent
with a smart home environment. In this environment, different performance
parameters are evaluated: the relative bias br and the relative variance vr
of the coordinates x, y, and z

br =
|ba|
dr
, (6.2)

vr =
v

dr
, (6.3)

where ba is the bias in its absolute form and v is the variance; dr is assumed
to be dr = {xmax, ymax, zmax} meters in order the homogenize the results
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Table 6.4: Description of the scenarios used in the simulations.

Dimensions xmax × ymax × zmax (m3)
3.5× 2.5× 2.5 5× 4× 2.5 10× 8× 3

σB

3 dB
Unobstructed
small room

Unobstructed
medium room

Unobstructed big
room

6 dB
Obstructed small
room

Obstructed
medium room

Obstructed big
room

12 dB
Highly obstructed
small room

Highly obstructed
medium room

Highly obstructed
big room

Table 6.5: Different coordinates that the unknown node can take during the simulations

x Coordinate 0.05xmax 0.35xmax 0.65xmax 0.95xmax

y Coordinate 0.05ymax 0.35ymax 0.65ymax 0.95ymax

z Coordinate 0.10zmax 0.50zmax 0.90zmax -

regardless of the position of the unknown node. Note that the absolute
value of the bias ba is taken in equation 6.2 in order to transform the data
into a comparable set, where averages can be taken to see which method is
further from the unbiased case. Nevertheless, in the process of calculation of
ba, both positive and negative values have been considered, which can lead
to more balanced results when a term cancels another.

Two main approaches are followed to analyze the performance of the
methods: analyzing the relative qualification of the methods for each posi-
tion of the unknown node and comparing the overall mean of the method
performance for all the studied unknown node positions.

6.2.1 Relative Qualification

The relative qualification approach enables us to see which method is more
’balanced, assuming this method to be that one that is most often offering
good results. In this subsection, the position of the unknown node is changed
sweeping the xmax×ymax×zmax m3 space and the methods are ranked 1 to 5
from best to worst performance, both in bias and variance for the positions of
the unknown node coming from the combinations of the coordinates shown
in table 6.5. As can be seen in the table, there are 48 different positions of
the unknown node analyzed, coming from the combinations of the different
coordinates. Penalties are given to each method for each of these positions
according to the relative qualification of the method in comparison with the
others. The penalties are shown in table 6.6. According to this classification
system, the methods are finally ranked from smallest to highest penalty,
being the first one the best and the last one the worst performance. The
total penalty mT of each method is calculated as the sum of the penalties
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Table 6.6: Penalties given to each method depending on its ranking in comparison with the
other methods. The first position receives the smallest penalty whereas the last position
receives the highest penalty.

Ranking Position 1 Position 2 Position 3 Position 4 Position 5

Penalty 1 2 3 4 5

Table 6.7: Coordinates of the anchor nodes in the simulation environment.

Node 1 Node 2 Node 3 Node 4 Node 5 Node 6

x 0 0 xmax 0 xmax xmax

y ymax 0 0.50ymax 0.50ymax 0 ymax

z zmax zmax zmax 0 0 0

for each position

mT =
∑
pi

mi,

where pi is each of the 48 position of the unknown node that have been
evaluated and mi is the penalty for each of these positions. Finally, the
position of the anchor nodes is chosen according to comfortability criteria.
This is, the anchor nodes are placed in positions that do not disturb the
normal activity in the indoor space but that can at the same time offer good
coverage with as much LOS paths as possible. In practice this translates into
placing most nodes in a grid arrangement in the ceiling and floor in order
to help the calculation process. In a real environment, with the adequate
hardware design, the nodes could be placed behind the wall or under the
floor.

For the simulations, 6 anchor nodes have been used. In fact, only 5 nodes
are necessary, but the performance is affected by the number of nodes. The
nodes are arranged according to table 6.7. The results of this subsection are
presented in table 6.8. As can be observed in this table, there are several
situations where the stability as defined in this subsection can be improved
based on the classical approaches, least squares and log-likelihood. In fact,
these two approaches behave differently depending on the subarea that we
are considering in the indoor space, as will be shown in subsection 6.2.2.
These data involve that some of the combinations proposed can behave
more stably, i.e., they can offer more balanced results throughout the whole
indoor space.

6.2.2 Analysis of the Bias and Variance

After having compared the relative behavior among the methods under
study, this subsection presents their individual results averaged over the
positions described in table 6.5 of the indoor space described in tables 6.4
and 6.7. In fact, a variety of scenarios can be considered in the simulation.
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Table 6.8: Ranking of the different methods based on the bias and variance (Var.)
according to their stability as defined in subsection 6.2.1. The methods are ranked
{Mi,Mj ,Mk,Ml,Mm} where i, j, k, l,m are the method numbers. Mi is the method with
the best performance and Mm is the method with the worst performance according to this
criterion.

Bias x
Dimensions xmax × ymax × zmax (m3)

3.5× 2.5× 2.5 5× 4× 2.5 10× 8× 3

σB

3 dB {M4,M5,M3,M2,M1} {M4,M5,M3,M1,M2} {M5,M4,M3,M1,M2}
6 dB {M5,M4,M2,M1,M3} {M5,M4,M2,M1,M3} {M5,M1,M4,M2,M3}
12 dB {M5,M1,M4,M2,M3} {M5,M1,M4,M2,M3} {M5,M1,M4,M2,M3}

Bias y
Dimensions xmax × ymax × zmax (m3)

3.5× 2.5× 2.5 5× 4× 2.5 10× 8× 3

σB

3 dB {M5,M1,M4,M3,M2} {M5,M1,M4,M3,M2} {M5,M1,M4,M2,M3}
6 dB {M5,M1,M4,M2,M3} {M5,M1,M4,M2,M3} {M1,M4,M5,M2,M3}
12 dB {M5,M1,M4,M2,M3} {M1,M4,M5,M2,M3} {M2,M4,M1,M5,M3}

Bias z
Dimensions xmax × ymax × zmax (m3)

3.5× 2.5× 2.5 5× 4× 2.5 10× 8× 3

σB

3 dB {M5,M2,M4,M1,M3} {M5,M1,M4,M3,M2} {M5,M1,M4,M3,M2}
6 dB {M5,M1,M4,M2,M3} {M1,M5,M4,M2,M3} {M1,M4,M5,M2,M3}
12 dB {M5,M1,M4,M2,M3} {M2,M4,M5,M1,M3} {M5,M2,M4,M3,M1}

Var. x
Dimensions xmax × ymax × zmax (m3)

3.5× 2.5× 2.5 5× 4× 2.5 10× 8× 3

σB

3 dB {M2,M3,M4,M5,M1} {M2,M4,M3,M5,M1} {M2,M3,M4,M5,M1}
6 dB {M3,M4,M1,M2,M5} {M3,M4,M1,M2,M5} {M4,M3,M2,M1,M5}
12 dB {M3,M4,M1,M5,M2} {M3,M4,M1,M5,M2} {M3,M4,M1,M5,M2}

Var. y
Dimensions xmax × ymax × zmax (m3)

3.5× 2.5× 2.5 5× 4× 2.5 10× 8× 3

σB

3 dB {M2,M3,M4,M1,M5} {M2,M4,M3,M1,M5} {M2,M4,M3,M1,M5}
6 dB {M3,M2,M4,M1,M5} {M3,M4,M2,M1,M5} {M3,M4,M2,M1,M5}
12 dB {M3,M4,M2,M1,M5} {M3,M4,M2,M1,M5} {M3,M4,M2,M1,M5}

Var. z
Dimensions xmax × ymax × zmax (m3)

3.5× 2.5× 2.5 5× 4× 2.5 10× 8× 3

σB

3 dB {M4,M3,M2,M1,M5} {M3,M2,M4,M1,M5} {M2,M3,M4,M1,M5}
6 dB {M3,M4,M2,M1,M5} {M3,M4,M2,M1,M5} {M3,M4,M2,M1,M5}
12 dB {M3,M4,M1,M2,M5} {M3,M4,M1,M2,M5} {M3,M4,M1,M2,M5}
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The environment used to generate the results presented in this subsection
has been chosen because of its similarity with a real environment as well as
that it offers some characteristics that can be observed in different simula-
tion environments altogether in a single virtual indoor space and that are
presented in this subsection. We will begin by presenting the general results
in table 6.9. The results presented in this subsection are obtained using the
Nelder-Mead algorithm but simulations have also been conducted using the
Sequential Quadratic Programming (SQP) algorithm with similar results.
With the implementation of the methods used, some characteristics arise. If
we take the general example of a 5× 4× 2.5 m3 room with 6 dB of shadow
fading (rather obstructed), we can see the behaviour shown graphically in
figure 6.4. The characteristics are described below:

• It is possible to combine the least squares and the log likelihood ap-
proaches to obtain an approach that often provides less variance at
the expense of higher bias, as method 3 shows.

• It is possible to combine the least squares and the log likelihood ap-
proaches to obtain an approach that often provides less bias at the
expense of higher variance, as method 5 shows.

• It is possible to combine the least squares and the log likelihood ap-
proaches to obtain an approach that provides a balanced bias and
often less or approximately equal variance than the initial approaches,
as method 4 shows.

• It is possible to find combinations of least square and log likelihood
that collaborate to obtain more balanced results in indoor areas.

Besides the points stated above, an important feature is that the meth-
ods on which the rest are based behave differently depending on whether
the target node position is close to the anchor nodes or further, or whether
the target node position is close to the limits of the indoor space. More-
over, whereas one of the basic methods presents better bias, the alternative
method presents better variance, which enables us to merge these character-
istics into balanced methods. All these effects can be observed in figure 6.4.
The results are obtained averaging 150 realizations of the random variable
that models the shadow fading for each of the position described in table 6.5.
Thus, it possible to generate a three dimensional virtual map that shows the
appropriate method for a desired property, bias or variance, in a desired sub-
space of the indoor environment. An example of such a three dimensional
virtual map is presented in figure 6.5 for the bias of x in a 3.5 × 2.5 × 2.5
m3 room at 6 dB of shadow fading standard deviation.
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Table 6.9: Values of the bias and the variance measured in the simulation environment of
the different methods under study expressed in relative form (%) with reference to the max-
imum dimension (length, width, height) of the indoor space. The values {v1, v2, v3, v4, v5}
correspond, respectively to methods 1 to 5.

Bias x
Dimensions xmax × ymax × zmax (m3)

3.5× 2.5× 2.5 5× 4× 2.5 10× 8× 3

σB

3 dB {4.41, 3.83, 4.02, 3.67, 3.69} {4.32, 3.49, 3.96, 3.50, 3.49} {3.76, 3.13, 3.21, 2.92, 2.87}

6 dB {5.54, 5.07, 6.33, 5.12, 4.71} {5.02, 4.15, 5.78, 4.36, 3.99} {3.79, 3.20, 4.18, 3.39, 3.10}

12 dB {9.22, 10.2, 11.9, 9.68, 8.97} {8.19, 8.89, 11.3, 8.53, 8.06} {6.44, 6.76, 8.79, 6.54, 6.43}

Bias y
Dimensions xmax × ymax × zmax (m3)

3.5× 2.5× 2.5 5× 4× 2.5 10× 8× 3

σB

3 dB {6.25, 7.12, 6.86, 6.62, 6.15} {4.98, 5.54, 5.40, 5.24, 4.74} {3.95, 4.12, 4.20, 4.02, 3.65}

6 dB {11.3, 11.8, 12.3, 11.5, 11.0} {8.80, 9.55, 10.0, 9.12, 8.58} {6.89, 7.94, 8.39, 7.39, 6.91}

12 dB {17.4, 17.9, 18.8, 17.7, 17.0} {15.8, 16.7, 17.5, 16.3, 15.8} {13.8, 14.3, 15.3, 14.0, 14.3}

Bias z
Dimensions xmax × ymax × zmax (m3)

3.5× 2.5× 2.5 5× 4× 2.5 10× 8× 3

σB

3 dB {4.60, 4.73, 4.99, 4.59, 4.24} {7.35, 7.77, 7.70, 7.56, 7.06} {15.2, 15.7, 15.4, 15.4, 15.0}

6 dB {7.74, 8.37, 8.86, 8.02, 7.48} {12.7, 13.4, 13.5, 13.1, 12.7} {20.0, 20.4, 20.6, 20.2, 20.0}

12 dB {12.9, 13.3, 14.3, 13.1, 12.6} {17.3, 17.2, 17.8, 17.2, 17.1} {22.6, 22.6, 22.8, 22.6, 22.6}

Var. x
Dimensions xmax × ymax × zmax (m3)

3.5× 2.5× 2.5 5× 4× 2.5 10× 8× 3

σB

3 dB {4.92, 3.52, 3.67, 3.77, 4.20} {6.73, 4.86, 5.17, 5.19, 5.83} {12.7, 8.55, 9.47, 9.36, 10.3}

6 dB {10.5, 11.5, 9.14, 10.3, 11.2} {13.9, 15.6, 12.5, 13.7, 15.0} {24.4, 28.1, 23.1, 23.8, 24.9}

12 dB {27.0, 29.1, 22.0, 26.4, 28.8} {35.6, 40.5, 30.4, 35.1, 38.1} {66.6, 78.8, 60.3, 65.8, 67.7}

Var. y
Dimensions xmax × ymax × zmax (m3)

3.5× 2.5× 2.5 5× 4× 2.5 10× 8× 3

σB

3 dB {8.00, 6.73, 7.03, 7.14, 7.86} {8.11, 7.21, 7.44, 7.44, 8.23} {11.4, 10.8, 10.8, 10.8, 12.1}

6 dB {18.8, 17.2, 15.8, 17.4, 19.9} {20.9, 19.3, 17.9, 19.4, 23.1} {35.2, 33.3, 30.3, 32.5, 41.0}

12 dB {29.3, 29.2, 23.6, 28.2, 33.1} {40.0, 38.1, 31.5, 36.8, 45.6} {76.7, 68.8, 59.4, 66.8, 89.0}

Var. z
Dimensions xmax × ymax × zmax (m3)

3.5× 2.5× 2.5 5× 4× 2.5 10× 8× 3

σB

3 dB {5.05, 4.59, 4.59, 4.60, 5.00} {10.8, 9.96, 10.0, 10.1, 11.0} {32.3, 28.5, 29.8, 29.8, 32.9}

6 dB {13.5, 13.7, 12.0, 13.1, 14.4} {23.3, 22.6, 21.2, 22.3, 24.7} {43.8, 41.4, 39.8, 41.2, 46.1}

12 dB {27.8, 27.8, 22.9, 26.6, 29.7} {34.7, 35.0, 30.3, 33.4, 37.8} {51.2, 52.5, 45.8, 49.2, 56.2}
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Figure 6.4: Relative error and variance of the coordinates (x, y, z) of the target node
averaged for all the node locations considered in the simulation in a 5× 4× 2.5 m3 room
at 6 dB of shadow fading standard deviation. The errors are expressed in absolute value,
but in the process of calculation of the error both negative and positive biases have been
considered.
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Figure 6.5: Three dimensional virtual map of a 3.5 × 2.5 × 2.5 m3 room at 6 dB of
shadow fading standard deviation showing the best method for each subspace of the indoor
environment concerning the bias of x. The thicker points represent the anchor nodes
whereas the best method is written next to each indoor position.
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Chapter 7

Conclusions

This section summarized the results obtained throughout the work. It also
provides areas of research that could be of interest in the future.

7.1 Conclusions of the Work

The results that this work yields show that it is possible to mathematically
combine classical estimation approaches, specifically least squares and log-
normal function maximization, in order to statistically improve the overall
bias and variance of localization methods. Both the bias and the variance
have been improved for the implementations of the localization algorithms
described in this work.

The experimental and simulation results show that the localization ap-
proaches based on RSS in indoor spaces are very subject to shadow fading
effects. This is a serious drawback when the shadow fading is comparable to
the differences among the various path losses for each anchor node, which
is the situation in small indoor spaces. The reason for this negative effects
is the high variance rather than the bias. Results show that it is feasible
to obtain acceptable relative values of bias with the adequate conditions.
However, the variance in small indoor spaces will lead to inaccurate results,
despite the acceptable bias. The orientation of the antenna is also of great
importance and having omnidirectional patterns is essential for the perfor-
mance.

This work shows that the traditional approaches of least squares and log-
likelihood maximization can be tuned in order to focus on good performance
regarding a specific aspect, bias or variance, of a specific dimension. x,
y, or z. The results can yield improvements in algorithms that use these
approaches, which can benefit from this concept and improve their accuracy.

The implementation of all algorithms can be done in various ways using
different numerical approaches. There is a variety of techniques that can
be applied in order to numerically and statistically design alternatively the
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algorithms described throughout this thesis, which may have an effect on
their accuracy.

7.2 Future Work

Concerning very small indoor spaces, RSS shows high sensitivity to shadow
fading and hence AOA, TOA or techniques based on interference analysis
offer better accuracy in this context. However, these techniques generally
involve high costs and complexity in comparison with RSS techniques. The
study of algorithms to improve and cheapen the existing AOA/TOA or
interference based techniques in order to apply them to indoor localization
or even to combine them with RSS techniques is of interest.

Moreover, the research on harvesters show promise in the field of WSNs,
since this would significantly reduce the nuisance of changing batteries in a
smart home environment. Thus, the development of harvesters adapted to
smart home environments is a useful area of research. In this regard, great
progress can be achieved in the fields of electronics and chemistry through
the design of omnidirectional antennas and of efficient power supply sources
or harvesters. The use of novel fast distributed techniques for estimation
and detection seems an important area to explore [117].
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